
https://www.sensorsportal.com/HTML/DIGEST/Guides_for_Authors.htm


  
SSeennssoorrss  &&  TTrraannssdduucceerrss  

  
  

IInntteerrnnaattiioonnaall  OOffffiicciiaall  OOppeenn  AAcccceessss  JJoouurrnnaall  ooff  tthhee  
IInntteerrnnaattiioonnaall  FFrreeqquueennccyy  SSeennssoorr  AAssssoocciiaattiioonn  ((IIFFSSAA))  

DDeevvootteedd  ttoo  RReesseeaarrcchh  aanndd  DDeevveellooppmmeenntt    
ooff  SSeennssoorrss  aanndd  TTrraannssdduucceerrss  

  
  

VVoolluummee  225522,,  IIssssuuee  55,,  OOccttoobbeerr  22002211  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
Editor-in-Chief 
Prof., Dr. Sergey Y. YURISH 
 
 
 
 
 
 
 
 
 

 

 
 

IFSA Publishing: Barcelona    Toronto 

https://www.sensorsportal.com/


Sensors & Transducers is an open access journal which means that all content (article by article) is freely 
available without charge to the user or his/her institution. Users are allowed to read, download, copy, distribute, 
print, search, or link to the full texts of the articles, or use them for any other lawful purpose, without asking 
prior permission from the publisher or the author. This is in accordance with the BOAI definition of open 
access. Authors who publish articles in Sensors & Transducers journal retain the copyrights of their articles. The 
Sensors & Transducers journal operates under the Creative Commons License CC-BY. 
 
Notice: No responsibility is assumed by the Publisher for any injury and/or damage to persons or property as a 
matter of products liability, negligence or otherwise, or from any use or operation of any methods, products, 
instructions or ideas contained in the material herein. 
 
Published by International Frequency Sensor Association (IFSA) Publishing. Printed in the USA. 
 

 



  
  

SSeennssoorrss  &&  TTrraannssdduucceerrss  
  

  

Volume 252, Issue 5 
October 2021 www.sensorsportal.com  

e-ISSN 1726-5479  
 ISSN 2306-8515

 

Editors-in-Chief: Professor, Dr. Sergey Y. Yurish, tel.: +34 696067716, e-mail: editor@sensorsportal.com 
 

Editors for Western Europe 
Meijer, Gerard C.M., Delft Univ. of Technology, The Netherlands 
Ferrari, Vittorio, Universitá di Brescia, Italy 
Mescheder, Ulrich, Univ. of Applied Sciences, Furtwangen, Germany 
 

Editor for Eastern Europe 
Sachenko, Anatoly, Ternopil National Economic University, Ukraine 
 

Editors for North America 
Katz, Evgeny, Clarkson University, USA 
Datskos, Panos G., Oak Ridge National Laboratory, USA 
Fabien, J. Josse, Marquette University, USA 
 

Editor for Africa 
Maki K., Habib, American University in Cairo, Egypt 

Editors South America 
Costa-Felix, Rodrigo, Inmetro, Brazil 
Walsoe de Reca, Noemi Elisabeth, CINSO-CITEDEF 
UNIDEF (MINDEF-CONICET), Argentina 
 
Editors for Asia 
Ohyama, Shinji, Tokyo Institute of Technology, Japan 
Zhengbing, Hu, Huazhong Univ. of Science and Technol., China 
Li, Gongfa, Wuhan Univ. of Science and Technology, China 
 
Editor for Asia-Pacific 
Mukhopadhyay, Subhas, Massey University, New Zealand 
 
 

 

International Advisory Board 
 

Abdul Rahim, Ruzairi, Universiti Teknologi, Malaysia 
Abramchuk, George, Measur. Tech. & Advanced Applications, Canada 
Aluri, Geetha S., Globalfoundries, USA 
Ascoli, Giorgio, George Mason University, USA 
Atalay, Selcuk, Inonu University, Turkey 
Atghiaee, Ahmad, University of Tehran, Iran 
Augutis, Vygantas, Kaunas University of Technology, Lithuania 
Ayesh, Aladdin, De Montfort University, UK 
Baliga, Shankar, B., Laser Components DG, Inc., USA 
Barlingay, Ravindra, Larsen & Toubro - Technology Services, India 
Basu, Sukumar, Jadavpur University, India 
Bousbia-Salah, Mounir, University of Annaba, Algeria 
Bouvet, Marcel, University of Burgundy, France 
Campanella, Luigi, University La Sapienza, Italy 
Carvalho, Vitor, Minho University, Portugal 
Changhai, Ru, Harbin Engineering University, China 
Chen, Wei, Hefei University of Technology, China 
Cheng-Ta, Chiang, National Chia-Yi University, Taiwan 
Cherstvy, Andrey, University of Potsdam, Germany 
Chung, Wen-Yaw, Chung Yuan Christian University, Taiwan 
Cortes, Camilo A., Universidad Nacional de Colombia, Colombia 
D'Amico, Arnaldo, Università di Tor Vergata, Italy 
De Stefano, Luca, Institute for Microelectronics and Microsystem, Italy 
Ding, Jianning, Changzhou University, China 
Djordjevich, Alexandar, City University of Hong Kong, Hong Kong 
Donato, Nicola, University of Messina, Italy 
Dong, Feng, Tianjin University, China 
Erkmen, Aydan M., Middle East Technical University, Turkey 
Fezari, Mohamed, Badji Mokhtar Annaba University, Algeria 
Gaura, Elena, Coventry University, UK 
Gole, James, Georgia Institute of Technology, USA 
Gong, Hao, National University of Singapore, Singapore 
Gonzalez de la Rosa, Juan Jose, University of Cadiz, Spain 
Goswami, Amarjyoti, Kaziranga University, India 
Guillet, Bruno, University of Caen, France 
Hadjiloucas, Sillas, The University of Reading, UK 
Hao, Shiying, Michigan State University, USA 
Hui, David, University of New Orleans, USA 
Jaffrezic-Renault, Nicole, Claude Bernard University Lyon 1, France 
Jamil, Mohammad, Qatar University, Qatar 
Kaniusas, Eugenijus, Vienna University of Technology, Austria 
Kim, Min Young, Kyungpook National University, Korea 
Kumar, Arun, University of Delaware, USA 
Lay-Ekuakille, Aime, University of Lecce, Italy 
Li, Fengyuan, HARMAN International, USA 
Li, Jingsong, Anhui University, China 
Li, Si, GE Global Research Center, USA 
Lin, Paul, Cleveland State University, USA 
Liu, Aihua, Chinese Academy of Sciences, China 
Liu, Chenglian, Long Yan University, China 
Liu, Fei, City College of New York, USA 
Mahadi, Muhammad, University Tun Hussein Onn Malaysia, Malaysia 
Mansor, Muhammad Naufal, University Malaysia Perlis, Malaysia 

Marquez, Alfredo, Centro de Investigacion en Materiales Avanzados, Mexico
Mishra, Vivekanand, National Institute of Technology, India 
Moghavvemi, Mahmoud, University of Malaya, Malaysia 
Morello, Rosario, University "Mediterranea" of Reggio Calabria, Italy 
Mulla, Imtiaz Sirajuddin, National Chemical Laboratory, Pune, India 
Nabok, Aleksey, Sheffield Hallam University, UK 
Neshkova, Milka, Bulgarian Academy of Sciences, Bulgaria 
Pal, Jitendra, Carnegie Mellon University, USA 
Passaro, Vittorio M. N., Politecnico di Bari, Italy 
Patil, Devidas Ramrao, R. L. College, Parola, India 
Penza, Michele, ENEA, Italy 
Pereira, Jose Miguel, Instituto Politecnico de Setebal, Portugal 
Pillarisetti, Anand, Sensata Technologies Inc, USA 
Pogacnik, Lea, University of Ljubljana, Slovenia 
Pullini, Daniele, Centro Ricerche FIAT, Italy 
Qiu, Liang, Avago Technologies, USA 
Reig, Candid, University of Valencia, Spain 
Restivo, Maria Teresa, University of Porto, Portugal 
Rodríguez Martínez, Angel, Universidad Politécnica de Cataluña, Spain 
Sadana, Ajit, University of Mississippi, USA 
Sadeghian Marnani, Hamed, TU Delft, The Netherlands 
Sapozhnikova, Ksenia, D. I. Mendeleyev Institute for Metrology, Russia 
Singhal, Subodh Kumar, National Physical Laboratory, India 
Shah, Kriyang, La Trobe University, Australia 
Shi, Wendian, California Institute of Technology, USA 
Shmaliy, Yuriy, Guanajuato University, Mexico 
Song, Xu, An Yang Normal University, China 
Srivastava, Arvind K., Systron Donner Inertial, USA 
Stefanescu, Dan Mihai, Romanian Measurement Society, Romania 
Sumriddetchkajorn, Sarun, Nat. Electr. & Comp. Tech. Center, Thailand 
Sun, Zhiqiang, Central South University, China 
Sysoev, Victor, Saratov State Technical University, Russia 
Thirunavukkarasu, I., Manipal University Karnataka, India 
Thomas, Sadiq, Heriot Watt University, Edinburgh, UK 
Tian, Lei, Xidian University, China 
Tianxing, Chu, Research Center for Surveying & Mapping, Beijing, China 
Vanga, Kumar L., ePack, Inc., USA 
Vazquez, Carmen, Universidad Carlos III Madrid, Spain 
Wang, Jiangping, Xian Shiyou University, China 
Wang, Peng, Qualcomm Technologies, USA 
Wang, Zongbo, University of Kansas, USA 
Xu, Han, Measurement Specialties, Inc., USA 
Xu, Weihe, Brookhaven National Lab, USA 
Xue, Ning, Agiltron, Inc., USA 
Yang, Dongfang, National Research Council, Canada 
Yang, Shuang-Hua, Loughborough University, UK 
Yaping Dan, Harvard University, USA 
Yue, Xiao-Guang, Shanxi University of Chinese Traditional Medicine, China 
Xiao-Guang, Yue, Wuhan University of Technology, China 
Zakaria, Zulkarnay, University Malaysia Perlis, Malaysia 
Zhang, Weiping, Shanghai Jiao Tong University, China 
Zhang, Wenming, Shanghai Jiao Tong University, China 
Zhang, Yudong, Nanjing Normal University China 
 

Sensors & Transducers journal is an open access, peer review international journal published monthly by International Frequency Sensor Association (IFSA).  
Available in both: print and electronic (printable pdf) formats. 

https://www.sensorsportal.com/HTML/DIGEST/Guides_for_Authors.htm


 

  SSeennssoorrss  &&  TTrraannssdduucceerrss  JJoouurrnnaall  

  

CCoonntteennttss  
  

Volume 252 
Issue 5 
October 2021 

www.sensorsportal.com  ISSN 2306-8515
e-ISSN 1726-5479 

 
Research Articles 

 
Dynamic Verification of a Static Calibrated 3-Axis Accelerometer  
Using a Slider-Crank Mechanismand the Method of Variable Projection 
M. Rollett, E. Theussl, E. Lang and P. O’Leary .................................................................. 1 
  
Digital Magnetometer Based on Giant Magneto Impedance Effect:  
a Feasibility Study 
Papa Silly Traore and Mamaye Inès Correa  ...................................................................... 12 
  
Modified Ultrasonic Liquid Level Transducer Using Wave Intensity  
as the Informative Parameter 
Haraprasad Mandal, Madhuchhanda Mitra and Satish Chandra Bera ............................... 19 
  
Systematic Failure Detection and Correctionin Environmental  
Monitoring Systems 
Gonçalo de Jesus, Anabela Oliveira and António Casimiro ............................................... 28 
  
Simulation and Measurement of Comfort Related Microclimate 
Michael Kurz, Christoph Russ and Bernhard Kurz ............................................................. 35 
  
Deep Learning-Based Detection of Abnormal Respiration Based  
on Abdominal 3D Shape Dynamically Measured by Moiré Topography 
Yuki Mochizuki and Norio Tagawa ...................................................................................... 42 
  
Regressing Relative Fine-Grained Change for Sub-Groups in Unreliable 
Heterogeneous Data Through Deep Multi-Task Metric Learning 
Niall O’ Mahony, Sean Campbell, Lenka Krpalkova, Joseph Walsh and Daniel Riordan .. 50 
  
Home Monitoring of Vital Parameters Using Intelligent Sensor  
and Storage Networks 
Ulrich H. P. Fischer, Jens-Uwe Just and Fabian Theuerkauf ............................................. 58 
  
Turbo Coded Single User Massive MIMO 
K. Vasudevan, A. Phani Kumar Reddy, Gyanesh Kumar Pathak  
and Mahmoud Albreem ....................................................................................................... 65 
  

 
 
 
 
 
 
 
 
 
 

Authors are encouraged to submit article in MS Word (doc) and Acrobat (pdf) formats  
by e-mail: editor@sensorsportal.com. Please visit journal’s webpage with preparation instructions: 

http://www.sensorsportal.com/HTML/DIGEST/Submition.htm 
 
International Frequency Sensor Association (IFSA). 

https://www.sensorsportal.com/


Sensors & Transducers, Vol. 252, Issue 5, October 2021, pp. 1-11 

 1

 
Sensors & Transducers

Published by IFSA Publishing, S. L., 2021 
http://www.sensorsportal.com

 
 
 
 
 

Dynamic Verification of a Static Calibrated 3-Axis 
Accelerometer Using a Slider-Crank Mechanism 

and the Method of Variable Projection 
 

M. ROLLETT, E. THEUSSL, E. LANG and P. O’LEARY 
University of Leoben, Chair of Automation, Peter Tunner Strasse 25, 8700 Leoben, Austria 

Tel.: +43 3842 402 5301, fax: +43 3842 402 5302 
E-mail: automation@unileoben.ac.at 

 
 

Received: 30 July 2021   /Accepted: 28 September 2021   /Published: 31 October 2021 
 
 
Abstract: This paper presents a new method of calibration for a 3-axis MEMS accelerometer and its dynamic 
verification. The new combination of calibration and dynamic verification ensures the correct calculation of the 
displacement and velocity from the measured accelerations of systems with significant motion. The nine 
parameters required for complete calibration of the accelerometer are obtained using the non-linear optimisation, 
whereby the method of variable projection (VPM) is used to implement the optimisation. The dynamic verification 
is performed on a test bed corresponding to a slider-crank mechanism. Principal component analysis is used to 
correct for possible rotations of the sensor, relative to the linear motion. The results presented in this paper 
demonstrate the correct functionality of the calibration and verification procedures. 
 
Keywords: Calibration, Variable projection method, Non-linear optimisation, Dynamic verification,  
MEMS accelerometer. 
 
 
1. Introduction 

 
This article is an extension to the introduced 

dynamic verification using a slider-crank type test 
stand of a statically calibrated sensor system based on 
a MEMS accelerometer [1]. This paper addresses the 
issue of ensuring that the calibration procedure  
of 3-axis MEMS accelerometers introduced in [2] 
yield accurate measurements of dynamic systems with 
significant motion. The 3-axis accelerometer sensing 
element is part of a newly developed sensor module 
providing significant computational power and a 
wireless interface. The calibration procedure 
presented in [2] calibrates for misalignments of the 
sensing element within the sensor module as well as 
for gain and offset. This is important with equipment, 
where there is significant motion of relatively low 
frequency (1Hz	– 	12Hz). In numerous industrial 
applications it is necessary to compute accurate 

displacements and velocities from the measured 
acceleration, e.g., a rod and piston type system [3] or 
vibrational sieves [2]. Consequently, it is necessary to 
verify that the accelerometers correctly measure the 
dominant signal component and its harmonics; for this 
reason, this article investigates whether or a not a static 
calibration is sufficient in dynamic low frequency 
application of significant motion by verification using 
a slider-crank type test stand. However, a piston type 
system has a non-linear relationship between the 
rotation that creates the significant motion and the 
acceleration of the slider itself. 

In this article we present two methods to verify the 
sensor calibration: 

1. A frequency response test using a model for the 
acceleration of the slider-crank mechanism serving as 
a reference. 

2. A geometrically constraint method using the 
constant radius of the crank serving as reference for a 

http://www.sensorsportal.com/HTML/DIGEST/P_3228.htm
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piston model. This allows to compare the model radius 
and the recalculated radius from the determined 
acceleration via integration. 

Most commonly, 3-axis MEMS sensors are 
statically calibrated using multiple orientations [4, 5]; 
however, dynamic verification is rarely performed. 
D’Emilia, et al. [6] present a dynamic calibration. 
Although, there is a linear relationship between the 
initiating motion and the measured acceleration. This 
case does not require the verification of the correct 
measurement of additional harmonics. This contrasts 
with the test-stand presented in this work which 
generates additional harmonics. 

The main contributions of this paper are:  
1. A calibration process, which uses the method of 

variable projection [7, 8] to implement the calculation 
of the calibration coefficients. This ensures a more 
precise calibration, while being numerically stable  
and efficient. 

2. A test stand corresponding to a slider-crank 
system - a mechanism commonly used in industry - for 
verifying the static calibration. This creates a non-
linear relationship between the initiating rotation and 
the ensuing accelerations.  

3. Verification calculations, which show that the 
calibration is accurate within the error bounds of the 
mechanical test stand.  
 
 

2. Static Calibration 
 

In this article a static calibration of a 3-axis MEMS 
accelerometer is presented by modelling the most 
significant sources of errors. 

The first source of measurement errors considered 
in the presented method is due to assembly tolerances 
and inaccuracies of the sensing element. These occur 
during the placement of the MEMS-element on the 
sensor systems printed circuit board (PCB), see Fig. 1. 

 
 

 
 

Fig. 1. Orientation of the sensor chip within the module 
housing. Due to assembly tolerances the MEMS-chip can 

be rotated wrt. the module housing axes. 
 
 

In more detail, the exact source of the error is a 
misalignment of the sensing axes within a sensor 
module and the fixing surface of the sensor modules 
housing, see Fig. 2 (left). This step of the calibration 
determines a coordinate transformation between the 
axes of the sensing element within the sensor housing 
and the contact surface of the sensor module itself. 
This is important since the contact surface defines the 
coordinate system for the acquired acceleration data 
wrt. machine where the sensor is mounted.  

In addition, a bias (offset) and gain are used to 
model errors which occur due to tolerances of 
electronic circuit and sensing element tolerances. 

 
 

 
 

Fig. 2. Left: The orientation of the acceleration sensing element axes within in the module wrt. the aluminium base plate. 
Right: 6 orthogonal orientation positions for calibration of the 3-axis accelerometer. At each orientation an axis (labelled 
as: -z, -y, -x, +z, +y, +x) pointed towards the earth gravitational centre. As surface, a levelled Granit stone is used. A 
precision water level was used to level the surface. The stone was encapsulated from the vibrating environment with speaker 
dampers. 1-2-3 blocks were used to hold the sensor in the necessary positions. 

 
 

 
2.1. Calibration Model 

 

In this article a 10 degree-of-freedom (DOF) 
sensor is used; 3-axis acceleration, 3-axis gyroscope, 
3-axis magnetic field and temperature. Nevertheless, 
this article is about calibration of the 3-axis 
acceleration sensor; A calibration model for this 

sensor system was already introduced in [1, 2]. For the 
sake of completeness, it is added in this article. 

For the 3-axis accelerometer in Fig. 2, a 9 DOF 
model has been chosen to model three independent 
offsets (bias) errors, three gains and three angles for 
each axis respectively.  

With regard to the calibration model, a 
measurement ࢓ is defined as 
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࢓ = ൥ݔ௠ݕ௠ݖ௠൩, (1) 

 
consisting of individual measurement samples in the 
x-, y- and z-axis. The calibrated measurements 
ࢉ࢓  = ൥ݔ௖ݕ௖ݖ௖൩, (2) 

 
are calculated by applying the calibration model 
defined as 
௖࢓  = +࢓௠ࡾࡳ  (3) ࢉ

 
The misalignment of the sensor is modelled as a 

rotation matrix ࡾ൫߶௫, ߶௬, ߶௭൯ defined as 
,൫߶௫ࡾ  ߶௬, ߶௭൯ =  ௫ሺ߶௫ሻ, (4)ࡾ௬൫߶௬൯ࡾ௭ሺ߶௭ሻࡾ

 
which is composed of three rotation matrices in the 3D 
space. The individual rotation matrices considering 
three angles ߶௫, ߶௬, ߶௭, are calculated by 
௭ሺ߶௭ሻࡾ  = ൥cos߶௭ −sin߶௭ 0sin߶௭ cos߶௭ 00 0 1൩, (5) 

 

௬൫߶௬൯ࡾ = ቎ cos߶௬ 0 sin߶௬0 1 0−sin߶௬ 0 cos߶௬቏	and (6) 

 

௫ሺ߶௫ሻࡾ = ቎1 0 00 cos߶௫ −sin߶௫0 sin߶௫ cos߶௬ ቏ (7) 

 
The goal of the rotation is, to ensure, that the 

orientation of the MEMS sensor axis (Fig. 1) is aligned 
with the aluminium mounting base coordinate axes 
(Fig. 2, left) of the sensor housing. This then defines 
the aluminium base as the reference coordinate system 
of the sensor module. Due to manufacturing tolerances 
of electronic parts, the data of such a sensor system is 
also affected by a gain ࡳ and an offset ࢉ in each axis. 
Since the gain is independent for each axis, it can be 
defined as a 3 × 3 diagonal matrix, 
 

ࡳ = ቎݃௫ 0 00 ݃௬ 00 0 ݃௭቏ (8) 

 
The offset is defined as a 3 × 1 vector, 

ࢉ = ൥ܿ௫ܿ௬ܿ௭൩ (9) 

 
To summarize the introduced parameters being 

calculated for calibration are the rotation in each axis ߶௫, ߶௬, and ߶௭, as well as the parameters for the gain ݃௫, ݃௬ and ݃௭ and the offset ܿ௫, ܿ௬	and ܿ௭. 
To make it clear that this non-linear problem can 

be separated into a linear and a non-linear problem 
Eqn. (3) can be reformulated by augmentation. 

Augmenting a measurement ࢓ yields a vector ࢓௔ 
defined as, 
 

௔࢓ = ቎ݔ௠ݕ௠ݖ௠1 ቏ (10) 

 
In the same manner, the rotation matrices are 

augmented to satisfy the dimensions. It is defined by 
the augmented rotation matrix ࡾ௔ as a 3 × 4 matrix 
 

 
The augmented calibration model can now be 

written as, 
 

௖࢓ = ቎݃௫ 0 0 ܿ௫0 ݃௬ 0 ܿ௬0 0 ݃௭ ܿ௭቏ ێێۏ
,௔൫߶௫ࡾۍێ ߶௬, ߶௭൯ۑۑے

ېۑ ቎ݔ௠ݕ௠ݖ௠1 ቏ 
   

                   linear         non-linear in ߶ 

(12) 

 

 
The solution to calculate a calibrated measurement 

has now become a formulation of separable variables 
[9], since the problem is split-up into a linear and non-
linear portion. First, the non-linear part is applied on 
the augmented measurements ݉௔ by a rotation ࡾ௔൫߶௫, ߶௬, ߶௭൯, where ߶௫, ߶௬, and ߶௭ are common to 
all three axes. Second, the linear part contains now 
only the linear parameters in ࡳ and ࢉ of each  
axis respectively. 

By continuing from Eqn. (12) the calibration 
model can be further simplified for a computationally 
optimized solution. Applying the rotation 

,௔൫߶௫ࡾ ߶௬, ϕ௭൯ = 

(11)

= ൦ ௭ሺ߶௭ሻࡾ0 000 0 0 1൪ 
൦ ௬൫߶௬൯ࡾ0 000 0 0 1൪	൦

௫ሺ߶௫ሻࡾ0 000 0 0 1൪ 



Sensors & Transducers, Vol. 252, Issue 5, October 2021, pp. 1-11 

 4

,௔൫߶௫ࡾ ߶௬, ߶௭൯ on ࢓௔ yields the rotated 
measurements ࢓௥: 
 

௥࢓ = ቎ݔ௥ݕ௥ݖ௥1 ቏ 	= ێێۏ
,௔൫߶௫ࡾۍێ ߶௬, ߶௭൯ۑۑے

ېۑ ቎ݔ௠ݕ௠ݖ௠1 ቏ (13) 

 
Substitute Eqn. (13) in Eqn. (12) yields the  

forward problem  
ࢉ࢓  = 	 ൥ݔ௖yୡzୡ൩ = ቎݃௫ 0 0 ܿ௫0 ݃௬ 0 ܿ௬0 0 ݃௭ ܿ௭቏ ቎

௥1ݖ௥ݕ௥ݔ ቏, (14) 

 
which has now become a purely linear problem for a 
stationary angle ߶௫, ߶௬	and ߶௭. In order to calculate 
calibrated measurements, the equation can be 
reformulated accordingly to Graßmann duality [10], 
which results into 
 

൥xୡyୡzୡ൩ = ൥ݔ௥ 1 0 0 0 00 0 ௥ݕ 1 0 00 0 0 0 ௥ݖ 1൩ ێێۏ
ۍێێ
݃௫ܿ௫݃௬ܿ௬݃௭ݕ௭ ۑۑے
 (15) ېۑۑ

 
Further, as the structure of this matrix equation 

suggests, the unknown parameters are independent 
from each other. This allows to extract separate 
equations for ݔ௖, ݕ௖ and ݖ௖ as follows 
 xୡ = ሾݔ௥ 1ሿ ቂ݃௫ܿ௫ ቃ, (16) 

௖ݕ  	= 	 ሾݕ௥ 1ሿ ቂ݃௬ܿ௬ ቃ, (17) 

௖ݖ  = 	 ሾݖ௥ 1ሿ ቂ݃௭ܿ௭ ቃ (18) 

 
The extraction allows a numerically efficient way 

of solving for calibrated measurements, since the nine-
dimensional problem is reduced to three equations in 
two dimensions. 
 
 
3. Determination of the Calibration 

Parameters 
 

A static calibration method was used to determine 
the unknown parameters. However, within the 
calibration process, in each measurement, the sensor 
aluminium base was orientated with a different lateral 
face towards the centre of gravity. This ensures all 
lateral faces have been pointed once towards the centre 
of gravity. It results into six independent 
measurements, each yielding the respective 
acceleration for the x-, y- and z- axis. The right-hand 

side of Fig. 2 shows the orientation of the sensor 
during the static measurements for the calibration. The 
letter in each sub-photograph states which axis pointed 
towards the centre of gravity while acquiring the data.  
 
 
3.1. Defining the Cost Function 
 

The calibration model presented in Eqn. (3) is the 
basis to formulate a model ࡭ considering all six 
measurements from the static calibration, yielding 
࡭  = +ࡹࡾࡳ  (19) ,࡯
 
where ࡹ is defined by the mean values ̅ݔ୫,ଵ ,୫,଺ݔ̅	… ത୫,ଵݕ ୫̅,ଵݖ	and	ത୫,଺ݕ	…  ୫̅,଺ from eachݖ	…
measurement of n samples of each axis. This is 
summarized in a 3 × 6 matrix ࡹ: 

Data merged according to the sensor’s orientation 
in Fig. 2: 
 

     -x         x        -y         y         -z          z ࡹ == ቎ഥ࢞ܕ,૚ ഥ࢞ܕ,૛ ഥ࢞ܕ,૜ഥ࢟ܕ,૚ ഥ࢟ܕ,૛ ഥ࢟ܕ,૜ࢠതܕ,૚ ૛,ܕതࢠ ૜,ܕതࢠ ഥ࢞ܕ,૝ ഥ࢞ܕ,૞ ഥ࢞࢓,૟ഥ࢟ܕ,૝ ૞,ܕ࢟ ഥ࢟ܕ,૟ࢠതܕ,૝ ૞,ܕതࢠ ૟቏ (20),ܕതࢠ

 
The matrix ࡭, defines a 3 × 6 reference matrix 

which specifies the expected acceleration due to the 
gravitational force for each orientation respectively, 
defined by ݃ = 9.81 ௠௦మ: 
࡭  = ൥−݃ ݃ 0 0 0 00 0 −݃ ݃ 0 00 0 0 0 −݃ ݃൩ (21) 

 
The signs of the entries in ࡭ correspond to the 

orientations of the lateral faces of the sensor shown in 
Fig. 2 and directly relates to the definitions in ࡹ (-x 
and x, -y and y as well as -z and z). 

The offset matrix ࡯ is defined as a 3 × 6 matrix: 
࡯  = ൥ܿ௫ ⋯ ܿ௫ܿ௬ ⋯ ܿ௬ܿ௭ ⋯ ܿ௭൩ (22) 

 
Once the calibration parameters have been 

determined, a corrected set of measurements ࡭௥ can 
then be calculated by, 
௥࡭  = +ࡹࡾࡳ  (23) ࡯
 

The cost function for the non-linear problem can 
now be defined as the Frobenius-norm from the 
residual between the ideal values in ࡭ and the 
corrected measurements in ࡭௥ 
 ࣕ൫߶௫, ߶௬, ߶௭൯ = ࢘࡭‖݊݅݉ −  F (24)‖࡭

For the computation of the calibration parameters 
in ࡯ ,ࡳ and ࡾ, Eqn. (23), Eqn. (24) is later split into a 
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linear and non-linear part by applying the method of 
separable variables. 
 
 
3.2. Computation of the Calibration 

Parameters 
 

To yield the nine calibration parameters: the 
rotation in each axis ߶௫, 	߶௬, ߶௭; the gain in each axis ݃௫, ݃௬, 	݃௭	and the offset in each axis ܿ௫, ܿ௬, ܿ௭, the 
method of separable variables is applied. Considering 
the non-linear portion due to the rotation R൫߶௫, ߶௬, ߶௭൯ for a static angle ߶௫, ߶௬, and ߶௭ applied 
on the measurement ࡹ, yields 
࢘ࡹ   = ,൫߶௫ࡾ ߶௬, ߶௭൯ (25) ࡹ 

 
To solve for the measurements ࢘ࡹ , the model in 

Eqn. (19) is reformulated as 
࡭  = ࢘ࡹࡳ	 +  (26) ࡯
 

Subtracting C from A yields 
	࡭  − ࡯	 =  (27)  ࢘ࡹࡳ

 
Eqn. (27) is a set of equations. To determine the 

linear calibration parameters, the equations in (27) 
must be considered individually. In the following, the 
way to solve for the parameters in the x-axis is 
exemplary shown. The steps from equation Eqn. (28) 
to Eqn. (38) are identical for the x-, y-axis and z-axis.  

Considering the equation for the x-axis, a rotated 
measurements ࢓୶,୰	extracted from ࡹ௥ yields, 
௫,୰࢓  = ሾ̅ݔ୫౨,ଵ ୫౨,ଶݔ̅ ⋯  ୫౨,଺ሿ் (28)ݔ̅
 

From ࡭, an ideal vector ࢇ୶ is extracted, such that 
୶ࢇ  = ሾ−݃ ݃ 0 0 0 0ሿ், (29) 

 
and from ࡯	an offset vector ࢉ୶ of the dimension 6 × 1, 
୶ࢉ  = ሾܿ௫ ܿ௫ ⋯ ܿ௫ሿ் (30) 

 
After performing the multiplication ࡹࡳ௥ the 

following equation can be formulated corresponding 
to Eqn. (27), 
୶ࢇ  − ୶ࢉ = ݃୶࢓୶,୰. (31) 
 

Dividing by the scalar value for the gain ݃௫ yields 
 ૚݃୶ ୶ࢇ − ૚݃୶ ୶ࢉ =  ୶,୰ (32)࢓

Eqn. (32) can be reformulated into its matrix-
vector form for each axis respectively which yields the 
model equation 
 

୶,୰࢓ = 	
ێێۏ
ێێێ
ۑۑے୫౨,଺ݔ୫౨,ହ̅ݔ୫౨,ସ̅ݔ୫౨,ଷ̅ݔ୫౨,ଶ̅ݔ୫౨,ଵ̅ݔ̅ۍ

ۑۑۑ
ې  =

ێێۏ
݃−ۍێێ 1݃ 10 10 10 10 ۑۑے1

ېۑۑ ێێۏ
ۍ 1݃୧− 1݃୧ ܿ୧ۑۑے

ې
 (33) 

 
Defining the basis matrix ࡮௫ as 
 

୶࡮ = ێێۏ
݃−ۍێێ 1݃ 10 10 10 10 ۑۑے1

 (34) ېۑۑ

 
and the coefficient vector હ୶ as 
 હ୶ = ൤ 1݃୶ − 1݃୶ ܿ୶൨் (35) 

 
yields, 
୶,୰࢓  =  ୶હ୶. (36)࡮
 

Solving the linear system for the calibration 
parameters in હ୶ yields, 
 હ୶ =  ୶,୰ . (37)࢓୶ା࡮

 
Here ࡮୶ା denotes the Moore-Penrose pseudo 

inverse of ࡮୶.  
For the desired coefficients હ୶, given ࢓୶,୰, the 

minimisation of the cost function wrt. ߶ yields 
 ϵ୶ሺ߶ሻ = ቚหࢇ୶,୰ −  ୶હ୶หቚଶଶ (38)࡮

 
After computing the coefficients for all axes, the 

coefficients for the gain and offset can be collated in 
the gain matrix ࡳ and the offset matrix ࡯.  
 
 
3.3. Implementation 
 

In the following the MATLAB m-code is 
presented which shows the implementation of the 
above-described algorithm. Listing 1 shows the cost-
function which is being minimized. Consequently, 
given a stationary point for ߶௫, ߶௬ and ߶௭, allows to 
independently solve for the linear parameters in ࡳ  
and ࡯. 
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Listing 1 M-code for the cost function for solving the 
linear portion of the calibration model for a 3-axis 
accelerometer. 
 

The code presented in Listing 1 is wrapped by a 
non-linear solver to minimize the cost function wrt. 
The rotation angles ߶௫, ߶௬,	߶௭ as shown in Listing 2: 
 

 
 

Listing 2 M-code wrapping the linear portion of 
Listing 1 by a non-linear solver. 
 
 

4. Dynamic Verification 
 

Most industrial application require the sensor to 
work in a dynamic setup, where the acceleration 
change over time. This contrasts with the presented 
simplified static calibration procedure. Thus, it is 
necessary to verify the new calibration method for 
measurements of dynamic motions. Therefore, a 
thoroughly verification is presented using a frequency 
response test for two independent calibrated sensors of 
significant motion. The measurement data is recorded 
at different acceleration frequencies. The method of 
identifying a periodic signal using VPM introduced in 
[8] and FFT [11] is used to determine the  
dominant acceleration amplitudes of each tested 
frequency and subsequently compared to a reference 
acceleration computed from the slider-crank model of 
the test stand.  

4.1. Test System 
 

A small test stand, based on a slider-crank 
mechanism was built, to generate a non-linear 
relationship between the rotational motion of an 
electronic motor and a linear motion of a piston, see 
Fig. 3. The nature of such a mechanical drive system 
has a defined acceleration model which allows to 
determine the exact expected acceleration at a certain 
rotational frequency. A speed controller enables the 
control of the rotational speed of a 12 V DC motor. A 
cylindric support holds the slider in lateral position 
serving as a linear support. The sensor module is fixed 
on the platform such that it can be exposed by the 
linear motion in only one direction.  

 
 

 
 

Fig. 3. Test stand. 1: speed controller; 2: motor;  
3: connecting rod; 4: supports; 5: slider; 6: sensor module 

including a 3-axis accelerometer. 
 
 

4.2. Model of the Test System 
 

The equation for the acceleration of the slider-
crank mechanism ܽሺ߮ሻ is 
 ܽሺ߮ሻ = ଶ߱ݎ ቆܿ߮ݏ݋ + ߣ 2߮ݏ݋ܿ + ସ߮ඥሺ1݊݅ݏଶߣ − ଶ߮ሻଷቇ݊݅ݏଶߣ (39) 

 
It describes the acceleration of the slider depending 

on the angle ߮ and the geometry of the test rig given 
by the connecting rod to crank ratio [3] ߣ. In Fig. 4 a 
schematic sketch of a slider-crank mechanism can be 
seen. The angular position ߮ is defined as 0° when the 
piston is at the upper dead center (UDC) and is 
increasing when rotating clockwise up to 180° until it 
reaches the outer dead center (ODC). The cycle then 
reaches 360° which corresponds to the 0° starting 
position. The connecting rod ratio ߣ = ௥௟  is defined as 

the relationship between the length ݈ of the connecting 
rod and the radius ݎ of the crank, see Fig. 4. The ratio 
affects the behaviour of the piston’s movement along 
its support.  

 
 

4.3. Data Acquisition 
 

Two sensor modules were tested using different 
acceleration sensing elements: The MPU-9250 and the 
ICM-20948. The data from the test run was recorded 

1 
2 
3 
4 
5 
6 
7 
8 
9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 

function cost = 
costCal(params,M,A) 
%% Extract the parameters 
xPhi = params(1); 
yPhi = params(2); 
zPhi = params(3); 
% Rotate the measurement data M 
R = rotz(zPhi) * roty(yPhi) * 
rotx( xPhi ); 
Mr = R*M; 
% 
% Solve the linear portion 
G = zeros(3); 
c = zeros(3,1); 
for k =1:3 
 ak = A(k,:)'; 
 D = [ak, ones(size(ak))]; 
 mr = Mr(k,:)'; 
 % 
 cfs = D \ mr; 
 % 
 G(k,k) = 1/cfs(1); 
 c(k) = - cfs(2)/cfs(1); 

end 
% Compute the corrected 
measurements 
Ar = (G * Mr + repmat(c,1,6)); 
% Compute the cost 
E = A - Ar; 
cost = norm( E, 'fro')/sqrt(18); 

1 

2 

fun = @(phis)costCal(phis, M, A); 
phis = fminsearch(fun, phisInit);
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with a sampling frequency of 2048	Hz	for one second 
resulting in ݊ = 2048 measurements in each axis. 
Both sensors have been parametrized at a sensitivity 
of 8 g. The introduced calibration algorithm has been 
directly implemented in the sensor module, hence the 
data acquired from the sensor was already calibrated. 
 
 

 
 

 
 

Fig. 4. Top: Enlarged visualization of the slider-crank 
mechanism of the test stand. Bottom: Principal sketch of a 
slider-crank mechanism. The definition of the connecting 
rod length l and the crank with the radius ࢘ are defined and 
yields the ratio ࣅ =  The upper dead centre (UDC) is .࢘࢒

defined when the drive has reached a φ of 0°, the outer dead 
centre (ODC) is reached at a φ of 180°. 

 
 

The motors revolutions per minutes were 
parametrized using a speed controller from 0 % up to 
100 %, whereby 100 % correspond theoretically to 
800 rpm. The speed controller’s parameters are used 
as a reference for ω in the model. Thus, the true slide-
crank mechanisms revolutions per minute are 
calculated using the periodic acceleration signal and a 
Fourier transformation. However, it was observed that 
a stable movement of the acceleration sensor on the 
test stand required the speed controller parametrized at 
greater 20 %. This corresponds to a minimum 
experiment frequency of ௠݂௜௡ =  .ݖܪ	2.49
 
 
4.4. Frequency Determination Using 

the Variable Projection Method 
 

A measurement of a periodic signal usually is not 
a perfectly periodic. When applying the Fast Fourier 
transformation (FFT) on such a signal, the resulting 
transformation will be subject to a Gibbs error [12]. 
The Gibbs error results in a falsified spread of the 
signals energy in the frequency domain of the Fourier 
transform. Although, it can be reduced by different 
filtering methods. A very common method is to apply 
a window to the original signal or smoothing of the 
raw data. Also trimming the data to a fully periodic 
signal by finding the zero crossings is a common 
technique for reducing the Gibbs error.  

A more sufficient method of frequency 
determination is introduced in [8], using the variable 
projection method [13, 14]. The method is based on a 
four-parameter sine wave model and is defined in the 
IEEE standards [15]. The advantage of this method is 
to determine the dominant frequency and the 
corresponding amplitude from a signal without being 
subject to Gibbs errors. It is characterized by a model 
being a linear combination of nonlinear functions. 

The four-parameter sine wave model can be 
defined as algebraic formulation, 
 ࢟௠ = ݀ + ܽ௖ cosሺω ࢚ሻ + ܽ௦ sinሺω ࢚ሻ (40) 
 

Here ࢟௠ defines the model for a measurement 	࢟ = ሾݕଵ, … , ࢚	 ௡ሿ் performed at the timesݕ = ሾݐଵ, … ,  ௡ሿ, where ݊ is the number of samplesݐ
recorded in a measurement. The coefficients of the 
model ࢟௠	in Eqn. (40) are	݀ for the direct component 
(DC) and the amplitudes ܽ௖ and ܽ௦ for the cosine and 
sine components respectively. The frequency is 
defined as ω for both, sine and cosine components of 
the model. To transform Eqn. (40) into a linear 
formulation, the basis-vectors ࢈ଵ to ࢈ଷ are defined as 
ଵ࢈  ≜ ૚ (41) 
ଶሺ߱ሻ࢈  ≜ cosሺ࢚߱ሻ (42) 
ଷሺ߱ሻ࢈  ≜ sinሺ࢚߱ሻ (43) 
 

The basis vectors are now used to formulate the 
design matrix ࡰ as a function of ߱, 
ሺ߱ሻࡰ  = ሾ࢈ଵ ଶሺ߱ሻ࢈  ଷሺ߱ሻሿ (44)࢈
 

The coefficients ࢽ can be defined in a 3 × 1 vector 
ࢽ  = ሾ݀ ܽ௖ ܽ௦ሿ். (45) 
 

Above definitions lead to the matrix vector 
equation for the model 
 ࢟௠ =  (46) ࢽሺ߱ሻࡰ
 
and equals the algebraic formulation in Eqn. (40). For 
a given stationary ω, a least squares estimate for ࢽ can 
now be obtained by calculating the inverse 
ࢽ  =  ାሺ߱ሻ࢟, (47)ࡰ
 
where ࡰାሺ߱ሻ denotes the Moore Penrose pseudo 
inverse of ࡰሺ߱ሻ. Substituting the calculated 
coefficients from Eqn. (47) into the model equation 
Eqn. (46) gives the results  
 ࢟௠ =  ାሺ߱ሻ࢟ (48)ࡰሺ߱ሻࡰ
 

The matrix multiplication ࡼ =  is the	ାሺ߱ሻࡰሺ߱ሻࡰ
projection onto the basis functions contained in ࡰሺ߱ሻ. 
The projection varies with ω, hence this is called the 
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variable projection. The residual ࢘ between the model ࢟௠ and the observed data	࢟ can be computed as, 
 ࢘ = ࢟	 − ࢟௠ (49) 
 

The cost function ܧሺωሻ is then defined as the sum 
of the squares of the residual ࢘. 
ሺωሻܧ  = ‖࢘‖ଶଶ (50) 

 
Substituting Eqn. (49) yields, 

ሺωሻܧ  	= 	 ‖࢟	 −  ାሺ߱ሻ࢟‖ (51)ࡰሺ߱ሻࡰ	
 =	‖ሼࡵ	 −  ାሺ߱ሻሻሽ࢟‖ (52)ࡰሺ߱ሻࡰ	
 

The result given in Eqn. (52) is called the variable 
projection functional (VPF). The estimation of ߱ is 
now a non-linear least squares problem in one 
variable. Eqn. (52) permits us to explicitly calculate 
the cost function ܧሺωሻ for a stationary point of ߱ for 
a given measurement ࢟. 
 
 
4.5. Data Processing 
 

Due to the tolerances in the mechanical system of 
the test stand the sensor’s orientation may not be 
perfectly aligned wrt. to the axis of motion. A principal 
component analysis (PCA) [16] was applied to the  
3-axis acceleration data, to extract the primary axis of 
motion. Consequently, the first principal component ࢖ଵ	is representative for the primary acceleration of the 
motion. It has the dimension ݊	ݔ	1, where n represents 
the number of samples obtained during the 
measurement. Within the dynamic verification the 
method of variable projection requires an initial value 
for the solver to determine the non-linear parameter ߱ . 
This initial value is taken from the FFT-transform’s 
dominant frequency, see Fig. 5. The number of 
samples in each measurement was ݊ = 2048 with a 
sampling rate ௦݂ = 2048	Hz, yielding a theoretically 
possible frequency resolution of 1	Hz using the FFT. 
This contrasts with the method of variable projection, 
where the frequency resolution is not limited by the 
ratio of ௦݂ / ݊. 

 
 

 
 

Fig. 5. Graphic representation of the frequency spectrum 
after a Fast Fourier transformation at the maximum 
rotational speed. The dominant frequency is highlighted  
in red and was used as an initial frequency for the VPM. 

5. Results 
 

In this section a comparison of determining the 
frequency and amplitude using FFT and VPM will be 
shown. This is followed by the results from the 
frequency response experiment of two examined 
sensor modules. Based on the calibrated results, a 
verification of the calibrated acceleration is  
calculated as 
ݎ  = ∬ܽሺݐሻdtdt, (53) 
 
where ܽሺݐሻ	is the denotes the acceleration from the 
first principal component ࢖ଵ. The radius ݎ is then 
compared to the geometry of the slider-crank. 
 
 
5.1. Comparison FFT and VPM Method 
 

In Fig. 6 the results obtained from the FFT and the 
VPM approach are visualization for the maximum 
speed of the test stand. The first principal component ࢖ଵ	from the calibrated measurements ࢟  is drawn in the 
figure as a grey line. For comparison, the signal 
determined via the magnitude and frequency via FFT, 
denoted as ࢟ிி், is drawn as a blue line. The result 
from the VPM, given by ࢟௠, is drawn as a red line.  

 
 

 
 

Fig. 6. Data obtained from the sensor after applying PCA is 
shown in Gray. The VPM result is shown in red and the FFT 
result in blue. A backlash of the mechanical system can be 
seen by the two peaks in the principal component.  
A significant difference in the frequency of the FFT result 
and the frequency of the principal component can be seen. 

 
 

The visualization directly shows significant peaks 
of ࢖૚ at the UDC and ODC of the slider-crank. This 
can be traced back to a backlash in the mechanical 
system. 

Additionally, a different frequency for the  
computed signals ࢟ிி் and ࢟௠ is clearly visible. Due 
to the a limited frequency resolution of the FFT, the 
estimated peaks of ࢟ிி் are not synchronous with the 
peaks of ࢖૚. 
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5.2. Frequency Response Results 
 

A frequency response of a sensor visualizes 
frequency dependent characteristics of sensors. For 
this representation, an acceleration measurement of 	݊ = 2048 samples at ݇ = 80 frequencies are 
obtained. For each frequency ݇, the maximum 

magnitude of acceleration is calculated using VPM. 
Those results are drawn as red dots Fig. 7. The 
reference acceleration, determined from the slide-
crank mechanism model in Eqn. (39), is plotted as a 
black line. The maximum and minimum reference 
acceleration obtained from the radii of the mechanism 
clearance are visualized as a boundary, indicated as 
black chain dotted lines.  

 
 

  

 
Fig. 7. Frequency response over the speed control range of 20 % to 100 % of the sensor system with the MPU-9250 chip (left) 
and the ICM20948 (right). The red results are the determined magnitudes from ࢖૚ using the VPM. In black are the VPM 
results multiplied with the factor of ૚ + 	ࣅ where ,ࣅ = 	૙. ૚૝૝૚ is the trigonometric relationship between the crank and the 
connecting rod. The reference acceleration is plotted as black line and was determined from the model for a slide-crank drive 
mechanism. The boundaries േઢ	determined from the clearance in the mechanism is plotted as dash dotted line. A dropoff 
of the acceleration can be seen from approximately ૚૚. ૞ Hz. 

 
 
Using the VPM based calibration on two tested 

sensors, yields accelerations close or slightly beneath 
the lower boundary ±Δ for the theoretical model 
considering a mechanical clearance. In order to 
compare the measured acceleration and the theoretical 
model of the slider-crank mechanism, a gain factor of 1 +  .has to be added to the calibrated measurements ߣ
This comes from the fact, that the VPM method 
approximates a completely periodic sine wave. 
However, the reference model in Eqn. (39)  
delivers at UDC the maximum acceleration 	ܽሺ߮ሻ = ωଶሺ1ݎ + λሻ	for ߮ = 0°. The sensor module 
with the ICM-20948 shows slightly better results. 

At approximately 11.5	Hz both sensors show a 
slightly drop off in the acceleration compared to the 
theoretical model. This is due to the fact that the motor 
reaches its performance limits wrt. the momentum of 
the mass of the sensor. 
 
 
5.3. Displacement Determination 
 

The test stand provides a significant displacement 
of the sensor. The calibrated measurement results can 
so additionally be used as verification by calculating 
the displacement via integration: 
 r  =  ඵሺ1 + λሻܽሺ݂ሻcosሺ߱tሻdtdt (54) 

Fig. 8 shows the reference displacement ݎ௖௚ 
calculated by, 
௖௚ݎ  = ௠௜௡4ܥܦܷ–௠௔௫ܥܦܱ + ௠௔௫4ܥܦܷ–௠௜௡ܥܦܱ (55) 

 
which resulted in ݎ௖௚ = 6.35 mm and is visualized in 
both subplots as continuous red line. The equation is 
defined in a way that the mechanical clearance is 
considered. The distances ܱ ܱ ,௠௔௫ܥܦ ܷ ,௠௜௡ܥܦ  ௠௔௫ܥܦ
and ܷܥܦ௠௜௡, were measured at the locations  
shown in Fig. 9. 

The mechanical clearances േΔ are visualized as 
dashed red lines. For computing the mean radius ̅ݎ൫ܽሺ݂ሻ൯, a cut-off frequency of ݂ = 10 Hz was chosen 
due to the drift-off of the acceleration results ܽ ሺ݂ሻ and 
respectively to the radius.  

For both sensors ̅ݎ൫ܽሺ݂ሻ൯ lies in between the 
boundaries of the mechanical clearance, whereby 
sensor ICM-20948 shows slightly better results. 
 
 
6. Conclusion  
 

The results of the measurements and data  
analysis demonstrates that the calibration parameters 
obtained in a static manner are also valid for  
dynamic measurements.  



Sensors & Transducers, Vol. 252, Issue 5, October 2021, pp. 1-11 

 10

  

 
Fig. 8. Computed values of displacement for each of the dynamic measurement are shown in comparison to the radius measured 
with a calliper gauge for the sensor with the MPU-9250 chip (left) and for ICM-20948 (right). Data from the radius determined 
from the measured acceleration are displayed as black dots. In the range from ૙	۶ܢ to ૚૙	۶ܢ: Avarage radius represented  
by a black dashed line; Mean measured radius determined with a calliper gauge shown as red line; Error bounds of the measured 
radius are visualized as red dashed lines.  

 
 

 
 

Fig. 9. Measurement position of the maximum  
and minimum ODC and UDC while forcing the platform  
in both horizontal directions by hand. The values are used 
for the clearance determination of the slider- 
crank mechanism. 

 
 

The implementation via the method of variable 
projection avoids the Gibbs error and as well  
spectral leakage [17] associated with direct FFT 
methods, resulting in more accurate results. The 
results, presented in this article verify that a sensor, 
calibrated with the introduced static calibration 
method, can be applied for dynamic measurements 
with significant motion. 
 
 
7. Future Improvements  
 

The backlash as can be seen from the peaks in 
Fig. 6 is currently the source of error, improving a new 
design can avoid this. Further above 12 Hz, the motor 
cannot achieve to go on higher frequencies. A more 
powerful drive of higher quality can enable a wider 
bandwidth of tests. 
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Abstract: The presented work deals with a feasibility study related on the implementation of digital Giant 
Magneto-Impedance (GMI) magnetometer (sensor operating in closed-loop). The proposed measurement chain 
mainly includes an analog-to-digital conversion (ADC) and a digital amplitude demodulation based on a Digital 
Down Conversion (DDC). In this configuration, the voltage is digitized as close as possible to the sensing element. 
The DDC include digital mixer and filtering. The transfer function of the overall sensor in open-loop is modelled 
so as to discuss the stability of the digital magnetometer regarding the processing delay and the sensitivity. 
Simulations were performed using Matlab-Software with a different set of parameters of the sensor in order to 
discuss the stability of the magnetometer according to the time delay. The obtained results showed that with a 
careful adjustment of the sensor sensitivity and the decimation ratio of the digital filter associated with the digital 
demodulation, the digital magnetometer could be stable in closed-loop. 
 
Keywords: Digital demodulation, Magnetometer, Processing time-delay, Giant Magneto Impedance  
(GMI) sensor. 
 
 
 
1. Introduction 

 
Magnetic sensors are used in a wide variety of 

applications ranging from high density magnetic 
recording, non-contact current measurement, to 
spatial, military and biomedical applications [1]. A 
non-exhaustive list of these measurement devices may 
include Fluxgates, inductive sensors, Anisotropic 
Magnetoresistance (AMR), Giant Magnetoresistance 
(GMR) sensors, etc. [1]. Over the past two decades, 
the Giant Magneto-Impedance (GMI) effect has been 
intensively studied due to its attractive potential for 
realizing a highly sensitive magnetic sensor [2, 3]. It is 
defined by a high impedance variation of a 
ferromagnetic material when it is supplied by a high 
frequency (HF) excitation current and submitted to an 
external magnetic field [4]. It has been shown that 

GMI sensors offer several advantages compared to 
conventional sensors. Some of the decisive advantage 
is the high sensitivity, the potential for miniaturization 
and the low energy consumption. 

A typical configuration of GMI sensor is shown in 
Fig. 1. It requires a high frequency excitation current 
provided by an oscillator associated to a voltage-to-
current converter. When the sensing element (the 
ferromagnetic material) is submitted to an external 
magnetic field, Hz, to be measured, the voltage across 
the sensing element is amplitude modulated by the 
measured field. A demodulator is generally used to 
have the information of the measured field. The 
relation between the sensor output and the magnetic 
field is characterized by the sensitivity. The GMI 
characteristic is strongly nonlinear. To realize a 
sensor, it is generally magnetically biased in the region 
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having the maximum of sensitivity. Biasing creates an 
offset at the sensor output corresponding to the 
impedance value at the bias point. A difference 
amplifier is generally used to suppress the offset that 
could be affected by temperature and strength [5, 6].  

 
 

Oscillator

V-I

Hz

iac
Demodulator

Offset 
cancelling

devices

Sensing
element

 
 

Fig. 1. Hardware architecture of a typical off-diagonal  
GMI sensor. 

 
 

In the context of high sensitivity, the equivalent 
magnetic noise level need to be improved [7, 8]. It 
characterizes the smallest magnetic field that the 
sensor can measure. It is defined by the ratio between 
the voltage noise spectral density (including the 
electronic conditioning noise and the noise of the 
sensing element) and the sensitivity of the sensor. 
Actually, all GMI sensors are associated with an 
analog electronic conditioning and several studies 
show that the equivalent magnetic noise is limited in 
the 1/f region by the intrinsic noise of the sensing 
element attributed to the fluctuation of the 
magnetization movement. In the white noise region, 
the smallest magnetic field that the sensor can measure 
is limited by the electronic conditioning noise [9]. The 
ultimate noise of the sensing element is not yet 
achieved in this region. In our recent work [10 - 13], 
we have introduced the digital concept in order to 
reduce the electronic conditioning noise so as to 
achieve the ultimate noise performance. The proposed 
concept is based on a Digital Down Converter (DDC) 
for a quadrature digital demodulation. The voltage 
across the sensing element (generally in off-diagonal 
configuration for high sensitivity application [9]) is 
digitized as close as possible to the sensing element. 
However, as most of sensitive elements, the response 
to the magnetic field of the GMI element is strongly 
non-linear. It is not possible to consider them as 
magnetometers (sensor operating in closed loop) if 
they are used without suitable conditioning 
electronics. In order to overcome this problem, a 
controlled system in which the sensing element works 
around an operating point in a constant field is 
necessary. This is done using field feedback,  
as in the case of many magnetometers (fluxgates, 
SQUIDS [1], etc.).  

The use of the digital concept is generally 
accompanied by a delay which can destabilize the 
functioning of the sensor in closed loop system and 
affects performance of the sensor. The idea behind this 
article is to evaluate the transfer function of the sensor 

and to discuss the stability of the digital  
GMI magnetometer.  

This article is organized as follows. The principle 
of a GMI magnetometer is presented in Section 2. The 
hardware architecture of the digital GMI sensor is 
given in Section 3. Section 4 is devoted to modeling 
the transfer function of the sensor. Discussion on the 
sensor stability are given in Section 5. This is followed 
by a general conclusion. 

 
 

2. Operating Principle of a GMI 
Magnetometer 
 
A magnetometer has to exhibit a correct linearity 

and dynamic range of magnetic field. This can be 
done, in the GMI magnetometer, using a negative 
feedback method, by applying a negative magnetic 
field. The principle of this type of implementation is 
given in Fig. 2 where the variation of external 
magnetic field, Hz, around the operating point, is the 
quantity to be measured. This field-locked loop 
principle is common to several magnetometers [2].  

In this concept, the GMI element ensure the 
transformation of the magnetic field into voltage 
through the transfer function, Td, corresponding to the 
sensitivity of the open loop sensor. We assume that it 
is constant in the pass band of the magnetometer. For 
proper operation of GMI magnetometer, the sensing 
element is subjected to the difference between the 
external magnetic field to be measured, Hz, and that 
created by the feedback, Hcr. The feedback magnetic 
field is generated by a coil wound around the GMI 
wire. The closed-loop ensures that these two fields are 
opposed so that its difference is null. By doing so, the 
GMI wire element is always subjected to the same 
magnetic field. This structure allows to overcome the 
problems of non-linearity of the response regarding 
the measured field. 

 
 

+

-

Hz(t)

 
 

Fig. 2. Principle of the magnetic feedback loop. 
 
 

The voltage at the output of the magnetometer can 
be expressed as: 
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where Tr is the transfer function of the feedback loop. 
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Assuming that |TdTr|>>jw, the output of the 
magnetometer is given by: 
 

r

ext
sensor T

B
V ≈  (2) 

 

According to Eq. (2), the output voltage of the 
sensor depends only on the gain of the feedback chain, 
Tr. This result is particularly important because it 
shows that the condition Tr ≫ jω/Td allows to 
overcome the imperfections of the direct chain, Td, due 
to the presence of distortion and its gain fluctuations 
(whether these fluctuations result from an aging of the 
material, a variation in the experimental conditions). 
The condition Tr ≫ jω / Td is achieving if the field 
sensitivity, Td, of the sensing element is very high. The 
presence of an integrator following the direct chain 
transfer allow to guarantee this relation, and therefore 
ensures the absence of static error at the output.  

 
 

3. The Digital GMI Sensor 
 
The architecture of the digital GMI sensor 

(representing the direct chain of the magnetometer) is 
presented in Fig. 3. The proposed concept is based on 
a new digital electronic conditioning for the high 
sensitivity GMI magnetic sensor and based on a Field 
Programmable Gate Array (FPGA). 
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Vdc
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R1

Hz
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Fig. 3. Hardware architecture of the off-diagonal GMI 
sensor using a Direct Digital Synthesizer (DDS)  

and a Digital Down Converter (DDC). 
 
 

As presented in our recent work [10, 13, 15] a 
Direct Digital Synthesizer (DDS) supplied the High 
frequency (HF) excitation current for the GMI sensing 
element, through a resistor R1. This DDS is mainly 
made of a Numerical Controlled Oscillator (NCO) 
associated to a Digital-to-Analog Converter (DAC). A 
dc current (provided by a battery, Vdc, and a resistor 
R2) is also used so as to remove the bamboo domain 
[14]. The voltage across the sensing element is 
optionally amplified by a low-noise preamplifier 
before being digitized by an analog-to-digital 
converter (ADC). At the output of the ADC, the data 
are then transmitted to a Digital Down Converter 
(DDC) for a quadrature lock-in detection. 

The voltage across the sensing element is 
optionally amplified by a low-noise preamplifier 
before being digitized by an analog-to-digital 
converter (ADC). At the output of the ADC, the data 
are then transmitted to a Digital Down Converter 
(DDC) for a quadrature lock-in detection. This DDC 
include a digital multiplier and a cascade of two low-
pass digital filter: a Cascade Integrator Comb (CIC) 
decimation filter and a Finite Impulse Response (FIR) 
filter. Promising performance of 1.8 pT/√Hz (roughly 
comparable to the best reported in the state of the art) 
are obtained in the white noise region that shows the 
potential of the proposed concept in the realization of 
high sensitivity sensors [12, 13].  

 
 

4. Sensor Transfer Function 
 
The objective of this section is to model the sensor 

transfer function in order to discuss the stability of the 
magnetometer. The concept presented in Fig. 2 can be 
divided into 2 parts, the excitation system associated 
with the sensing element (made of the DDS and the 
sensing element) and the demodulation stage 
(including the ADC and the DDC). The transfer 
function of each parts is detailed hereafter. 
 
 
4.1. The Excitation System and the Sensing 

Element 
 
The transfer function of the sensitive element is 

defined by the ratio between the voltage across the 
sensitive element, Vc, and the measured field, Hmeas. 
The transfer function, H1 is such that: 

 
21

1
c ac

ac v
z z

v Z I
H S I S

H H Ω
×= = = × = , (3) 

 
where 

- Iac is the amplitude of the excitation current; 
- Z21 is the impedance of the sensing element in 
off-diagonal configuration;  
- SΩ and SV are the intrinsic sensitivity of the 
sensing element in Ω/T (Ohm per Tesla) and the 
voltage sensitivity in V/T, respectively. 

The voltage across the sensitive element is 
amplified by a preamplifier, having a gain, Gpreamp. We 
assume here that the preamplifier gain remains 
constant in the bandwidth of the sensor. The voltage, 
Vpreamp, at the preamplifier output is given by [16]: 
 

preamp preamp sens z preamp v zV G v H G S H= × × = × ×  (4) 
 
 
4.2. The Demodulation Stage 

 
At the output of the preamplifier, the voltage is 

first digitized before being transmitted to a digital 
mixer and filtered by a 3rd order CIC decimation (also 
known as Hogenauer filter) with a decimation factor 
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NCIC [17]. The transfer function of the filter, HCIC, in 
the frequency domain is given by: 

 

( ) ( ) φπ j
CIC

Nfj
CICCIC eGeNfH cic == −133 , (5) 

 
where GCIC is the gain of the filter. 

The delay due to the 3rd order CIC filter is given by 
(6) [16]: 
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At the CIC filter output, A FIR filter is used to fix 

the final bandwidth of the baseband. The transfer 
function of this a FIR filter, HFIR, is given in the 
frequency domain by:  
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where NFIR is the number of coefficients of the filter. 
Assuming that HFIR(f) =Vout(f)/X(f), where X(f) and 
Vout(f) represent respectively the input and the output 
of the FIR filter in the frequency domain; the output of 
the sensor, vout, can be expressed as: 
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where GFIR is the FIR filter gain and Z, the number of 
delay stages. The delay, τFIR, due to the FIR filter is a 
function of the number of delay stages required for the 
filter implementation. For a filter with symmetrical 
coefficients (as the case in GMI sensor), the number 
of delay stages is given by [11, 12]: 
 

2

1−= FIRN
Z  (9) 

 
In GMI sensors, the choice of using FIR filter with 

symmetrical coefficients is justified by the will to 
reduce the delay of the demodulation stage [12], which 
can cause the instability of the magnetometer. As a 
results, the delay, τFIR, due to the FIR filter is 
expressed as: 
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The transfer function, Fsensor, of the sensor defined 

as the ratio between the output of the FIR filter and the 
measured magnetic field can be expressed as [17]:  
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where GDDC is the total gain of the DDC given by: 

FIRCICDDC GGG *
2
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The ½ factor is due to the 6 dB losses  
during mixing. 

At the output of the integrator (necessary for 
proper operation of the magnetometer), the transfer 
function is given by: 
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where K and f0 are the gain and the cutoff frequency 
of the integrator. 
 
 
5. Stability in Closed-loop 
 

The stability of closed-loop systems can be studied 
starting from the open-loop system by quantifying the 
stability margins: gain and phase margins. It is 
therefore possible, knowing the transfer function of 
the sensor (open–loop), to discuss the stability of the 
magnetometer (closed-loop). In general, the 
magnetometer is stable if it has a positive gain margin 
and a positive phase margin. 

Simulations were then realized using Matlab 
software in order to discuss the stability of the sensor 
in closed-loop according to the transfer function given 
in Eq. (13). The first simulations were conducted with 
the same parameters set in our recent work [10] to 
realize a sensor in open loop. The set of parameters 
was: NCIC=250; Gpreamp=1; GDDC=40; NFIR=83. Fig. 4 
shows the Bode diagram of the open-loop sensor for a 
sensitivity, Sv of 620 kV/T.  

 
 

 
 

Fig. 4. Bode diagram of the open-loop sensor. The setting 
parameters was: Sv=620kV/T; Gpreamp=1; GDDC=40; 

NFIR=83; NCIC=250. 
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A gain margin of -2.97 dB and a phase margin  
of -146° is obtained that leads us to an unstable 
functioning of the magnetometer. Using this 
parameters, the estimated delay is of 3.32 µs. 

A second simulation was conducted for the same 
delay to see the influence of the sensitivity on the 
magnetometer stability. According to (3), the 
sensitivity can be reduced by reducing the amplitude 
of the Iac high frequency excitation current. The setting 
parameters was: NCIC=250; Gpreamp=1; GDDC=40; 
NFIR=83. Fig. 5 shows the Bode diagram of the open-
loop sensor for a sensitivity, Sv of 100 kV/T. 

A gain margin of 12.9 dB and a phase margin of 
71° is obtained that leads us to a proper functioning of 
the magnetometer with this setting parameters. Using 
this parameters, the estimated delay is also of 3.32 µs. 

The results of the simulation show that for a given 
delay, there are a maximum of sensitivity to ensure the 
functioning of the closed loop sensor.  

 
 

 
 

Fig. 5. Bode diagram of the open-loop sensor. The setting 
parameters was: Sv=200kV/T; Gpreamp=1; GDDC=40; 

NFIR=83; NCIC=250. 
 
 

Simulations were then carried out to show the 
impact of the time-delay on the stability of the 
magnetometer for a given sensitivity. The sensitivity 
value of 620 kV / T, measured in our previous work 
[13] where the sensor operates in open loop, is retained 
in our simulation. The variation of the delay is done by 
adjusting the decimation ratio of the CIC filter or the 
number of filter coefficients. Fig. 6 shows the Bode 
diagram of the open-loop sensor for the given 
parameters hereafter: NCIC=100; Gpreamp=1; GDDC=40; 
NFIR=83. 

A gain margin of 3.8 dB and a phase  
margin of 35.9° is obtained that leads us to a proper 
functioning of the magnetometer with this setting 
parameters. Using this parameters, the estimated delay 
is of 1.52 µs. 

 
 

Fig. 6. Bode diagram of the open-loop sensor. The 
setting parameters was: Sv=620kV/T; Gpreamp=1; GDDC=40; 

NFIR=83; NCIC=100. 
 
 

Another simulation was conducted by reducing the 
decimation ratio of the CIC filter (consequently 
reducing the delay according to Eq. (6)) in order to 
analyze the impact of the time-delay. Fig. 7 shows the 
Bode-diagram of the open-loop sensor. The setting 
parameters was Sv=620kV/T; Gpreamp=1; GDDC=40; 
NFIR=83; NCIC=160.  

 
 

 
 

Fig. 7. Bode diagram of the open-loop sensor. The setting 
parameters was: Sv=620kV/T; Gpreamp=1; GDDC=40; 

NFIR=83; NCIC=160. 
 
 

An estimated delay of 2.24 µs is obtained. A gain 
margin and a phase margin of 0.44 dB and 6.98° is 
obtained, respectively that leads us to a stable 
magnetometer. It should be noted that if the system is 
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at the limit of stability or if the stability margins are 
not sufficient (as in the case in Fig. 7), parasites  
could potentially introduce instabilities of the  
closed-loop system. 

Fig. 8 shows the Bode-diagram for this parameters: 
Sv=620kV/T; Gpreamp=1; GDDC=40; NFIR=83; NCIC=200. 
With this setting parameters, the decimation ration is 
increased resulting on the increase of the processing  
time-delay. 

 
 

 
 

Fig. 8. Bode diagram of the open-loop sensor. The setting 
parameters was: Sv=620kV/T; Gpreamp=1; GDDC=40; 

NFIR=83; NCIC=200. 
 
 

An estimated delay of 2.72 µs is obtained. A gain 
margin and a phase margin of -1.24 dB and -134° is 
obtained, respectively that leads us to a unstable 
magnetometer. Regarding Fig. 6, Fig. 7 and Fig. 8, 
results show that for a given sensitivity, there are a 
maximum of time-delay to ensure the functioning of 
the closed loop sensor.  

In summary, the sensor parameters (sensitivity, 
delay) must be chosen judiciously in order to ensure 
the stability of the closed-loop magnetometer. These 
results were confirmed by practice.  

In fact, firsts measurements were then realized in 
order to prove the proposed modelling and simulation. 
The bock diagram of the proposed digital GMI 
magnetometer is given in Fig. 9. The polarization 
stage of the measurement chain is made of a Direct 
Digital Synthetizer (DDS), a battery and the two 
injection resistors, Rg et Rbias. The DDS provide the 
sinusoidal signal to the GMI element, through the 
resistor Rg. In a ferromagnetic wire having a 
circumferential anisotropy (as the case in the use GMI 
element), a dc current is necessary in order to observe 
the off-diagonal component. The dc current creates a 
circumferential dc field in the ferromagnetic wire. 
This dc field combines with the axial field to be 
measured produces a helical field which magnetizes 
the conductor along a helical path. This dc current is 

obtained using a battery and the resistor Rbias. The 
voltage across the pick-up coil which is amplitude-
modulated by the measured field, is first amplified by 
a low noise preamplifier, having a gain, Gpreamp, before 
being digitized by an analog-to-digital converter 
(ADC) at a sampling frequency (Fs). 

 
 

preamplifier ADC

Vdc

DDC

Digital 
integrator

DDS

Rcr
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Fig. 9. Hardware architecture of a digital  
GMI magnetometer. 

 
 

At the output off the DDC, data are transmitted to 
the DDC and then to a digital-to-analog converter 
(DAC). The DAC output is applied at the input of an 
integrator necessary to overcome the imperfections of 
the direct chain [18, 19]. The voltage at the output of 
the sensor is used to create the feedback magnetic 
field, Hcr. This is applied to the GMI wire via the 
resistor, Rcr and a coil wound around the GMI wire. 

Closed-loop measurement has then been operated 
for the digital magnetometer in order to compare the 
results of the theoretical model with the measurement. 
The comparison procedure consisted in fixing a given 
delay (by fixing the decimation ratio of the CIC filter) 
and by varying the current Iac so as to obtain the limit 
value of the current Iac ensuring the stability of  
the magnetometer.  

Fig. 10 shows the comparison of the maximum 
value (threshold) of the Iac excitation current obtained 
by measuring and by our theoretical model (according 
to Eq. (11)) for different value of the decimation filter. 

 
 

 
 

Fig. 10. Maximum value of excitation current  
in function of the decimation filter. 
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The obtained results validate our proposed 
theoretical model. Ongoing will focus on the 
characterization of the digital magnetometer. 
 

 
6. Conclusions 
 

In this paper, we have investigated the impact of 
the delay in the stability of the digital GMI 
magnetometer. The presented electronic conditioning 
is mainly based on digital down converter including 
low pass decimation filter induces time-delay due to 
processing. Each function of the open loop sensor is 
modelled in order to discuss the stability of the closed-
loop by analyzing the stability margins: gain and phase 
margins. Obtained results show the possible operating 
of the digital magnetometer by making a trade-off 
between the sensitivity (by the Iac excitation current) 
and the delay (by the decimation ration). Comparison 
between the proposed theoretical model and 
measurement of the digital magnetometer were 
performed. Results validates the theoretical approach 
for digital GMI magnetometer applications. 
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Abstract: The conventional ultrasonic liquid level measurement techniques are generally based on time of flight 
(TOF) measurement technique of reflected sound wave from liquid surface in a storage tank. In the present paper, 
a modified ultrasonic liquid level transducer is developed using the intensity of a 40 kHz ultrasonic pulsating echo 
signal reflected from the liquid surface as the sensing parameter. A simple transducer circuit converts this 
pulsating signal into a D.C. voltage signal which is taken as a measure of the intensity of the reflected pulses 
obtained from the ultrasonic receiver probe. The characteristic equation showing the relation between the 
transducer output voltage and liquid level is derived in the paper. A proto type unit is developed and tested 
experimentally to determine the static characteristic of the proposed ultrasonic level transducer. The experimental 
results are reported in the paper. A nonlinear static characteristic with very good repeatability is observed. 
 
Keywords: Ultrasonic liquid level transducer, Ultrasonic transmitter-receiver probes, Ultrasonic oscillator,  
Op- amp, Signal conditioner. 
 
 
 
1. Introduction 

 

Accurate and reliable measurement of liquid level in a 
storage tank is very important in any process plant. 
Among the different techniques [1-3] of liquid level 
measurement, the direct technique like dip stick, gauge 
glass, float, displacer etc. and indirect technique like 
capacitive, inductive, ultrasonic, nucleonic etc. are 
widely used. The ultrasonic technique has the great 
advantage that it is a non-contact technique with better 
longevity, accuracy and linearity. The conventional 
ultrasonic technique is based on accurate measurement 
of time of flight (TOF) between the instants of 
transmitting and receiving of reflected ultrasonic wave 

from the liquid surface in a storage tank. But the 
measuring unit is a complicated microprocessor or 
microcontroller or computer based system where very 
accurate measurement of time interval is possible. This 
time interval is linearly related with the liquid level and 
the measurement technique is very accurate. Various 
simplified ultrasonic techniques are still being reported 
by many research groups. 

A. Rocchi, et al. [4] have studied in detail, the time 
of flight technique of measurement of liquid level by 
using simple ultrasonic sensor. In this study they have 
analyzed the effects of atmospheric temperature and 
humidity on the level measurement and have 
determined the optimum condition of the measuring 

http://www.sensorsportal.com/HTML/DIGEST/P_3230.htm

https://www.sensorsportal.com/


Sensors & Transducers, Vol. 252, Issue 5, October 2021, pp. 19-27 

 20

system for better accuracy. For accurate measurement 
of the geometrical and acoustic characteristic 
parameters of wood and plastic samples from 
measurement of time of flight,  

P. Lasaygues, et al. [5] have experimentally applied 
two coded excitation methods like chirp-coded and 
wavelet-coded excitation methods. By using two 
500 kHz transducers for polyurethane and wood 
samples, they have shown that the measurement error 
is 0.13 % minimum in wavelet-coded excitation and 
2.3 % maximum in chirp-coded excitation.  

A microcontroller based water detection and 
control system using simple ultrasonic transceiver set 
has been designed by M. I. Bello, et al. [6]. In this 
technique the water levels of the domestic underground 
and overhead reservoir tanks have been measured by 
using time of flight technique. 

A non-contact measurement system of liquid 
petroleum gas (LPG) level in a pressurized LPG tank 
has been designed and studied by Z. Zakaria, et al. [7] 
using simple ultrasonic sensor mounted above the top 
surface of the cylinder. In this technique, the ultrasonic 
wave passes through the cylinder wall and the reflected 
back from the LPG surface inside the cylinder and the 
data acquisition system level.  
B. Praher, et al. [8] have designed an ultrasonic 
measurement algorithm for the measurement of the 
thickness of liquid layer between two solid materials 
using time domain analysis. In this algorithm, the time 
domain signals received from liquid layer due to 
multiple reflections are reconstructed to simulate the 
superimposed signal which is compared with the 
measured signal to estimate the time of flight of the 
ultrasonic pulse in a liquid layer and to measure the 
thickness of the layer.  
P. Petlac, et al. [9] have applied the commercial of the 
shelf (COTS) ultrasonic sensors to measure on board 
aircraft fuel level and quantity. In this measuring 
system special electronic circuit is designed to develop 
the high frequency transceiver used in the 
measurement system. 

An accurate time of flight (TOF) measurement 
technique of ultrasonic echo signal from a liquid 
surface has been developed by P. Li, et al. [10]. In this 
technique, the exiting ellipse algorithm of TOF 
measurement is utilized to extract the echo pulse from 
the ultrasonic echo signal and from the echo pulses a 
2D electrical pulse pattern is obtained. The TOF is 
determined by averaging the two time points of 
maximum gradients from the elliptical echo pattern. 

An accurate dynamic liquid level detection 
technique is proposed by P. Li, et al. [11] using MIMO 
ultrasonic Transducer array. In this technique the rise 
and fall of the dynamic liquid level under dynamic 
condition is detected by applying the virtual element 
technology on the MIMO ultrasonic level sensor.  
M. Suleiman, et al. [12] have studied an ultrasonic 
fluid level measuring system by using the TOF 
measurement technique. They have studied the 
proposed measurement system in the range 0.02 m to 
4 m with the accuracy of 1 cm. 

T. J. Licznerski, et al. [13] have proposed an 
ultrasonic transducer system for accurate measurement 
of the distance of an object in air. The distance is 
determined from the measurement of the time interval 
between the instant of transmitting the signal and the 
instant of receiving its echo from the object.  

Terzic, et al. [14] have developed a level 
measurement system under dynamic condition by 
using a single ultrasonic sensor and a support vector 
machine (SVM). In this technique, the measurement 
error in the raw sensor signal under sloshing effect and 
temperature variation is minimized by differentiating 
and smoothing the signal in SVM system.  

W. K. Spatt, et al. [15] have developed a torsional 
waveguide in order to measure the liquid depths of 
different liquid in a mixture. In this technique the time 
of flight between the incident and reflected wave is 
found to be a function of liquid level with better 
sensitivity than the conventional echo technique. 

D. W. Lee, et al. [16] have proposed a modified 
ultrasonic method for the measurement of a two phase 
mixture level. This method is more accurate than the 
conventional ultrasonic technique to measure liquid 
level in a two-phase mixture under the high 
temperature and pressure conditions as well as under 
the diffused reflection condition from a fluctuated 
surface of water level. A modified calculation method 
is developed to determine the correct sound velocity 
under these conditions and a waveguide is developed 
to reduce the loss of echo due diffuse reflection  
and attenuation. 

An ultrasonic technique of level measurement has 
been designed by M. Maribout, et al. [17] to measure 
the level of water and oil in an oil tanker. In this 
technique, the different acoustic impedances of oil and 
water in the oil tank produce different signals to the 
receiver which are correlated with the depths of the 
liquid in different layers.  

A non-invasive technique of level measurement of 
a liquid in a closed tank under high pressure has been 
studied by V. E. Sakharov, et al. [18] using ultrasonic 
lamb wave at an optimum frequency of 100 kHz. Here 
the characteristics of the fundamental and higher order 
waves passing through the wall of the tank are found 
to depend on the wall material, wall thickness and the 
depth of the liquid inside the tank.  

E. Vargas, et al. [19] have developed an ultrasonic 
technique for the measurement of liquid level in a 
closed bottle. In this technique a time of flight 
measurement method is used from the envelope of 
echo signal.  

An ultrasonic pulse-echo type liquid level 
measuring technique has been described by A. B. 
Gillespie, et al. [20]. In this technique, the ultrasonic 
pulse wave travels through a metallic bar or strip 
towards the liquid surface and the liquid level is 
estimated from time of flight of reflected echo from a 
special reflecting structure at the liquid surface.  

L. Jakevicius, et al. [21] have analyzed the 
attenuation coefficient of ultrasonic signal in air under 
isothermal and adiabatic conditions. From this analysis 
it is shown that the attenuation coefficient of ultrasonic 
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signal in air is a non-linear function of temperature, 
relative humidity, pressure and signal frequency. 

A microcontroller based ultrasonic distance 
measurement technique has been studied by S. Y. 
Yurish [22]. In this time of flight (TOF) technique, the 
measuring system has been designed by using 
microcontroller operated ultrasonic smart sensors and 
universal sensors & transducers interface IC in which 
the measurement error due to the effect of temperature 
on sound velocity is eliminated. 

In the present paper, an intensity measurement 
technique of reflected ultrasonic wave from liquid 
surface in a closed vessel has been studied. The 
intensity of the echo of ultrasonic wave from the liquid 
surface is detected and measured by the ultrasonic 
receiver sensor and the transducer circuit with its 
output varying non-linearly with the liquid level. The 
characteristic equation showing the relation between 
the transducer output and liquid level as well as the 
liquid surface-receiver probe distance has been 
derived in the paper. A proto type unit of the proposed 
level transducer is developed and tested 
experimentally. The experimental results are reported 
in the paper. The characteristic graphs obtained from 
experiment are found to follow the derived equation 
with better repeatability. 
 
 
2. Method of Approach 
 

Let an ultrasonic point source of constant power 
output ‘P’ is placed at a point ‘X’ in a free space. 
Sound waves from this point source moves radially in 
all directions through the surrounding medium as 
shown in Fig. 1. If we assume a spherical concentric 
surface of radius ‘R’ surrounding the point source then 
the sound power passing normally through the whole 

spherical surface of area 24A Rπ= is ‘P’. 
 
 

 
 

Fig. 1. Propagation of ultrasonic wave from a point source 
through spherical concentric surface. 

 
 

So the intensity of sound wave at distance R from 
an ultrasonic point source is given by  

 

24

P P
I

A Rπ
= =  (1) 

 
Thus the propagation of ultrasonic wave through a 

medium may be assumed to follow the inverse square 

law. Now let us assume that an ultrasonic transmitter-
receiver probe set (TX-RX) is placed on the cover lid 
of storage tank as shown in Fig. 2. In the storage tank, 
the ultrasonic sound wave from the transmitter probe 
(TX) moves downwards towards the liquid surface in 
the storage tank and after reflection from the surface, 
the reflected echo reaches the receiver probe (RX). The 
transmitter probe (TX) is supplied from a stabilized 
oscillator circuit to produce an ultrasonic sound wave 
of constant amplitude and frequency by the transmitter 
probe. Now in the storage tank, the reflected ultrasonic 
echo reaching the receiver probe, travels through a 
distance 2( )d H h= − , where ‘H’ is total height of 

the storage tank and ‘h’ is the height of the liquid level 
inside the tank as shown in Fig. 2. Since the intensity 
of the ultrasonic sound wave follows inverse square 
law, so the intensity (Ir) of echo in receiver (RX) of 
storage tank may be given by,  
 

1 1
2 2 2

1
,

4( )r r

K K
I or I

d d H h
α = =

−
, (2) 

 
where K1 is the constant of proportionality. 

 
 

 
 

Fig. 2. Schematic diagram of the experimental set-up 
for the proposed ultrasonic level transducer. 

 
 

Since the output of the receiver probe is directly 
proportional to the intensity of the received sound, so 
the a.c. output (V1) of the receiver probe may be  
given by,  
 

1 2
1 1 2 2

,
4( )r r

K K
V I or V K I

H h
α = =

−
, (3) 

 
where K2 is the constant of proportionality. 

The transducer circuit in the form a signal 
conditioner circuit as shown in Fig. 2 converts the 
above a.c signal output of receiver probe into an 
amplified dc signal output. 
 
 
2.1. Measuring Circuit 
 

The measuring circuit designed in the proposed 
liquid level measuring system consists of a stabilized 
ultrasonic oscillator circuit supplying the excitation 
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signal as shown in Fig. 3 and an ultrasonic transmitter 
probe with its output connected with a signal 
conditioner or transducer circuit as shown in Fig. 4. 

In Fig. 3, the ultrasonic transmitter probe (Tx) is 
supplied from a stabilized IC555 timer-based oscillator 
with 50 % duty cycle. The oscillator is designed from 
an astable multivibrator using the timer IC555 supplied 
from a stabilized DC source. From the data manual of 
IC 555 timer circuit, the frequency of oscillation is 
given by 
 

1.44

( 2 )A B

f
R R C

=
+

 (4) 

 
and its duty cycle is given by 
 

100%
( 2 )

B

A B

R
D

R R
= ×

+
 (5) 

 
 

 
 

Fig. 3. Ultrasonic transmitter probe supplied 
from a stabilized oscillator circuit. 

 
 

In the proposed ultrasonic transmitter circuit as 
shown in Fig. 3, the frequency of the IC555 timer 
oscillator is selected at 80 kHz. From this 80 kHz 
output signal of the timer circuit, two 40 kHz signals 
with opposite phases are developed by using short 
circuited JK flip flop IC CD4027. These two signals 
are used to excite the transmitter probe (Tx) through a 
buffer stage IC (4069) to produce 40 kHz ultrasonic 
signal. Since the transmitter probe is mounted on the 
cover lid of the tank with its transmitting surface facing 
towards the bottom of the tank, so the ultrasonic wave 
produced by the transmitter probe in the storage tank 
propagates towards the liquid surface of the storage 
tank and after reflection from the liquid surface, the 
reflected sound wave or echo sound reaches the 
ultrasonic receiver probe mounted on the same cover 
lid as shown in Fig. 2. In Fig. 4, the signal conditioner 
circuit acting as the transducer unit converts the input 
echo signal received by the receiver probe (Rx) into the 
dc output voltage signal V0. The signal conditioner 
circuit consists of the non-inverting amplifier circuit 
with op-amp A1, a precision half wave rectifier with 

op-amp A2 and zero adjustment circuit with op-amp 
A3. The a.c output signal of the non-inverting amplifier 
circuit is given by, 
 

2 2 1 2
2 1 2

1 1

(1 ) (1 )
4( )

R R K K
V V

R R H h
= + = +

−
 (6) 

 
The rectified d.c. output of the precision rectifier 

circuit with op-amp A2 is directly proportional to the 
a.c input signal V2.  So the d.c. output V3 is given by, 
 

3 2V Vα  

1 2 32
3 3 2 2

1

, (1 )
4( )

K K KR
or V K V

R H h
= = +

−

4
3 2

,
( )

K
or V

H h
=

−
 

(7) 

 
where K3 is the constant of proportionality 
 

and 1 2 3 2
4

1

(1 )
4

K K K R
K

R
= +  (8) 

 
The output (V0) of the unity gain differential 

amplifier circuit using op-amp A3 is given by  
 

4
0 3 2( )Z Z

K
V V V V

H h
= − = −

−
 (9) 

 
4

0 2
, Z

K
or V V

d
= −  (10) 

 
where d = H - h is the distance between the reflecting 
surface of the liquid and the ultrasonic transceiver 
probes placed on storage tank cover lid and VZ is the 
zero adjustment voltage input of the unity gain 
differential amplifier using op-amp A3. For VZ = 0,  
 

4
0 2

K
V

d
=  (11) 

 
Hence the transducer output V0 decreases with the 

increase of the distance between the reflecting surface 
of the liquid and the transceiver probes, i.e., the 
transducer output decreases non-linearly with the 
increase of liquid level. In equation (9) and (10), the 
sensitivity constant K4 can be adjusted by varying the 
gain potentiometer R2 as shown in equation (8). The 
zero adjustment voltage VZ is selected in order to 
obtain a desired minimum value of the transducer 
output at zero value of liquid level or at maximum 
value of liquid surface-receiver probe distance. With 
the increase of level, the liquid surface-receiver probe 
distance (d) decreases and the transducer output (V0) 
increases as the equation (10). Thus the maximum and 
minimum values of the transducer output at maximum 
and minimum values of liquid level respectively are 
adjusted by varying the gain potentiometer R2 and the 
zero adjustment potentiometer RZ as shown in Fig. 4. 
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Fig. 4. Ultrasonic receiver probe and transducer circuit. 
 
 

2.2. Error Calculation in Pulse to DC Signal 
Conversion Process (by Half Wave 
Precision Rectifier Circuit 
with Op-amp A2) 

 
The amplified pulse signal (V2) is converted into 

smooth DC signal with the help of the precision half 
wave rectifier circuit consisting of op-amp A2 as 
shown in Fig. 4 and the capacitive filter C3 with load 
resistance R6. An error signal is produced in this 
conversion process which may consist of two parts: 
error due to noise and error due to ripples. 

 
 

 
 

Fig. 4 (a). Noise equivalent of half wave precision rectifier. 
 
 

From the noise equivalent circuit of the half wave 
precision rectifier as shown in Fig. 4 (a), the output 
noise voltage En0 per unit frequency bandwidth can be 
calculated from the following equation (12).  
 

2 2 2 2 25 54
5 50

4 4

(1 ) 4 ( )Bn n n
R R R

E E I R k T R
R R

π= + + + + , (12) 

 

where kB is the Boltzmann constant (1.38×10-23 J/K) 
and T is the absolute temperature. 

From the manufacturer’s datasheet of the selected 
op-amp (OP07),  

 
9 129.6 10 / 14 10 /n nV Hz and I A HzE − −= × = ×  

 

Putting these values in (12), we have the output 
noise voltage for R4 = R-5 = 1 kΩ and T = 300 K  
given by 
 

0
82.59 10 /n V HzE −= ×  (13)

 

Hence the error due to noise may assume to  
be negligible. 

The error due to ripples may be estimated from the 
calculation of the ripple factor of the capacitive filter 
C3with R6 acting as load shown in Fig. 4. As per the 
proposed design, the pulse frequency f = 40 kHz = 
ripple frequency, R6 = 1 kΩ and C3 = 220 µF. Hence 

the ripple factor ( fr ) is given by 

 
1 5

3.28 10
2 3

6 3

r
f f R C

−= = ×  

 
Thus the ripple factor in the proposed design is 

negligible and the additional error introduced in the 
pulsating signal to DC signal conversion process due 
to the ripples may also be assumed negligible. 
 
 
3. Design 
 

The proposed ultrasonic level transducer system is 
designed by selecting the ultrasonic transmitter and 
receiver probe units as 40TR-12W, which is 
commercially available in the market as discrete 
transmitter and receiver probes. The storage tank 
which is selected in proposed design is a cylindrical 
plastic tank of internal height 38 cm and outer diameter 
20 cm with a lid cover on which ultrasonic transmitter 
and receiver probes are mounted by using an adhesive 
compound like fevi-quick with their sensing surfaces 
facing towards the liquid surface inside the storage 
tank. The storage tank is attached with a gauge glass 
marked with mm scale from which the liquid level 
inside the storage tank can be measured. Now the 
excitation circuit of the transmitter sensor is designed 
for 80 kHz using IC 555 timer based a stable 
multivibrator circuit as shown in Fig. 3. For 50 % duty 

cycle, 50 100
( 2 )

B

A B

R

R R
= ×

+
 or RA = 0. 

Hence for designing 80 kHz oscillator, we select  
C = 1 nf. So from equation (4), we get 
 

9

1.44 1.44
80000 , 2 18000

( 2 ) ( 2 )10 A B
A B A B

or R R
R R C R R −= = + =

+ +
 

Since for 50 % duty cycle RA=0, so  
RB= 9000 Ω = 9 kΩ. In Practical circuit, the duty cycle 
may be selected slightly less than 50 %. So RA is 
selected as variable 1 kΩ metal film 1 Watt 
potentiometer and RB is selected as variable 10 kΩ 
metal film 1 Watt potentiometer. By adjusting the 
values of these potentiometers, 80 kHz pulsating signal 
is produced. The short circuited JK Flip-flop IC 
CD4027 divides this frequency by two and produces 
two 40 kHz signals of opposite phases at the output 
terminals. These 40 kHz signals are used to excite the 
transmitter probe (TX) of storage tank through the 
buffer IC (CD4069) and capacitor C2 which is selected 
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as 220 μf in order to block any d.c part present in the 
excitation signal. 

The receiver circuit is designed by selecting the 
gain of the non-inverting amplifier using op-amp A1 is 
selected at 20. So we have the gain equation,  
 

2

1

20 1
R

R
= + 2 1, 19or R R=  

 
Now R1 is selected as 1 kΩ metal film half watt 

resistance with 1 % tolerance. Hence R2 =19 kΩ. So R2 
is selected as 22 kΩ metal film 1 Watt potentiometer 
with 5 % tolerance. For unity gain differential 
amplifier circuit with op-amp A3, R7 = R8  = R9 = R10 
and each is selected as 1 kΩ metal film half watt 
resistance with 1 % tolerance The other resistors  
R3 - R6 are also selected as 1 kΩ metal film half watt 
resistances each with 1 % tolerance. The zero 
adjustment potentiometer RZ is selected as 22 kΩ, 
1 Watt, and metal film linear potentiometers with 5 % 
tolerance. The op-amps A1, A2 and A3 are selected as 
low noise op-amp ICs OP-07. The diodes D1 & D2 are 
selected as IN 4148. 

 
 

3.1. Accuracy Analysis 
 

The accuracy of a  transducer or any measuring unit 
may be determined from the measured output obtained 
by the repetition of the experiment for several times for 
the same input under the same environment in both 
increasing and decreasing modes as per IEC 61298-2 
standard [2, 18]. From the repeated measured data, it is 
obtained from the zero deviation line or best-fit 
characteristic curve expressed in percentage of span or 
maximum range from the following equations.  
 

( )
Measured accuracy

Maximum Best fit data-Measured data
100%

Span
= ± ×

 (14) 

 
Hysteresis plus dead band

= ±[ [(Measured data in increasing

mode -Measured data in decreasing mode)

for thesameinput in onecycle]/span] 100%

Maximum

×

 (15) 

 

( )Measured accuracy+Accuracy ± hysteresisplusdead band=  (16) 

 
 

4. Experiment 
 

The experiment was performed by using the 
experimental set up as schematically shown in Fig. 2 
with its photographic view shown in Fig. 5. The 
proposed level transducer unit as shown in Fig. 2 and 
Fig. 5 consists of a storage tank provided with a gauge 
glass, an inlet valve V1 and an outlet valve V2.  

This tank may be filled up with tap water from an 
overhead tank through the inlet valve V1 and may be 

emptied through the outlet valve V2. The level of water 
in the tank at steady state can be measured from the 
position of water surface along the millimetre scale 
attached with the gauge glass. 

 
 

 
 

Fig. 5. Photographic view of the experimental set up. 
 
 

To determine the static characteristic of the 
transducer, a particular level in the storage tank was 
selected as the datum level and by alternately opening 
and closing the inlet valve V1, the liquid level in the 
tank above the datum level was increased in steps and 
at each step the value of the transducer output was 
measured by a four and half digit multimeter and the 
corresponding liquid level above datum position was 
measured from the difference between the readings of 
the liquid surface position and the datum position 
along  the gauge glass. From this value of level, the 
distance between the liquid surface and the receiver 
probe fixed on the cover plate was also determined 
from the difference between the maximum tank height 
and the reading of the liquid surface position along the 
gauge glass. Similarly by opening and closing of the 
exhaust valve V2, the liquid level was decreased in 
steps and at each step, the values of the transducer 
output, the liquid level and the distance between the 
liquid surface and the receiver probe were measured 
during performing the experiment in decreasing mode. 
The experiment was repeated for ten times in both 
increasing and decreasing modes at different dates and 
times under the same environment of an air-
conditioned laboratory maintained at 25 oC. Now the 
static characteristic curves of the proposed transducer 
were drawn by plotting the transducer output against 
the distance between the liquid surface and receiver 
probe as shown in Fig. 6 (a). From these measured 
values of transducer output at a given level and at a 
given liquid surface-receiver probe distance, obtained 
during ten repetitions under the same laboratory 
environment, the average value of these transducer 
outputs was determined. Now the average static 
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characteristic curve of the transducer was drawn by 
plotting the average transducer output against the 
liquid surface-receiver probe distance as shown in 
Fig. 6(b). From this average static characteristic curve 
the best fit curve is drawn using Microsoft excel 
program along with the best fit characteristic equation 
as shown in the same figure. The percentage deviation 
of each measured average value from the best fit value 
is now determined and the percentage deviation curve 
of the transducer is drawn as shown in Fig. 6(c). Now 
at each level and liquid surface-receiver distance, the 
standard deviation (σ) of the measured data obtained in 

ten repetitions is determined by using Microsoft Excel 
program. For each value of standard deviation, the 
percentage repeatability (r) of the measured data is 
determined by using the standard ASTM formula [18] 

given by, 
max

2 2 100%r
X

σ= ×  where, 
maxX  is the 

maximum average value for the transducer output. The 
repeatability curves for the proposed level transducer 
is now drawn by plotting the repeatability against the 
liquid surface-receiver probe distance as shown  
in Fig. 6(d).  

 
 

 

(a)  (c) 

 

(b)  (d) 

Fig. 6. Static characteristic curves of the proposed transducer with respect to the distance of reflecting water surface
from the ultrasonic transmitter: 
(a) Static characteristic curves of the proposed transducer for the measured data obtained from ten repetition in increasing 
and deceasing modes; 
(b) Average static characteristic curve of the proposed transducer along with best fit characteristic and best-fit 
characteristic equation; 
(c) Percentage deviation of the measured average static characteristic data from the corresponding best-fit data; 
(d) Percentage repeatability of the measured data observed in ten repetitions. 

 
 

5. Conclusions 
 

The transducer static characteristic curves of the 
transducer obtained in ten repetitions of the experiment 
under the same laboratory environment at different 
dates and times as shown in Fig. 6(a) are all found to 

be almost similar to the average static characteristic 
curve as shown in Fig. 6(b). The best fit characteristic 
equation as shown in Fig. 6(b) follows the derived 
equation (11) to a very good extent. The percentage 
deviation from the best fit non-linearity is also found 
to be very small as shown in Fig. 6(c). From the 
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percentage repeatability curve of the proposed level 
transducer as shown in Fig. 6 (d), the transducer is 
found to have good repeatability.  

In the conventional non-contact ultrasonic liquid 
level transducer, the time of flight (TOF) between the 
instants of transmitting and receiving of the reflected 
ultrasonic wave from liquid surface of a storage tank is 
measured by a microprocessor or microcontroller or 
computer based technique. So the measuring unit is 
very costly but due to its various advantages such as 
very good linearity and good measurement accuracy, it 
is widely used in industry. But the proposed transducer 
technique is a simple intensity sensing technique and 
does not require any of the digital system associated 
with the conventional TOF technique. So the proposed 
level transducer technique involves much less cost than 
the conventional measuring unit. Its main disadvantage 
is that its output static characteristic is nonlinear. But 
this disadvantage can be easily overcome by using 
simple analog or digital linearization technique. 

The measured accuracy, hysteresis plus dead band 
and overall accuracy of the proposed level transducer 
are calculated from the measured data in the repeated 
experiments under the same laboratory environment 
by using the standard equations (12), (13) and (14) 
respectively and are respectively, found to  
be ±1.85 %, ±0.184 % and ±2.034 %. Thus the 
accuracy of measurement using the proposed level 
transducer is comparably good with respect to the 
conventional techniques as shown in Table 1.  

 
 

Table 1. Comparative study of the measurement accuracy 
of the proposed level transducer with the conventional level 

transducers [2]. 
 

Type 
of transducer 

Accuracy 
in ± % of span Inference 

Air bubbler type 0.5-1 

The 
measurement 

accuracy of the 
proposed 
modified 

transducer is 
comparable with 

that of the 
conventional 
transducers 

Capacitance type 0.5-3 

Diaphragm type 1-3 

Differential 
pressure type 

0.25-1 

Displacer type 0.25-1 
Float type 0.1-3 
Radar type 0.1-1 
Nuclear type 1-2 
Resistance tape 0.1-1 
Ultrasonic type 0.25-3 
Proposed 
modified 
ultrasonic type 

2.034 

 
 

A good resolution of.1 mm was observed in the 
proposed flow transducer experiment because the 
level was measured from an mm scale. However, the 
proposed transducer was also found to respond to a 
very small change of level less than 1 mm. In industrial 
environment, an accuracy of 2.034 % of the liquid 
level measurement system is within acceptable limit 
and is comparable with the accuracy of some other 
techniques which may be as high as 3 %. The lack in 

accuracy of the proposed technique may be due to the 
effect of atmospheric parameters like temperature, 
humidity etc. on the intensity of the ultrasonic signal. 
So a study of this effect is left as a future scope of the 
present work. 

The conventional TOF type ultrasonic transducer 
output is dependent on the atmospheric parameters  
like temperature, humidity, etc. because for the  
liquid surface-receiver probe distance (d = H-h),  
TOF = d / V = (H- h)/V is linearly dependent on level 
(h) only when the velocity (V) of sound wave is 
constant. Since the velocity of sound wave depends on 
these atmospheric parameters, the conventional 
ultrasonic flow transducer may suffer from 
measurement error. Now the intensity of sound wave 
is primarily dependent on the propagation distance 
along with the atmospheric parameters. But for a 
limited value of level in a storage tank, the effect of 
atmospheric parameters on the intensity of sound wave 
may be assumed to be negligible. Hence the error in 
level measurement by using the proposed  
technique due to the atmospheric parameters may be 
assumed to be smaller than that observed in the 
conventional technique. 

It may be mentioned here that in the modern 
electronic era, the TOF type microcontroller based 
level or distance transducer IC like USTI, UFDC-1, 
UFDC-1M etc. are now easily available in the market 
at small cost. One disadvantage of this system may be 
mentioned as that it is not repairable. So in the present 
paper a simple low cost intensity sensing type 
technique has been proposed, which is reparable. The 
decrease of reliability due to use of more number of 
ICs may be overcome by selecting low noise op-amps 
like OP-07. In the proposed technique the effect of 
atmospheric temperature on the sound intensity has 
been ignored because the experiments have been 
performed repeatedly under the same environment of 
an air-conditioned laboratory maintained at 25 oC 
throughout a year. Since the air column collected over 
the liquid inside a storage tank is always saturated with 
the liquid vapor, so in the present work, the effect of 
humidity on sound intensity has not been considered. 
However, in industrial application, the effects of these 
atmospheric parameters as well as the signal frequency 
should be studied. This is left as a future scope of the 
present work. 
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Abstract: Sensor networks used in environmental monitoring applications are subject to harsh environmental 
conditions and hence are prone to experience failures in its measurements. Comparing to the common task of 
outlier detection in sensor data, we review herein the complex problem of detecting systematic failures such as 
drifts and offsets. Performing this detection in environmental monitoring networks becomes a stringent task 
especially when we need to distinguish data errors from real data deviations due to natural phenomenon. In this 
paper, we detail the scope of events and failures in sensor networks and, considering those differences, we 
introduce a new instantiation of a proven methodology for dependable runtime detection of outliers in 
environmental monitoring systems to address drifts and offsets. Lastly, we discuss the use of machine learning 
techniques to estimate the network sensors measurements based on the knowledge of processed past 
measurements alongside with the current neighbor sensors observations.  
 
Keywords: Data quality, Failure detection, Sensor fusion, Machine learning, Sensor networks,  
Aquatic monitoring. 
 
 
 
1. Introduction 

 
When monitoring harsh environments, deployed 

sensors have to perform under unfavorable conditions, 
producing occasionally failures of several types. 
Measurements may be imprecise, incorrect, 
incomplete, incoherent or inappropriate to the problem 
at hand. Sensors may exhibit errors due to faults in 
sensors or other sources (e.g. communication), either 
being outliers, temporary disturbances or systematic 
deviations. These errors can ultimately contribute to 
the issuing of false warnings or wrong management 
decisions. We focus here on real environments subject 
to harsh conditions, namely aquatic environments. 

Many of the existing techniques for fault detection do 
not consider the presence of natural phenomena 
interfering with sensor measurements [1, 2]. These 
phenomena can ultimately lead to deviations in 
measurements that might be wrongly perceived as 
errors. In this paper we consider physical phenomena 
as events, which are natural occurrences and their 
impact on measurements should not lead to wrongly 
detect faulty behaviors. 

In the past decade there have been many studies 
supporting the use of machine learning techniques and 
sensor fusion to identify or classify events, including 
failure situations [3, 4]. The most common situations 
are related to faulty data observations due to spurious 
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errors, such as outliers or to communication faults or 
outliers derived from sensor faults. In fact, detection 
and mitigation techniques for drifts and offsets in the 
context of sensor networks have not been addressed 
thoroughly. Herein, we introduce a solution to detect 
and correct offsets and drifts, characterized by a 
systematic failure behavior observed during a 
determined time interval. These errors often occur 
when a sensor is functioning during a long period of 
time without intervention, requiring additional 
automated procedures to identify and correct faults in 
the measurements. In [5], we characterized a 
methodology that uses prediction methods and failure 
detection techniques in order to promote the 
identification of failure behaviors in sensor 
measurements. 

Herein we propose an instantiation of the 
methodology presented in [6], comprising machine 
learning strategies for the prediction of the expected 
sensor measurements of each sensor node, but now 
accounting only for faults related to drifts and offsets. 

This paper is organized as follows. In Section 2, 
we identify related work on mechanisms and 
techniques for detecting offsets and drifts, including 
the use of data fusion strategies. In Section 3 we 
briefly overview the base methodology and in 
Section 4 we describe the proposed instantiation and 
assumptions required for the application for drifts and 
offsets detection. 

 
 

2. Related Work 
 
Methods for detection and correction of drifting 

and offset failure behaviors in sensor devices are 
different for single device and multiple devices 
(network). In the first category, we discuss calibration 
and its variants as a process to prevent and correct such 
failures. In contrast, in a multi-sensor situation, it is 
possible to use data fusion techniques in order to detect 
and correct drifts and offsets. 

The re-calibration process of sensors is usually 
performed off-field by removing the sensor of the 
monitoring environment and recalibrating it in 
controlled conditions, with potential data loss if no 
redundant way of collecting sensor data is available 
(and the added re-deployment costs). 

Although sensor calibration may be sometimes a 
costly operation, given its frequency, it is necessary to 
assure the maintenance of good quality data. In order 
to minimize the number of interventions in the sensor, 
a possible alternative is the auto or self-calibration, 
which is a software-based procedure to enable sensors 
to monitor themselves and self-calibrate using a 
reference. This latter option, being adaptive, is 
potentially better to deal with varied and even 
unpredicted circumstances, and is also designated as 
measurand reconstruction or sensor compensation. 

The auto-calibration process is referred to the 
methods aimed at diminishing the effect of the 
disturbing parameters in the features of sensors. The 
sensor becomes less sensible to past information, 

interfering environmental factors and noise. This is 
possible via numerical techniques that compensate the 
disturbances. These techniques are applied after the 
transformed signal being quantified, through digital 
signal processing. This method has been used with 
relative success, for instance exploiting statistical 
regression based on a priori knowledge [6] or using 
artificial neural networks [7, 8]. 

For the multi-sensor scenario, particularly in the 
context of sensor networks, these automatic 
calibration techniques have also been studied to 
correct drifts and offsets failures. However, these 
techniques only consider blind calibration, which 
means that there are no detection mechanisms for data 
faults. One of the first works is presented in [9], where 
the authors designed an algorithm to be used in high-
density sensor networks in a post-deployment phase. 
This algorithm uses temporal correlations between 
pairs of neighbor sensors to correct their signal 
(measurements). An additional phase of the algorithm, 
particularly useful in the context of multi-sensor 
networks, is explained as an optimization step by 
dealing with groups or clusters of sensor nodes. 

Balzano, et al. [10] deals with blind calibration in 
sensor networks softening the high-density 
requirement, assuming a linear model for the sensor 
calibration functions, meaning that sensor readings are 
calibrated up to an unknown gain and offset for each 
sensor. They too rely on sensor correlations to model 
their behavior. In fact, data fusion is a common  
subject in blind calibration studies (more examples  
in [11-13]). 

For the single sensor networks scenario, there is a 
limited number of studies considering both detection 
and correction mechanisms of offset and drifts 
failures. Offsets analyses are more common than 
drifting ones, in particular in applications related to 
digital imagery. One exception is [15], where the 
authors present a machine learning approach to detect 
offset and drifts faults in WSNs. Their method consists 
in using Hidden Markov Models to capture both the 
dynamics of the environment and the dynamics of the 
faults. This work also presents an analysis on the 
extracted models to determine the types of faults 
(including offsets) affecting the sensor measurements. 

Concerning specifically drifting failures, a 
research group presented several studies over the last 
years regarding a design and its various improvements 
of a drift-aware sensor network [15-24]. The original 
study presented the concept of a mechanism to detect 
and correct drifts in sensor networks. Afterwards, 
several data fusion techniques were introduced and 
demonstrated to be efficient. The group used statistical 
techniques, Kalman filters, Interacting Multiple 
Model algorithm, Recursive Bayesian algorithm, 
Spatial Kriging method, and ensembles of these 
techniques. Their work has been applied to high-
density sensor networks measuring parameters such as 
temperature but also to image-related networks with 
geospatial information. Provided results in indoor 
sensor networks have proved the methods to be quite 
successful in detecting and correcting drifts and offsets 
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in the range of (-10,10) added to the sensor 
measurements, presenting root mean square errors in 
the range of (5,8). 

Lastly, focusing simply on the detection 
mechanism, [25] presents a fault detection method for 
WSNs based on a multi-scale Principal Component 
Analysis (MSPCA), applied in a laboratory network 
dataset, the same as the previous studies, to detect both 
offsets and drifts failures for temperature sensors. The 
provided results prove that the method is effective in 
detecting artificially injected systematic faults of 
different magnitudes and time duration. 

Although these last studies have promising results 
in the field of detecting drifts and offsets in sensor 
measurements, their focus is mostly in laboratory or 
indoor conditions. Their methods do not consider the 
high variability of environmental monitoring,  
which we take in consideration in the methodology 
presented in [5]. 
 
 
3. Methodology Overview 
 

A methodology for processing measurements from 
multiple sensors is proposed in [5]. This methodology 
addresses failure detection, data quality assessment 
and data correction applied to outliers. The 
methodology is mostly intended to be applied during 
runtime, for the detection of faulty measurements and 
the respective mitigation in a continuous way, during 
the sensor operation. 

The purpose of the methodology is not only to 
detect failures in measurements but also to 
characterize the quality of each measurement and if 
this quality is below some threshold, be able to provide 
an estimation of a replacement measurement with 
better quality. Therefore, a solution for dependable 
data quality needs to encompass the decision-making 
capabilities of a classifier in order to detect faulty 
measurements, as well as the prediction mechanisms 
to model the sensors behaviors to estimate expected 
values for the measurements. However, this 
classification does not necessarily need to be based on 
machine learning approaches. Therefore, for the 
purpose of defining a generic methodology, both types 
of capabilities, that is, detection and estimation,  
are necessary. 

The methodology encompasses the use of 
prediction methods to estimate the expected sensors 
measurements, which in practice exploit machine 
learning techniques. It also encompasses  
failure detection but the concrete techniques to 
implement failure detection may not be based on 
machine learning. 

We defined it to be generally applicable to any 
WSN monitoring system in harsh environments. This 
is accomplished by defining essential functionalities. 
The described methods are proposed independently of 
the physical processes being monitored, but leaving 
room for the selection of methods whose results 
depend on the concrete behavior of the monitored 
processes. 

A sensor network architecture composed of more 
than 1 sensor nodes is assumed where each node is 
equipped with one or more sensors measuring 
different, but correlated physical processes. Sensor 
nodes may be physically distant, but their 
measurements are also correlated. The network has a 
gateway or sink node that receives all sensor 
measurements, although we do not consider a specific 
network topology. The sink node is responsible for 
processing sensor measurements using the proposed 
methodology, making the dependable monitoring data 
available to other systems upstream.  

Regarding temporal aspects, sensor nodes are 
assumed to be configured to periodically transmit a 
new measurement, but no assumption is made on the 
frequency of transmission nor on the synchronization 
between different sensor nodes. Message transmission 
delays are assumed to be negligible in comparison to 
the dynamics of the monitored physical processes. 
Furthermore, all measurements received at the sink 
node are considered to be assigned the timestamp 
obtained from its local clock, allowing temporal 
correlations between independent measurements to be 
considered by the processing methods. The local clock 
at the sink node is assumed to be correct. 

Regarding the assumed fault models, there is a 
specific focus on sensor data with outliers, drifts and 
offsets, regardless the nature of these value faults. The 
handling of omissions (i.e., sporadic loss of a 
measurement) and the crash of sensor nodes are also 
considered, as well as recovery of lost information. 
For crash failures, however, this recovery is  
only partial. 

The methodology requires several models to 
characterize the correct behavior of each sensor, 
composed of one or more supervised learning 
techniques. A preliminary step is to construct these 
models, which requires sensor data with absence of 
measurement errors from all the sensors to be used. 
The models will explore temporal correlations 
between consecutive past measurements of the target 
sensor, spatial and value correlations between past 
measurements of the target sensor and past 
measurements from a variable number of other 
sensors. Spatial correlations are used when the target 
sensor and other sensors are in different geographical 
locations. Value correlations exist for example 
between the target sensor and sensors placed at the 
same location. 

Consequently, the methodology is designed as an 
ensemble of supervised learning methods, which 
require an offline initial training phase for each node’s 
model construction.  

The methodology is composed of 4 blocks that are 
executed for each new received measurement from 
each target sensor. The first block is the Prediction (P) 
block, where we employ prediction methods in order 
to get one or more estimates of the measurement 
expected to be obtained from the target sensor.  

The second block is the Failure Detection (FD) 
block, which objective is to identify possible failure 
behaviors in the target sensor dataset, through 
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procedures that help identify if a measurement is 
considered normal or abnormal, contemplating that 
these anomalies can be caused by a real environmental 
event and not a sensor fault. 

The third block is the Quality Evaluation (QE) 
block. It determines the quality coefficient for the 
measurement and characterizes it whether it is faulty 
or not, setting the coefficient from 0 to 1. 

The fourth and last block is the Measurement 
Reassessment (MR) block, where a replacement for a 
faulty measurement is estimated using as input the 
predictions in the Prediction block. 

A flow diagram of the 4 blocks of the methodology 
is provided in Fig. 1. 

The proposed methodology was evaluated and 
validated by instantiating it for the particular scenario 
of outliers detection and correction [5]. Firstly, we 
developed a solution according the methodology to 
detect outliers in an aquatic monitoring system in the 
Columbia River (Oregon, USA). Lastly, this 
instantiation was further compared with other state-of-
the-art solutions in a benchmark case study for indoor 
monitoring, proving its validity by performing at least 
as good as the best solution in the comparison study. 

 
 

 
 

Fig. 1. Flow diagram of the methodology. 
 
 

4. Systematic Failures Solution 
 

4.1. Objectives 
 
In monitoring networks, solutions for failure 

detection and mitigation need to aim not only to the 
more popular spurious failures as the outliers, but also 
the less frequent scenarios of offsets and drifts. 

Another important concept considered in the 
methodology is the capability to distinguish the sensor 
faults from the environment-related events. These 
events can be perceived by the fault detection 
mechanisms as failures, which in this case are indeed 
false positives. To avoid this problem, we start by 
defining both events and failures as we comprehend 
them in our study. 

We characterize events as the physical phenomena 
that impact the monitored environment to some extent. 
These can be of short duration or long lived like for 

instance heavy rain or incrustation of marine life in the 
sensors. All such events are difficult to predict, and 
may affect the sensors measurements. We consider 
that an event has a wide scope and it is not just a 
localized happening. For instance, an object collision 
with a sensor is a short-lived happening that may 
produce a sensor fault (possibly causing an outlier). 
The presence of animals in contact with or attached to 
a sensor’s structure is an example of a long-lived fault 
(in this case possibly causing an offset error). 

Furthermore, events may lead to deviations from 
expected values in measurements that may be wrongly 
perceived as faults. We want to distinguish between 
events and faults. Therefore, because according to our 
definition, events have a wide scope, we can exploit 
spatial redundancy to deploy multiple sensor nodes 
that will allow us to determine when unusual 
measurements are consistently observed and hence 
report an event. In a natural environment, as 
considered herein, the range of events is very wide and 
heterogenous. It is very hard to define all specific 
event signatures which could help to detect the events 
and differentiate them from faults. Therefore, the 
application of our methodology to offsets and drifts 
detection in these environments considers localized 
events as a fault. 

In the aforementioned methodology, we use 
redundancy and we compare several measurements in 
order to derive conclusions from these comparisons. If 
the sensor is performing as expected, which can be 
determined by analyzing the data produced by the 
sensor using data processing methods, then it is 
considered to be in a normal state. If the data 
processing method detects the existence of some 
anomalous measurements, then it is said to be in a 
failure state. Finally, it is possible that these 
anomalous measurements are also observed in the 
output of all other related sensors. In this case, all the 
sensors are in an event state. Otherwise, we need to 
reason in terms of the majority of observations. If the 
majority of the related nodes produce measurements 
showing anomalies, then the network is in an event 
state. Otherwise, the network is in a normal state and 
the minority of nodes that are not performing as 
expected are in a failure state. 

The above definitions become particularly relevant 
when exploring the spatial correlations between 
neighbor sensors in order to correctly identify both the 
event and the failure behavior [26]. More importantly, 
these are the foundations for the implementation of the 
solution for systematic failures. 

For the instantiation of the methodology to the 
detection and correction of systematic failures such as 
drifts and offsets, we follow the same techniques as the 
ones presented in [5] for the outlier setup strategy 
(ANNODE), namely artificial neural networks 
(ANNs) and statistical techniques respectively used in 
the Prediction and Failure Detection blocks of the 
methodology. However, since there are notorious 
differences between spurious and systematic errors, 
these have implications on the strategies for Prediction 
and Failure Detection blocks. Indeed, the procedures 
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and techniques need to be customized specifically for 
failures that show a persistent behavior over a  
time interval. 

 
 

4.2. Systematic Failures 
 
Offset failures can be characterized by a period of 

time during which the measurements exhibit a given 
offset, constant or almost with no variance, with 
respect to the expected sensor readings. It is the 
behavior shown during a time interval that provides 
the systematic aspect, different from the spurious 
behavior of an outlier. On the drift failures, the drifting 
behaviors can be split into two categories related to 
their general pattern. A drift can be characterized by a 
smooth and slowly decay or growth, as in a linear or 
exponential function, represented in Fig. 2(a). The 
second category describes a drift also with a linear or 
exponential decay or growth but presenting 
discontinuities or sudden surges, abrupt changes or 
accentuated peaks, represented in Fig. 2(b). 

 
 

 
 

(a) 
 

 
 

(b) 
 

Fig. 2. Categories of Drifting failures:  
a) Sharp drifts; b) Smooth drifts. 

 
 

4.3. Prediction Block 
 
A solution for the detection and correction of 

offsets and drifts should follow three steps. First, in a 

sensor network there must be a selection of the 
network sensor nodes that are highly likely to be 
correlated. This correlation can be verified by 
considering either the physical distance or  
through expert knowledge of the specific  
environment dynamics. 

The second step is the selection of the data fusion 
techniques for the Prediction (P) block, considering 
that such techniques must be adequate to resolve the 
estimation problem (predicting the target sensor next 
measurement). Finally, the third step includes the 
selection of the specific datasets for the training 
process (if required) of the chosen techniques. 

We defined the type and structure of ANNs to use 
for the datasets of a case study [5], in which for 
monitoring measurements of a given target sensor, the 
inputs are comprised of the vectors with a history of 
measurements of the neighbor sensors and possibly of 
the target sensor itself. Regarding the layer structure, 
besides the input and output layers, the ANNs are 
composed also with two hidden layers. The ANNs 
output is trained to be a prediction of the target sensor 
next measurement (single value). 

In terms of the predictions provided by the ANNs 
(P block), there is a clear difference between outlier 
and systematic detection. For systematic failures 
detection prediction models based on the target past 
measurements are not considered.  

Consequently, we only consider ANNs trained 
based on the measurements of the neighbor sensors. 
Therefore, we discard past measurements from the 
target sensor because these have a strong influence in 
the predictions and could lead to wrong predictions.  

One important difference between systematic and 
spurious errors is that in the former, they are observed 
over time while the latter are observed in a single 
measurement. Therefore, systematic errors cannot be 
detected as soon as they start, only after being 
observed for a certain time interval. 

Another important aspect to consider for the 
specific situation of environment monitoring networks 
is that the sensors are widespread in space, which may 
diminish the prediction techniques accuracy. 
Moreover, without explicit sensor redundancy where 
we have at least two sensors in the same place 
(location), we are likely to have less accurate 
estimations for the target sensor measurement. 
Therefore, in order to obtain a more complete view of 
the monitoring system, we are required to have several 
correlated neighbor sensors. 
 
 
4.4. Failure Detection Block 

 
In the Failure Detection (FD) block, similarly to 

the outlier detection ANNODE solution [5], we 
consider a statistical technique as a comparison 
method, in order to calculate the differences between 
each measurement and the corresponding predictions 
provided by the Prediction block (P). This statistical 
technique uses a training dataset to learn the 
probability distributions fittings between the errors of 
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the prediction models defined in P and the expected 
measurements. Using the training dataset, the square 
errors between the measurement and each prediction 
are obtained and we are able to obtain the final 
cumulative density function (CDF). This CDF allows 
us to calculate the probability of the error between 
current target sensor reading and prediction. 
Therefore, by defining a threshold for error 
probability, we can assess the significance of the 
observed differences between the measurement and 
the predictions. 

In this solution for the detection of systematic 
errors, we have different detection conditions from 
those formulated in ANNODE. Firstly, each 
measurement of the target sensor is compared with the 
predictions. The number of significant differences, 
which can be between zero and total number of 
predictions, is then recorded. Afterwards, these 
differences are evaluated over a significant temporal 
window to perform the intended detection of 
systematic failure. 

For this systematic detection, a temporal window 
must be defined so we can distinguish single point 
situations from systematic failures or even from an 
environment-related event. These single point 
situations can be spurious errors or just regular 
fluctuations in the differences between the 
measurement and the corresponding predictions, in 
which the difference can be significant for that instant 
but not in a systematic manner. This temporal window 
will allow us to characterize correctly a systematic 
failure, either being an offset or a drift. 

The temporal window will have user-specified, 
pre-defined time units, which is typically defined by 
the application and related with the required failure 
detection latency. The rule of thumb is that the 
window must include enough measurements to 
characterize the temporal scales of relevance with 
enough resolution for the phenomena at stake, 
depending also on the frequency of sensor 
measurements. The number of measurements in the 
window must be at least 3, such that it is possible to 
conclude that a certain behavior is systematic, but it 
can be made larger as this will allow more  
precise conclusions.  
 
 
5. Conclusions 
 

We propose herein a new approach for drift and 
offset behaviors detection, specifically targeted for 
application in environmental sensor networks. The 
implementation is based on an instantiation of a past 
methodology [3], applicable to short- and long-term 
failures. The new methodology comprises relevant 
prediction models for the next measurement of the 
target sensor, using machine learning techniques 
based only on the neighbor’s information. The next 
steps will be to demonstrate it with real world data, in 
a complex environment setting. 
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Abstract: Although microclimate is only one aspect when it comes to look at comfort determining factors, it 
decisively gains importance with increased wearing or using cycles of apparel, seating and laying systems. One 
of the challenges arising with validation of climate comfort are suitable test and evaluation standards in order to 
achieve high reproducability and reliable forecasts. These requirements can only be met economically with 
human-physiologically adapted climate simulation combined with a suitable measuring technique for temperature 
and humidity distributions. The unique combination of the SWEATOR climate simulation and the SWEATlog 
sensor mats meet this requirements in an outstanding way. Apart from realistic and physiologically relevant 
microclimate simulations, the application of special, precise and bus-compatible combi-sensors for temperature 
and humidity offers the calculation of heat and humidty maps for visualization. Using specific clustering methods 
and numberless correlation results from occupant tests, the calculation of various material parameters, such as 
thermal or vapor resistances, as well as comfort indicators can be realized for valuable and reliable  
comfort forecasts. 
 
Keywords: Microclimate measurement, Heat and humidity map, Microclimate simulation, Comfort assessment. 
 
 
 

1. Introduction 
 

Many products in our day to day live are assigned 
to be ergonomical and comfortable with high usability 
and conformity. Especially for apparel, seats and 
mattresses we have learned, that they should be breat-
hable, waterproof and climate managing. But how can 
these attributes be assessed and what is the importance 
respectively the true advantage for the user?  

Regarding the climate comfort in particular the 
physiological requirements of the thermoregulation as 
well as the individual sensations have to be analyzed. 
When humans are asked, whether they prefer warm or 
cool respectively dry or humid climate, the answers 
indicate a clear preference for dry. Warm or cool 
remains to be evenly distributed. This is although 

humans do not have any moisture receptors. Hence the 
concept of warm or cold sensations must be a 
combination of heat and hummidty developments. 
This confirms the slogan “some like it warmer, some 
colder, but all prefer dry !”. So how does a moisture 
sensation arise and what role does the temperature and 
humidity level play for a comfort perception? Which 
measurement technology enables the quantification of 
this comfort aspect, which is one of the decisive 
factors for product quality? 

 
 

2. Comfort 
 

When searching for a meaningful description of 
comfort, a simple but also extremely appropriate 
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formulation may be: comfort is not just less but no 
uncomfortable perception at all. So it seems to be 
better to have a look at discomfort instead of comfort.  

Example: Wearing new shoes the first times will 
generate pressure points, tight sensations, warm and 
humid perceptions and local skin irritations, often 
resulting in red skin or even blisters. Consequently 
comfort has a biomechanical as well as a climatic 
proportion, whereas the perception of discomfort is 
primarily determined by biomechanical aspects, which 
are complemented and maybe even overruled by 
climatic factors with increasing wearing times. The 
decisive point of a climate comfort view reveals within 
the resulting microclimatic conditions, quantified by 
temperature and humidity.  

In practice many investigations on general climate 
comfort have been published. The majority sets focus 
on various ambient temperature, humidity and air 
flow, even radiation, resulting in recommendations of 
comfortable and uncomfortable areas or zones 
depending on workloads and clothing situations (see 
Fig. 1) [3, 4, 5, 15]. 

 
 

 
 

Fig. 1. Areas of comfortable and uncomfortable perception 
for environ’s climates under certain clothing  

and physical situation. 
 
 

Such information on general climate comfort 
however disregard the fact, that regional discomfort 
conditions have a decisive influence on the resulting 
perception of general comfort. Coming back to the 
example with the shoes, imagine that you are waiting 
for the bus in winter, wearing warm clothing, but 
standing in the slush, shoes are wet and feet are cold. 
It becomes obvious that this regional discomfort in the 
feet area will mainly influence and maybe overrule the 
general comfort perception (see Fig. 2).  

This aspect of regional discomfort has been 
investigated barely and results are just available for 
feet, hand and seat/backrest region [1, 9, 14]. 

To understand the central role of microclimate on 
the comfort perception, a look at human 
thermophysiology will help. Its goal is the production 
of heat to stabilize the core temperature at about 37 °C. 
According to thermal or physical load this heat 
production will vary. In case of too much heat the 

necessity of discharge will increase, otherwise heat 
loss is decreased and additional heat production 
(trembling) will start. Heat loss is physiologically 
controlled by a change of blood circulation and, in 
particular the increase, also by evaporation. In both 
cases the clothing system should assist the 
thermoregulation by adjusted isolation respectively 
heat and humidity transmission. These mechanisms 
will change the temperature and humidity in the 
microclimate of the boundary layer between skin 
surface and textile. 

 
 

 
 

Fig. 2. Local discomfort perception in the feet sector 
for various microclimates in the shoe. 

 
 

Based on many trials with human occupants on 
seats, in beds, and with diverse apparel products the 
human thermoregulation behavior measured as the 
microclimate close to the skin can be separated into 
three phases (see Fig. 3): 

Phase 1: thermal neutrality, characterized by: 
- Low temperature changes with up to +/- 1 °C 

within the comfort range 31.5 °C – 35.5 °C. 
- The heat balance is even, sweating as active body 

own method to influence the heat only happens in little 
doses (fine tuning). 

- Dynamic regulating activity of low sensitive 
perspiration with slightly upward and downward 
developing absolute humidity levels occur, which over 
time do not accumulate in the human/textile interface.  

Phase 2: Tendency to feel cold, characterized by: 
- Decrease of the skin temperature below the 

comfort zone, risk of a reduction of the body  
core temperature.  

- Demand for heat supply increases. Sensitive 
(active) sweating shuts down; humidity gradients 
decrease or remain stable. 

- Lowest sweat emission, only insensitive sweating 
with very little absolute humidity and low to  
zero dynamic.  

Phase 3: Tendency to overheat and sweat, 
characterized by: 

- Increasing skin temperature over the  
comfort level, increasing tendency of the body  
core temperature.  
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- The demand for heat release increases; growing 
sweat activity with higher upward trends of  
humidty levels. 

- In the measurable view a medium to high 
accumulating absolute humidity in textile layers can 
be seen.  

Thus, the decisive conclusion from the measured 
assessment of climate comfort is to focus on the 
directly developing microclimate at the human/textile 
interface providing kind of a blueprint of the 
thermoregulation processes [11].  

 
 

 
 

Fig. 3. Characteristics of thermoregulative phases. 
 
 

To close the gap between measured microclimate 
and occupant’s perception specific investigations have 
been conducted with the confirming result: 
microclimate is the best matching indicator for climate 
comfort by close correlation to perception. (Fig. 4). 

 
 

 
 

 
 

Fig. 4. Combined temperature and humidity  
perceptions of proband tests in shoes under various  

climate and physical stress conditions. 

Fig. 4 shows the perception scores for various 
microclimate situations in the feet section as well as 
possible regressions to the measured values: 

- Very good fitting of perceived heat to  
measured temperature; 

- Weak correlation between measured relative 
humidity and their perception; 

- and best between the comfort perception and 
absolute humidity, which combines relative humidity 
and temperature. 

But Fig. 4 visualizes also a widespread diversity 
between the individuals. To get reproducible and 
valuable results many occupants and many tests are 
necessary, what is cost and time consuming. This 
justifies a standardized heat and humidity source. 

 
 

3. Simulation of Microclimate 
 
As a consequence of the standardization demands 

for climate tests artificial systems are applied. Those 
emit heat and humidity aiming to measure and 
calculate physical material parameters such as heat 
conduction and vapor transmission respectively 
storage. Others aim to simulate the human heat and 
humidity emission (thermoregulation) creating a 
certain microclimate with the test object, which allows 
a reliable prediction of the climate comfort [2, 6, 10, 
12]. Such climate dummies can be found either as 
whole-body manikins or formed as single body parts. 
They are mostly of highly complex technology and 
sometimes come with instable processes. Standards 
have been available for decades like Sweating 
Guarded Hotplate (SGHP) respectively Hohenstein’s 
Skin Model [16] but without a focus on microclimate. 

Apart from standardized test conditions, e.g. 
ambient climate, measurement spots and sensor 
quality, the particular challenge for the setup and 
operation of such climate simulation systems is the 
best possible replication of the physiological human 
evaporation and the combination of heat and humidity 
emissions. Only this way defined climatic conditions 
and energy rates will ensure realistic heat and moisture 
flows and stationary microclimate situations. 

According to the necessary features of a 
standardized heat and humidity source the SWEATOR 
system has been developed [7]. This technology is 
based on a water-filled, heat controlled hollow body 
with a special water vapor permeable membrane 
coating. The test specimens can be manufactured in 
different shapes (see Fig. 5), with different permeable 
membranes and without or with different surface 
perforations. The heating and water circulation are 
controlled by a touch screen control unit. Energy 
inputs from a few Watts to 400 W per square meter 
and sweating rates between 50 and 600 ml/m²×h are 
possible. For human physiological simulations under 
normal conditions, settings of 30 - 50 W/m2 or  
90 - 120 ml/m²×h are used. After pre-conditioning the 
device to the desired values, the SWEATOR manikin 
is applied to the confectioned test objects. In the 
boundary layer between SWEATOR surface and 
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material probe the microclimate distribution is 
measured with single sensors resp. a sensor array at 
defined locations (see chapter 4). The test trials take 
place under climatically defined room conditions 
including additional convections, if necessary. The 
SWEATOR technology thus enables realistic test 
conditions and non-destructive testing options with 
ready-made products. 

 
 

 
 

Fig. 5. SWEATOR torso with test jacket, SWEATOR foot 
and SWEATOR head with safety helmet. 

 
 

The SWEATOR control unit records and stores the 
supplied energies, weight changes and microclimate 
conditions even within various textile layers or outlets 
of ventilation channels. 

Regarding the thermal system self-loss, the 
moisture quantity, stored in the sample during the 
experiment, and the mass flow, converted by use of 
approximately constant evaporation energy of approx. 
2400 J/g, the most important values of heat flow Hc 
and moisture flow He, each with the unit Watt, are 
calculated. This means that the result variables 

- Moisture Vapor Transmission Rate MVTR [g/h]; 
- Evaporative Capacity EC [W]; 

- Storage from the vapor phase ΔWP [g] 
can be determined. Including the measured 
microclimate parameters temperature, relative 
humidity or water vapor partial pressure at different 
spots even the thermodynamic material parameters;  

- Thermal resistance Rct [K×m2/W]; 
- Water vapor transmission resistance Ret 

[Pa×m2/W] are calculated. 
 
 

4. Sensors for Microclimate 
Measurement 
 
As discussed before the additional demand on 

reproducible and valuable (substantial) measuring 
values has to be respected either.  

Usually, the measurement of the microclimate is 
carried out with discrete combi-sensors for 
temperature and humidity [13]. The inaccuracies that 
occur in sensor location and occupancy or coverage 
lead to a scattering of the measured values and limit 
the quality of the information.  

 
 

Fig. 6. Heat and moisture transport 
in SWEATOR simulation. 

 
 

A solution to avoid the difficulties with single 
sensors is a defined array of up to 60 sensors combined 
with an interpolation algorithm calculating the 
temperature and humidity distribution with all discrete 
sensor readings. To reduce cable and technical 
complexity bus-compatible combi-sensors with I2C 
interface are built into a flexible, thin and 
compressible spacer mat, which enables two- and even 
three-dimensional recordings of the microclimates [8]. 

By laborious market analysis two suitable sensors 
(Fig. 7) with different specifications and 
disadvantages have been identified: 

- Honeywell HIH8xxx: 
- I2C with up to 128 programmable addresses; 
- ± 2 % humidity resolution; 
- ± 0.5 °C temperature resolution; 
- Measures: 4 × 5 × 2 mm3; 
- Response time ca. 33 ms; 
- Sensiron SHT3x: 
- I2C with 2 selectable addresses; 
- ± 1.5 % humidity resolution; 
- ± 0.1 °C temperature resolution; 
- Measures: 2.5 × 2.5 × 1 mm3; 
- Response time 4 – 15 ms. 

So the Honeywell HIH8xxx can be directly 
implemented in an array on one bus line, has a 
sufficient but low resolution in temperature and is 
bigger than the Sensirion chip. The main disadvantage 
of the SHT3x is the restricted address range (just 2) for 
I2C operation with up to 60 sensors on one bus line. 
To get it also operated an additional PIC is 
implemented for each SHT3x which serves as a bus 
respectively address manager. 
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Fig. 7. I2C-sensors processed for measuring  
microclimate distribution. 

 
 

This solution offers a so called flash-mode, where 
converting of all sensors is simultaneously started. The 
collection of the converted temperature and humidity 
values is then sequentially. This mode makes sure, that 
the complete sensor array is read within a few 
milliseconds, while the reading of 30 Honeywell 
sensors takes about 1 second.  

To connect each sensor unit the SMD sensor chips 
are mounted on a tiny circuit board (PCB) which 
allows also the integration of a special crimp 
connector for the I2C wires and, in case of SHT3x, of 
the PIC (Fig. 7). Before implementation the 
programming of different addresses to HIH8xxx as 
well as address managing routine to PIC of SHT3x  
is necessary. 

By use of a 4 wire ribbon cable the sensor-PCBs 
can be arranged in any distance or matrix dimensions 
very quick. To finish the sensor array it will be 
prefixed on a spacer material and is sewed and covered 
by a highly breathable mash material (Fig. 8). The 
resulting sensor mat is about 4 - 5 mm thick and has 
for seat or backrest application a typical dimension of 
500 × 500 mm2. Compared with single sensor 
measurement the SWEATlog mat takes nearly no 
influence on the microclimate, is highly flexible and 
confirms mechanical robustness (connector, cable, 
sensor-PCB) within many tests. 

 
 

 
 

Fig. 8. SWEATlog logger and sensor array (mat)  
with up to 60 HIH8xxx sensors at one I2C ribbon (4 wires). 

The SWEATlog sensor mats are operated by a 
logger which works either as stand-alone or  
USB-controlled. In the USB mode the SWEATlog-
app allows an online monitoring and visualisation of 
the registered values as a heat and humidity map  
(Fig. 9 and Fig. 10), otherwise these are processed 
from the data stored on the internal SD-card.  

 
 

 
 

Fig. 9. Heat and humidity map of a proband on the seat 
of an office chair. 

 
 

 
 

Fig. 10. Heat and humidity map of SWEATOR Torso 
controlled at 35°C. 

 
 

The visualizations are calculated by use of each 
sensor value with a special interpolation algorithm to 
get the continuous heat and humidty distributions. 
Additional clustering methods supports the processing 
of the characteristical values of thermodynamical or 
physiological relevance [8, 9]. Fig. 9 shows the typical 
distribution of a proband sitting on a chair showing the 
contact zones of the buttock and the upper thighs 
impressively in the heat map, whereas the map of the 
relative humidty is nearly homogeneous and in the 
range of the ambient humidity, seeming that the 
occupant is not sweating. But a look at the absolute 
humidty map confirms an increase of the humidity in 
the microclimate as an indicator for additional  
slight sweating. 

To prove the homogeneity of the heat and humidty 
production of the SWEATOR climate simulation the 
torso is placed on the sensor mat lying on a seat 
upholstery. The results displayed in Fig. 10 show quite 
even distributions of the heat and the humidity in the 
range of physiological values.  

So it can be assumed that the simulated 
microclimate combined with cluster analysis enable 
comfort prognosis.  

 
 

5. Comfort Prognosis 
 

The focus of the SWEATOR simulation combined 
with SWEATlog sensor mats is primarily set on the 
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analysis of heat and moisture transport routes and, in 
particular, on the generation of realistic microclimates 
for direct comfort assessments. This requires, on the 
one hand, a secure mapping between regional 
microclimate conditions (seat, bed, jacket, etc.) and 
the corresponding comfort sensations of the users, and 
on the other hand, the appropriate choice of parameters 
for the simulation system.  

For this purpose, a variety of studies on comfort 
correlations in seating systems, footwear and apparel 
components could be linked to the comfort areas. After 
evaluation and harmonization of the rating scales (e.g. 
[15]), the transition temperature and humidity were 
determined to reach discomfort in warm temperatures 
at about 35.5 °C respectively 25 g/kg [7].  

The results in Fig. 11 emphasize the correlation 
between proband and simulation test as well as to the 
perceptions of the various climate situations (test 
phase) appearing on car seats with active cooling 
systems during driving. As expected the humidity 
perception is weak, but the temperature and comfort 
perception presents a very good correlation.  

This knowledge, in particular the comfort limits 
can be used to assess various ski boots, tested under 
0°C evirons temperature with the SWEATOR foot 
controlled at 35°C and with adjusted sweat rate to 
about 15 g per hour and foot. The microclimate has 
been registered close to the skin (surface of manikin) 
in the toe area and the medial arch as well as between 
sock and inside the shoe lining. The results of absolute 
humidities in Fig. 12 make the comfort prognosis 
related to the humidity limit of 25 g/kg possible, as just 
acceptable for the types 2 and 4 and unacceptable for 
the others. 

Consequently any comparison between occupant 
and simulation results prooves the good  
agreement between the microclimates that occur. 
Therefore a reliable comfort prognosis based  
solely on the simulation becomes a practicable and 
economical option. 

 
 

6. Conclusions 
 
Following the slogan “what you cannot measure, 

you can’t improve”, applied on the assessment of 
climatic product features, requires reproducible and 
valuable analysis of the microclimate situations 
between skin and contacting textile, e.g. of apparel.  

Although comfort perception shows a high 
correlation to microclimate’s temperature and 
humidity the occurring individual diversity of the 
probands makes the corresponding analysis laboreous. 
To realize precise and economic tests, a heat and 
moisture source with emission rates adapted to human 
physiology and the flat or spatial recording of the 
microclimate in the boundary layers must be available.  

Regarding the demands on the microclimate 
sensor, i.e. precision, placement orientation and at 
least reproducability, a special measuring device had 
to be developed. The SWEATlog system uses 
combined temperature and humidity sensors with I2C 

interface placed in a defined array and fixed in a 
flexible mat. The visualisation as a heat and humidity 
map is realized by use of selected algorithms. 
Interesting thermodynamical as well as comfort 
related microclimate values are calculated within 
defined cluster areas.  

 
 

 
 

Fig. 11. Comfort correlation of proband and simulation 
results from seating tests. 

 
 

 
 

Fig. 12. Comfort prognosis of simulated shoe tests 
with SWEATOR foot. 

 
 

The unique combination of SWEATlog sensor mat 
and the SWEATOR system with anatomically formed 
and sweating manikins creates the basis for 
thermophysiological product analyses. Combined 
with differentiated evaluation methods and with 
correlations to human comfort perceptions, a reliable 
comfort prognosis for assessment as well as 
improvement of clothing or body support products can 
be achieved. 

Future developments should realize an automated 
clustering of the heat and humidty map by use of AI-
technologies (artificial intelligence) to achieve the 
characteristical evaluation values for climate and 
comfort management in any microclimate situations.  

And, of course, any wireless solution of sensor 
communication will be preferred to reduce or omit  
the wiring. 
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Abstract: Currently, paramedics cannot make triage judgments in ambulances during emergency transport of 
infants. If this can be done, it will be possible to select an appropriate destination hospital to provide the most 
suitable medical care. In this study, we developed a system to detect abnormal respiration by measuring and 
analyzing three-dimensional abdominal movement using moiré topography and a deep learning model. The 
performance of the model used in this system was evaluated, and the model was found to be more robust than 
conventional machine learning models with respect to changes in camera viewpoint. 
 
Keywords: Moiré topography, Active stereo, Deep learning, LSTM, Abdomen shape, Triage,  
Abnormal respiration. 
 
 
 
1. Introduction 

 

Requests for emergency transport of babies and 
infants are very high, especially at night. In addition, 
the transportation tends to be concentrated in the major 
hospitals in the area. Therefore, by appropriately 
evaluating and diagnosing the condition of them 
during emergency transportation, they can be 
transported to a medical institution suitable for their 
symptoms and provided with necessary medical care. 
Electronic systems are being developed to 
continuously monitor the triage vital signs required for 
them [1]. However, a reliable triage system that can be 
used adaptively by short-time measurement has not yet 
been developed. Manual triaging, on the other hand, 
requires the assessment of respiration, complexion, 
and consciousness by a skilled healthcare 
professional. We aim to develop a robust and easy-to-
use automatic triage system that can be used in 
ambulances with poor lighting conditions and high 

vibration. As the first step of the research, we 
investigated a system that measures three- 
dimensional (3D) movement of the abdomen to detect 
respiratory abnormalities. 

Binocular stereoscopic vision is not sufficient for 
3D measurement of the abdomen. That's because the 
abdomen lacks texture. In recent years, it is 
conceivable to use an RGB-D camera that has made 
remarkable progress, but in this study, we use moiré 
topography. One of the reasons is that in the future, the 
time variation of the moiré interference fringes before 
being converted into 3D information may be used for 
highly sensitive detection of abnormal respiration. In 
this study, we tried to use a 3D shape reconstructed by 
moiré topography in order to confirm the intuitive 
understanding that the time variation of the abdominal 
shape would be useful for detecting abnormal 
respiration. In principle, moiré topography cannot 
determine the absolute 3D shape of an object. To solve 
this problem and make it easier to measure temporal 
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changes in abdominal shape, this study proposes a 
combination of moiré topography and active  
stereo method.  

In this study, a long short-term memory (LSTM) 
[2] neural network is used to identify abnormal 
respiration from changes in abdominal 3D shape over 
time. LSTM models are machine learning models that 
can make full use of past time series data, which solves 
the limitation of recurrent neural networks (RNN) that 
only recent-past data can be used. For the input to the 
LSTM, the normal vector of the tangent plane at the 
sampling point on the abdominal surface was used 
instead of the 3D shape of the abdomen itself. This is 
because it is taken into consideration that the relative 
positional relationship between the camera and the 
target abdomen always fluctuates due to vibration of 
the environment and changes in the shooting 
viewpoint during actual use. Through experiments, it 
was confirmed that the proposed method is more 
robust to viewpoint changes than the conventional 
typical machine learning methods. 

This paper is an extended version of the 
proceedings paper [3] at the 7th International 
Conference on Sensors and Electronic Instrumentation 
Advances. In particular, the parameter dependence 
obtained as a result of learning by LSTM is introduced 
in detail. 

 
 

2. Measurement System 
 

2.1. Moiré Topography with Active Stereo 
 

In moiré topography, phase values in the range  
[0, 2π] are calculated from moiré interference fringes, 
and global phase information is restored by 
unwrapping this local phase information. The depth 
(distance to the measurement) can be determined by 
the phase order of each moiré fringe.  

The principle of moiré topography (Fig. 1) is that 
by superimposing a projection of a slit grid pattern on 
a captured image of the measurement area on which 
the slit light had been projected, an image with higher 
order fringes is generated. The lowest order fringe is 
the moiré fringe. 

From the similarity relationship between the 
triangle ABC and the triangle ASE (Fig. 2), the distance 
h from the reference grid G to the Nth order fringe is 
calculated by the equation: 

 ݄ே ൌ ே௉బௗ௅ିே௉బ, (1) 

 
where L is the distance between the light source and 
the center of the lens, P0 is the pitch of the reference 
grid, and d is the projection distance to the reference 
grid. Since only discrete distances can be measured 
with Eq. 1, phase information corresponding to the 
distance between fringes is calculated using a phase-
shifting method [4] or the like, such as 
 

݄ሺ݀, ߶, ܰሻ ൌ ௉బௗሺథାଶగேሻଶగ௅ି௉బሺథାଶగேሻ, (2) 

 
where ϕ is the phase between adjacent fringes wrapped 
from 0 to 2π, and ϕ+2πN is the phase measured from 
the fringes, which is obtained by unwrapping data.  

 
 

 
 

Fig. 1. Generation of moiré interference fringes:  
(a) projected slit light, (b) captured image with slit light 
projected onto the target, (c) image with original vertical 
stripe pattern superimposed on captured image with pattern 
appearance warped by the targets topography,  
and (d) extracted moiré interference fringes. 

 
 

 
 

Fig. 2. Principle of distance measurement in moiré 
topography. S is a point light source, and E is a lens center. 

 
 

In this study, to obtain local phase information, 
the sampling moiré method (Fig. 3; [5]) is performed 
by simple pixel sampling. For each cycle of the 
captured pattern, N pixels are sampled, and linear 
interpolation is used to generate N patterns with phase 
shifts, from which we can calculate the local phase. 
Fig. 4 shows an example of an abdominal image with 
captured fringe pattern and the corresponding local 
phase image. There are several phase unwrapping 
methods [6-8]. We used the quality map method [6] 
because of the smooth shape of the abdomen. In this 
method, reliability of the local phase is calculated 
(Fig. 5), and the pixels with the highest values are 
grouped to stack the local phases. 
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Fig. 3. Phase analysis.(a) original pattern; (b) captured 
pattern; (c) one cycle of the pattern (N samples); (d) linear 

interpolation; (e) local phase. (Reprinted from [5]). 
 
 

 
 

Fig. 4. Captured image (left) and representation 
of corresponding local phase (right). 

 
 

 
 

Fig. 5. Reliability definition and the quality map method. 
 
 

In moiré topography, moiré fringe order cannot be 
determined, and at least one fringe order, that is, the 
corresponding distance, must be determined by 
another method. It is difficult to determine the specific 
fringe order at each time point because depth 
measurements, which also change with time, would be 
necessary. While it is also conceivable to have the 
patient hold their breath before measurement to 
determine the order of a particular fringe and then 
track that fringe in time, this is not realistic. Therefore, 
we used an active stereo method in which one of the 
slit lights is colored (green line in Fig. 4), and the depth 
that colored light is calculated using binocular 
stereoscopy. This makes it possible to measure depth 
independently at each time point, which eliminates the 
need for time-consuming processing. Fig. 6 shows 
measurement results corresponding to Fig. 4. A 
measurement error occurs in the slightly shaded area 
on the right side of the abdominal image in Fig. 4.  

 
 

Fig. 6. Resulting 3D measurement of abdominal shape. 
 
 

However, it is considered that there is no significant 
effect on the measurement of respiratory status. 

A measurement system, with a USB camera and an 
ultra-small projector controlled by a single-board 
computer, Raspberry Pi, was manufactured as a 
prototype (Fig. 7) and used in the experiments 
described below. The specifications of the camera and 
the projector used are as follows. 

 
 

 
 

Fig. 7. Moiré measurement system. 
 
 

Camera 
- Model num.: ELP-USBFHD08H-SFV; 
- Resolution: 1920 ×1080; 
- Sensor: CMOS OV2710; 
- Horizontal FOV: 36 deg. 

 
Projector 

- Model num.: Ultimems HD301D1; 
- Resolution: 1280 ×720, 60 fps; 
- Luminous flux: 20 lmേ10 %; 
- Horizontal FOV: 38 deg. 

 
 
2.2. Detection of Abnormal Respiration 
 

Abnormal respiration such as depressed respiration 
exhibits different spatial displacements of the 
abdominal surface than normal respiration—vertical 
movement of a small area near the epigastrium has an 
opposite phase to that of the surrounding abdomen 
during abnormal respiration.  

Moiré topography measures the distance from the 
imaging system to the abdomen. When using this 
system it is not appropriate to directly use the distance 
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information for abnormal breathing detection because 
there are movements of the patient, changes in the 
imaging viewpoint, and vibrations of the 
surroundings. The first idea is to convert the distance 
data into 3D shape data. However, the shape of the 
abdomen itself is not necessary, and the spatial 
relationship of temporal unevenness changes is 
important to monitor the respiratory state. Therefore, 
in this study, considering the simplification of 
processing, we decided to calculate and use the unit 
normal vector on the abdominal surface from the 
distance data. Namely, time series data consisting of a 
group of unit normal vectors at multiple points on the 
abdomen were used as input. Even if the relative 
positional relationship between the imaging system 
and the patient's abdomen fluctuates irregularly, the 
relative relationship of the spatial distribution of the 
normal vector does not change. Therefore, if such 
relative relationships are extracted and learned by 
machine learning without preprocessing such as 
normalizing the direction of the all normal vectors, 
less training data is required and an efficient system 
construction is performed. In the experiments 
described below, data is collected only when the 
abdomen and the imaging system are fixed, and 
machine learning is performed using only that data. 
Then, the above possibility will be clarified by 
evaluating the abnormal respiration detection 
performance in different viewpoints. 

Time series data can be handled by normal RNNs. 
For the periodic data handled in this study, it is 
important to appropriately extract the necessary 
information from the past information. Therefore, we 
use LSTM) [2]. An LSTM block (Fig. 8) is used as the 
intermediate layer of the neural network. The 
prediction result of the time series is obtained from the 
previous time series and input, and passed to the next 
block. Unlike in a normal RNN, in this architecture, a 
cell state is added to the input element. This cell state 
stores the LSTM state from the oldest data in the input 
time series. In the LSTM block, long-term dependence 
of sequences is learned from the cell state. 

 
 

 
 

Fig. 8. LSTM block, where ht is the predicted time series 
of the input xt obtained from the prediction result ht−1  
of the previous time series. A cell state Ct−1 is added  

to the input element. 

Fig. 9 shows the processing flow of the abnormal 
respiration detection system. The output in the range 
[0, 1] corresponds to a probability, where 0 is the 
probability that respiration is normal and 1 is the 
probability that respiration is abnormal. The final 
detection of abnormal respiration will be determined 
by setting an appropriate threshold for this output. This 
is beyond the scope of this study and will be the 
subject of future research. In the experiment, 0.5 was 
simply set as the threshold. 

 
 

 
 

Fig. 9. Processing flow for abnormal respiration detection 
based on LSTM. 

 
 

3. Experiments 
 
3.1. Experimental Conditions 
 

We used normal respiration data to artificially 
create abnormal respiration data. (Patient participation 
was not possible as a result of restrictions put in place 
for the COVID-19 pandemic.) Depressed respiration 
data were simulated by reversing the vertical 
movement near the lower part of the sternal pedicle in 
one cycle of respiration (Fig. 10).  

 
 

 
 

Fig. 10. Time series of distance from the measurement 
system to abdomen and chest. The gray line is the distance 
to umbilical region, the orange line is the distance to 
epigastrium, and the blue is the displacement corresponding 
to artificially processed depressed respiration. 

 
 

Examples of 3D abdominal shapes corresponding 
to normal and depressed respiration are shown in 
Fig. 11. The vertical movement was in the range  
(0.5 cm–1.5 cm), and the cycle length was the same as 
that of the original data. 

Measurements were taken from five men  
(age 20–29 years). For each participant, five 
measurement sequences of the abdomen and chest 
were taken, each at a different distance from the 
camera in 10 cm increments from 50 cm to 90 cm. 
Each sequence was captured at a rate of 20 frames per 
second for a duration of 20 seconds. The first  
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half of the sequence was used as normal  
respiration; the second half was modified and used as 
depressed respiration. 

 
 

 
 

Fig. 11. Examples of abdominal shape for normal (left) 
respiration and respiratory depression (right). The red 

ellipse indicates where the phase is opposite 
to that of the surroundings. 

 
 

Multiple spatial points on the abdomen, including 
the epigastrium, were selected by sampling at equal 
intervals, and the unit normal vector at each sampling 
point was used as a feature. 

Data from four participants (four sequences from 
each participant’s five sequences) were used to train 
the model, and the remaining sequences (one each 
from four participants and all five sequences of one 
person) were used for validation (Table 1). During 
model training, normal and depressed respiration were 
input randomly. 

 
 

Table 1. Details of how to use data for learning 
and evaluation. A to E indicate the difference 

between people. 
 

 
 
 

The input time series length was 28 frames, the 
number of sampling points was 32×40 points, the 
number of hidden layers of LSTM was 384, and the 
mini batch size was 20 series. The number of pixels 
constituting the same region (the abdomen extending 
from the epigastrium to the umbilical region) changed 
depending on the distance between the measurement 
system and the target. Since the number of sampling 
points is predefined, the sampling interval differed for 
each sequence. Adaptive moment estimation (Adam) 
was used to optimize learning.  

 
 

3.2. Experimental Results 
 
First of all, the measurement accuracy of our 

proposed 3D reconstruction using the manufactured 
measurement system was evaluated. The measurement 
accuracy of this system largely depends on the 

calibration of the positions and orientations of the 
projector and camera. After separating the pattern 
drawn on the calibration jig made of flat plate and the 
projection pattern generated by the projector, estimate 
the position and orientation of the projector with 
respect to the world coordinate system by the method 
in [9], and then use the method in [10] to estimate the 
position and the orientation of the camera. Then,  
they corresponded to each other via the world 
coordinate system.  

In order to confirm the accuracy of the system, the 
3D shape of the four-sided pyramid shown in Fig. 12 
was measured. The measurement result is shown  
in Fig. 13. 

 
 

 
 

Fig. 12. Measurement target for accuracy verification 
(four-sided pyramid). 

 
 

 
 

Fig. 13. Measurement result of four-sided pyramid. 
 
 

From the measurement result, it was found that 
there was a measurement error of about +0.5 cm to 
+1.5 cm in the direction parallel to the depth. It was 
also found that the error became larger toward the 
edge. In addition, it was found that there was an error 
of about -0.95 cm to -0.48 cm in the depth direction. 
When measuring an object using the active stereo 
method, which is often used in recent RGB-D 
cameras, most of the measurement results have an 
uneven surface, whereas moiré topography using 
interference fringes obtains a very smooth surface. 
The above error is larger than the theoretical accuracy 
of the sampling moiré method. However, due to the 
characteristics of the proposed method, if an error 
occurs in the active stereo method, it directly affects 
the calculation of moiré topography. Since the 
accuracy of the calibration of the imaging system 
greatly affects the accuracy of the active stereo 
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method, it is necessary to confirm the calibration 
accuracy again. In any case, since the goal of this study 
is automatic detection of abnormal respiration using 
time-series data of the abdomen, an error of about 
1 cm is sufficiently acceptable. 

Next, the experimental results regarding the 
detection of abnormal respiration will be described. 
Fig. 14 shows loss convergence during training with 
the above-mentioned default parameter values. 
Convergence was fast when the number of layers was 
large and when the number of sampling points was 
large; it did not depend on the number of time series. 

 
 

 
 

Fig. 14. An example of loss convergence during model 
training with default parameter values; time series length is 

28, the number of sampling points is 32×40, and the 
number of hidden layers is 384. 

 
 

As details, Fig. 15 shows an example of 
convergence of the loss function during learning when 
the number of layers is different. As the number of 
layers increases, the convergence of the loss function 
becomes slightly faster, but there is a tendency for 
small increases and decreases. This means that 
increasing the number of layers, and thus the number 
of weights in the network, gives the model more 
freedom to represent and better adapts to the data. 
According to the discrimination test for the data used 
for learning, when the number of layers is small, the 
correct rate with high reliability decreases. However, 
even if the number of layers is too large, the same 
correct rate tends to decrease slightly. In this 
experiment, the correct rate for training data was the 
highest when the number of layers between 384 and 
512. Similarly, we investigated the convergence of the 
loss function during learning when the number of time 
series handled by the LSTM was changed. As can be 
seen from Fig. 16, as the number of time series 
increases, the overall convergence pattern expands 
slightly, but there is no significant change. When the 
number of time series is 20, the loss function fluctuates 
discontinuously due to the difference in training data. 
We don't know the exact reason for this, but the time 
series number 20 may not be appropriate for learning 
the features common to the data. It was found that the 
correct rate of normal data decreases when the number 
of time series is small, although the influence of the 
number of abnormal data on the correct rate is small. 
As a result, in this experiment, it was confirmed that 

the overall correct rate was high when the number of 
time series is around 28. Further, Fig. 17 shows the 
convergence pattern of the loss function when the 
number of sampling points in the abdomen is 
increased to 64×80. It can be seen that the convergence 
is clearly slower and smoother than that in Fig. 14. The 
correct rate increased as the number of sampling 
points increased, but the reliability of discrimination 
of abnormal respiration decreased significantly. The 
calculation time is overwhelmingly long when there 
are many sampling points. Therefore, after that, we set 
it to 32×40 and conducted an identification experiment 
on unlearned data. 

Performance and processing speed varied 
depending on the parameters. Since the influence of 
the time series length was the largest, the results are 
shown in Table 2 as accuracy. The corresponding 
inference time is shown in Table 3. The results of the 
support vector machine (SVM) model, logistic 
regression (LR), and the hidden Markov model 
(HMM) are also shown for comparison. The SVM 
used a second-degree polynomial kernel. LR was 
optimized using the quasi-Newton method. The HMM 
was a two-state model. There were no differences in 
accuracy between LSTM, SVM, and LR models. 
HMMs, which handle time series information in a 
manner similar to LSTM models were unexpectedly 
inaccurate. This may be due to the adoption of a simple 
two-state model. The longest inference time was for 
the SVM model, and there was not much difference 
between LSTM model and LR results. Real-time 
processing by LSTM is considered possible.  

 
 

Table 2. Accuracy [%] for different time series lengths. 
NaN, not a number; LSTM, long short-term memory, 

support vector machine; LR, logistic regression. 
 

 
 
 

Table 3. Difference in inference time [seconds] 
with respect to time series length. LSTM, long short-term 

memory; CPU, central processing unit; GPU, graphics 
processing unit; SVM, support vector machine; LR, 
logistic regression; HMM, hidden Markov model. 
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(a) Layer number is 128  (a) Time series length is 12 

 

 

(b) Layer number is 256  (b) Time series length is 20 
 

(c) Layer number is 512  (c) Time series length is 32 
 

Fig. 15. Changes in convergence of loss function due to 
the difference in the number of layers.

  
Fig. 16. Changes in convergence of loss function due 

to difference in the number of layers. 
 

 

 
 

Fig. 17. Convergence of loss function with sampling points 
of 64×80. 

 
 

In actual use, movement of the measurement 
system and of the patient are expected, and it is 
difficult to consistently capture images of the abdomen 
from the front. Therefore, the normal vector calculated 
when capturing images from the front was rotated to 
create data corresponding to images captured from an 
angle. Evaluation data were rotated 30°, −30°, 45°, 
and -45° around the y-axis to obtain mean accuracy; 
however, models trained with data measured from the 
front of the abdomen were used. The LSTM model 
was able to make robust inferences (Table 4), despite 

the change in the camera viewpoint. The HMM was 
also robust; we consider this to be the effect of the time 
series information. A strategy for training models 
using data from multiple directions is also 
conceivable; this is a topic for the future. 

 
 

Table 4. Model accuracy. LSTM, long short-term memory; 
SVM, support vector machine; LR, logistic regression; 

HMM, hidden Markov model. 
 

 
 
 

4. Conclusions 
 
We proposed a method for detecting respiration 

abnormalities based on 3D measurement of the 
abdomen using moiré topography and deep learning. 
The active stereo method was used additionally for 
moiré topography to determine distance to the 
reference plane and the relative fringe order. Many 
other methods for abdominal shape measurement have 
been proposed [11-15]. Our method of detecting 
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abnormal respiration is robust to changes in  
camera viewpoint.  

An inexpensive RGB-D camera does not differ 
much in price from the moiré measurement prototype 
developed in this study. However, our measurement 
system can reduce the computational load by using 
moiré fringes directly to detect abnormal breathing 
without reconstructing the 3D shape of the abdomen. 
To this end, it is important to deal with dynamic 
changes in the relative positional relationship between 
the imaging system and the abdomen. In addition, 
dynamic changes in moiré fringes are expected to be 
more sensitive to abnormal respiratory conditions than 
changes in the 3D shape of the abdomen. This is an 
interesting future technical issue.  

In this study, the measurement system was used at 
20 fps, so the length of the time-series data evaluated 
for use in LSTM was around 1 second. This time 
corresponds to about one breathing cycle, as breathing 
is fast when suffering from an illness. Therefore, in 
this experiment, abnormal respiration is determined 
from one respiratory state, and features such as the 
volatility of the respiratory cycle are not used. In 
future studies, we will explore the possibility of 
detecting long-term features of abnormal respiratory 
conditions, such as changes in respiratory periodicity 
and the frequency of depressed respiration. 

The realization of automated triaging judgments 
with machine learning is a complex task. For example, 
triage judgments are also made by integrating other 
information such as complexion. We used 
measurement of depressive breathing as the first step 
in developing an automated triage system.  
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Abstract: Fine-Grained Change Detection and Regression Analysis are essential in many applications of Artificial 
Intelligence. In practice, this task is often challenging owing to the lack of reliable ground truth information and 
complexity arising from interactions between the many underlying factors affecting a system. Therefore, 
developing a framework which can represent the relatedness and reliability of multiple sources of information 
becomes critical. In this paper, we investigate how techniques in multi-task metric learning can be applied for the 
regression of fine-grained change in real data. 

The key idea is that if we incorporate the incremental change in a metric of interest between specific instances 
of an individual object as one of the tasks in a multi-task metric learning framework, then interpreting that 
dimension will allow the user to be alerted to fine-grained change invariant to what the overall metric is 
generalised to be. The techniques investigated are specifically tailored for handling heterogeneous data sources, 
i.e. the input data for each of the tasks might contain missing values, the scale and resolution of the values is not 
consistent across tasks and the data contains non-independent and identically distributed (non-IID) instances. We 
present the results of our initial experimental implementations of this idea and discuss related research in this 
domain which may offer direction for further research. 
 
Keywords: Multi-task metric learning, Fine-grained change detection, Regression on uncertain data. 
 
 
 
1. Introduction 

 
Change Detection (CD), the critically important 

problem of identifying changes in data, constitutes an 
extensive body of research as there are many 
applications requiring efficient, effective algorithms 
for reliably detecting variation. There are many 
families of CD algorithms that are suitable for 
different applications [1]. For example, remote 
sensing applications and the healthcare industry each 

call for different kinds of algorithms depending on the 
particular use case. Realtime continuous monitoring 
by wearables may insist on a simple and efficient 
statistical algorithm that adapts to the data from each 
user, while more monitoring more complex systems 
such as the climate or the environment may call for 
deep learning and hybrid human-machine intelligence 
in order to capture all sources of variability [2]. 

This article focuses on CD with respect to 
regression problems, where the continuous nature of 

http://www.sensorsportal.com/HTML/DIGEST/P_3234.htm
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system scores means they are susceptible to drift and 
sources of uncertainty due to sensor noise and human 
error. In these circumstances, the state of the art 
regression approaches fail to predict subtle deviations 
for each individual object below the resolution that 
generalising for the entire population allows. 
Therefore, instance-based learning approaches are 
more applicable. 

Deep Metric Learning is one such approach where 
instead of trying to predict a single score/class, the 
output is mapped to space where you can observe 
subgroup relatedness. Our has converged towards a 
Multi-Task Metric Learning (MTML) approach 
because of the way it learns to map its output to a latent 
space and how this may be exploited to infer 
relationships between feature variability and auxiliary 
background information.  

The remainder of this article is organized as 
follows. In Sect. 2, we briefly introduce notations and 
algorithms for metric learning. In Sect. 3, we analyse 
the applicability of metric learning to the problem of 
fine-grained analysis, in the presence of various 
sources of uncertainty. In Sect. 4, we review recent 
advancements in metric learning techniques with 
respect to each of the challenges presented by our 
Fine-grained Change Detection application. In Sect. 5, 
we describe details of some of the techniques we have 
implemented towards encoding sub-group-specific 
patterns into latent space with corresponding relative 
improvements results in regression performance. 
Lastly, in Sect. 6, we conclude with a brief summary 
and discussions. 

 
 

2. Deep Metric Learning 
 
In brief, Deep Metric Learning (DML) approaches 

learn to represent inputs to a lower-dimensional latent 
space such that the distance between feature vector 
representations in this space corresponds with a 
predefined notion of similarity. 

DML methods learn a similarity function, where 
query and gallery data slices are passed pairwise 
through a Siamese/Triplet/Quadruplet network. I.e. 
each set is passed through an identical Neural 
Network, which output features representative of a 
query input, often called embeddings. The resulting 
embeddings are compared using some distance metric 
(e.g. Euclidean distance) and a loss function (such as 
triplet-loss) is implemented to minimize the distance 
between embeddings of the same class (inter-class 
similarity) and maximize the space between classes 
(intra-class similarity) so that an accurate prediction 
can be made through querying which is the  
nearest embedding to a new embedding [3] as depicted 
in Fig. 1.  

One example of a metric loss function is angular 
loss. Given a triplet contain an anchor, positive and 
negative ሺܠ௜, ,௜ାܠ ௜ିܠ ሻ, the angular loss seeks to not 
only push positive pairs together and negative pairs 
apart according to distance function ߜ as triplet loss 
does, but also constrains the embeddings to a cosine 

metric space where the max angle ∠ܠ௜ାܠ௜ܠ௜ି  denoted 
as ߙ can be set to make sure negatives are pushed away 
from the centre of positive clusters (see Fig. 2). 

 ሾݖ௜ሿା ൌ ,௜ܠଶሺۺߜൣ ௜ାሻܠ െ 4 tanଶۺߜ ߙଶ൫ܠ௜ି ,  ௜ି௔௩௚൯൧ା (1)ܠ
 
 

 
 

Fig. 1. Metric Learning. 
 
 

 
 

Fig. 2. Angular Loss. 
 
 

The advantages of DML algorithms include: (1) 
they are very simple and easy to implement; (2) they 
are usually efficient in space and time complexity; (3) 
they are often theoretically guaranteed [4]; (4) they are 
proven to be robust to adversarial attacks [5]. 
Furthermore, one of the main drives behind recent 
research in this area is what can be done when  
we can learn feature embeddings quantifiable  
in terms of various meaningful metrics, i.e. various 
transformations, projections and analyses can be 
performed on the latent space that take  
advantage human intuition and knowledge from other  
domains such as calculus of variation and  
information geometry. 
 
 
3. Applications 
 

The research problems considered by this research 
consist of the simultaneous learning of multiple tasks 
and doing so with the additional complexities 
introduced when analysing real data. Examples of 
such variable features include seasonal and time-of-
day variations in outdoor scenes in place recognition 
tasks for autonomous navigation and age/gender 
variations in human/animal subjects in classification 
tasks for medical/ethological studies [5]. 

Uncertainty in information retrieval can be 
introduced by noisy observations and the inability to 
capture the appearance of all objects from every 
viewpoint. Sources of noise include; e.g., low 
resolution/faulty sensors and missing/incorrect 
human-provided training labels. Examples of 
uncertainty from uncaptured complexity can be found 
in many applications (in any system which we do not 
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understand completely in fact). Practical research 
interests related to modelling uncertainty in complex 
systems include physics research [6] and robotic 
perception from limited viewpoints [7]. 

Adding more labelled data does not eliminate the 
inherent source of uncertainty. However, modelling 
uncertainty in training data can improve both the 
robustness and interpretability of a system [8]. In the 
remainder of this section, we explore techniques 
which have been used in conjunction with metric 
learning to produce accurate predictions even amidst 
such sources of uncertainty.  

 
 

3.1. Mitigating Uncertainty Due to Sensor 
Noise 

 
High precision vision/sensing systems for 

inspection and categorisation of objects are common 
in modern industrial settings, but only in regulated and 
optically controlled environments. One of the primary 
concerns in such systems is accurate change (point) 
detection (CD), i.e. the identification of the instant at 
which the dynamics of the underlying system 
mechanisms change indicating deviation from normal 
operating conditions. Fine-grained CD (FGCD) is the 
process of identifying differences in the state of an 
object or phenomenon where the differences are class-
specific and are difficult to generalise. As a result, 
many recent technologies which leverage big data and 
deep learning struggle with this task. 

 
 

3.2. Mitigating Uncertainty Due to Human 
Error 

 
Human-provided reference scores entail subjective 

assessment which is prone to poor inter-observer and 
intra-observer reliability. This necessitates for the 
repeatability of estimation to be compared for \& 
between observers [6]. Examples of such scenarios 
include multi-stage disease diagnosis, student 
satisfaction questionnaire analysis, customer survey 
analysis [7]. DML methods have also been devised 
towards handling missing data using a generative 
model and semi-supervised learning resulting in a less 
restrictive scenario than the missing completely at 
random assumption upon which many existing semi-
supervised methods are built [8]. 

 
 

3.3. Mitigating Uncertainty in Robotics 
 

Robotic perception in unregulated environments is 
an example of the problem of trying to model 
complexity beyond which can be conceivably 
captured in a reference dataset. MTML has been 
shown to be useful for 3D instance segmentation [9], 
[10] as it can be used to simultaneously groups parts 
of the same object instance, i.e. all points in a point 
cloud segmented as belonging to a particular instance 

of a class, and estimate the direction towards the 
instance’s centre of mass. This makes separating the 
object instances much simpler and can also provide a 
metric for the certainty of the instance proposals as the 
clusters of vectors should all point to a single point and 
can also be expected to be of a certain size and  
distance apart.  

Obtaining annotations for scores in regression 
tasks requires certain degree of domain expertise and 
hence reference information for these scores is only 
intermittently available. These annotations are also 
subject to system errors and subjective biases, which 
often leads to noisy or erroneous labels. Thus, it is 
essential to be able to learn a metric that could capture 
the inherent properties of data, without requiring  
class labels. 

 
 

4. Related Research 
 
As most CD applications use nominal object 

classes, many papers applying the latest state-of-the-
art to specific application-domains adopt the same 
methodology, by categorising the output arbitrary 
classes that ensure even representation across the 
available dataset. This may come at the cost of not 
being able to represent the desired output on ordinal, 
interval or ratio scales which may come naturally in 
some applications. Thus, they can only measure 
whether the individual items belong to certain distinct 
categories and it is not possible to quantify or rank 
order amongst the categories or perform arithmetic 
operations. A number of papers have proposed 
techniques for performing regression with  
DML [11, 12, 13]. 

In this section, we review the methods applicable 
to heterogeneous data from the viewpoint of a number 
of functionalities, specifically multi-task metric 
learning, geometry preservation and regression. 

 
 

4.1. Multi-Task Metric Learning 
 

Multi-Task Metric Learning (MTML) approaches 
jointly train a DML network to separate w.r.t. multiple 
tasks, thereby sharing useful information among the 
tasks, which can significantly improve upon the 
performance achievable in a single-task setting. 
MTML has been recently reviewed by [14]. 

Regarding subgroup and fine-grained analyses, 
Wang, et al. propose a regularized multi-task learning 
framework with shared representation layers to encode 
the task relatedness [7]. Similarly, [15] present a 
framework for detecting the subgroups that have 
similar characteristics in feature space by using  
K-means clustering incorporated into the  
regression stage so that both tasks can be  
performed simultaneously. 

It has been proposed in recent work that multiple 
features should be used for retrieval tasks to overcome 
the limitation of a single feature and further improve 
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the performance. As most conventional distance 
metric learning methods fail to integrate the 
complementary information from multiple features to 
construct the distance metric, a novel multi-feature 
distance metric learning method for non-rigid 3D 
shape retrieval which can make full use of the 
complementary geometric information from multiple 
shape features has been presented [16]. An alternative 
formulation for multi-task learning has been proposed 
by [17] who use a version of the K Nearest Neighbour 
(KNN) algorithms (large margin nearest neighbour) 
but instead of relying on separating hyperplanes, its 
decision function is based on the nearest neighbour 
rule which inherently extends to many classes and 
becomes a natural fit for multi-task learning. This 
approach is advantageous as the feature space 
generated from Metric Learning crucially determines 
the performance of the KNN algorithm, i.e. the learned 
latent space is preserved, KNN just solves the multi-
label problem within. 

A challenge that has not been well explored in 
literature is tuple sampling strategies for metric 
learning in a multi-label setting. A critical element of 
metric learning is the selection of triplets during 
training (sometimes referred to as triplet mining). 
Triplets need to be chosen such that consecutive 
training batches vary gradually so that the weights 
learned by the network between batches are actually 
transferable but also so that all the important variations 
within the dataset get encountered with enough 
frequency during training so that the model can 
capture that variability. Different mechanisms for 
triplet mining exist. For example, hard triplet mining 
selects the most difficult triplets for each anchor by 
calculating the inter-embedding distance between 
each anchor and all positive and negative embeddings 
for that anchor. Hard triplet mining selects the most 
distant embedding in ܵ  and the least distant embedding 
in ܦ for each anchor. Since it is computationally 
infeasible to aggregate loss over all ܱሺ݊ଷሻ triplets and 
hard triplets can cause models to collapse, heuristics 
are used to speed up convergence. A well known 
miner is semi-hard negative mining which samples 
anchors and positives in batches from ࣲ and ܵ, and 
finds the closest negatives within the batch further 
away than ܦሺܽ,  ሻ [18] Many of these sampling݌
strategies can be quite computationally expensive as 
they require a forward pass of the network being 
trained to be run on every image in the dataset. This is 
why many approaches use mini-batches to fit the 
computational load within the limits of their machine. 
Many method randomly sample a set of images, 
assuming that a few random parameter vectors will 
represent certain elementary transformation 
operations like translation, scaling, rotation, contrast, 
and colourization. 
 
 
4.2. Geometry Preserving Metric Learning 

 
The saliency of the embedding space with respect 

to preserving the local structure of associated 

tasks/metrics can be increased by taking measures to 
preserve the intrinsic geometry of the input space. 
Many of these approaches utilise information 
geometry divergence measures such as von Neumann 
divergence [19] and Wassertein distance [4]. 

An alternative type of divergence measure is 
geometric divergence on graphs and manifolds. This 
can be achieved by fitting manifolds in latent space 
and including Riemannian metrics in the loss function 
[12, 20]. Graph-based methods involve representing 
feature vectors as graphs to capture interactions (i.e. 
edges) between individual features (i.e. nodes) and are 
becoming increasingly popular as there has been a 
massive surge of interest in geometric deep learning in 
recent years [21]. 

In their approach called Orthogonality based 
Probabilistic Unsupervised Metric Learning (OPML), 
Dutta et al. perform Riemannian Conjugate Gradient 
Descent (RCGD) to jointly learn the parameters [20]. 
Their implementation of Riemannian optimisation is 
stochastic, i.e. it samples the latent space at many 
randomly chosen points and averages the results to 
obtain a better approximation. This means that the 
algorithm can be incorporated with deep neural 
networks for scaling up, and increasing the 
computational complexity and also the recognition 
ability of CNNs of work in this area, which up to quite 
recently was largely purely academic. 

The basis of this field of study is that if latent space 
embeddings are regularised to lie on a manifold then 
the inferences made embeddings are regularised to 
have greater consistency and more rigid inter-variable 
relationships geometrically. This is made possible 
because manifold structure allows for a number of 
operations to be carried out which are advantageous in 
fine-grained change regression applications. The first 
is that operations on manifolds can be exploited for 
regularising the distribution of embeddings such that 
the model can be taught to have the divergence of 
embedding clusters be indicative of fine-grained shift 
in score labels. A Riemannian manifold, or simply a 
manifold, can be described as a continuous set of 
points that appears locally Euclidean at every location. 
This property i often referred to as smoothness. Every 
smooth manifold has a Riemannian metric. A 
Riemannian metric (tensor) makes it possible to define 
several geometric notions on a Riemannian manifold, 
such as angle at an intersection, length of a curve, area 
of a surface and higher-dimensional analogues 
(volume, etc.), extrinsic curvature of sub-manifolds, 
and intrinsic curvature of the manifold itself. 

While the most familiar manifold is Euclidean 
space, a large number of other, more exotic manifolds 
can be defined. The manifolds discussed in this paper 
are examples of matrix manifolds, meaning that they 
consist of points that can be represented as matrices. 
More specifically, a manifold is a topological space 
and a collection of differentiable, one-to-one 
mappings called charts. At any point on a ݀ 
dimensional manifold, there is a chart that maps a 
neighbourhood containing that point to the Euclidean 
space ܴௗ. This property allows a tangent space to be 
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defined at every point, which is an Euclidean space 
consisting of directions that point along the manifold. 
Tangent spaces are particularly important for 
optimization because they characterize the set of 
update directions that can be followed without leaving 
the manifold [22].  
 
 
5. Implementation 

 
We implement our experiments on a custom image 

dataset related to animal health monitoring of 
228 animals containing 9 annotations for each image. 
Some of the annotation labels (3) are up to date at the 
time of image capture as they are fed from an 
automated system, while some (2) are provided by 
human experts on an intermittent basis (every 
3 weeks) and missing values were replaced with the 
closest observation. The remaining 4 values indicate 
the forward and backward gradient of theses expert-
provided scores. 

The problems to be solved share common 
challenges around the recognition of subgroup 
features in dynamic unregulated environments for 
which include the need to recognise objects never seen 
before during training, with non-IID instances, in real-
time, on limited hardware, in such a way to align 
dependent information and predict various different 
types of data. 

In working through these problems we have 
realised a unified metric learning approach which 
incorporates multi-task and geometry preserving 
metric learning and have experimented with applying 
the following components to a deep metric/manifold 
learning framework [20] trained to perform an multi-
label identification task and then being made to infer 
an auxiliary score and instance-instance change for 
said score. 

The motivation for adopting the methodology of 
[20] is that enforcing orthogonality between multiple 
tasks allows natural clusters in the data to be detected, 
while also simultaneously learning from 
manual/system annotations where provided. Our 
application requires that the intra-class variances that 
may occur in our dataset, e..g. due to shift in animal 
health indication scores whether it be gradual and 
natural over a period or sudden. Such variances can be 
captured by adding an orthogonality constraint to the 
Mahalanobis matrix used for distance estimation. This 
constraint ensures these relationships are apparent 
while also allowing the push-pull nature of 
triplet/angular metric loss function to distribute 
embeddings that fall between class centres 
appropriately relying on notions of geometric 
similarity within the data. 

In contrast to Dutta’s application, where ࣲ is 
labelled, we guide our triplet mining strategy on 
multiple labels. Regarding subgroup and fine-grained 
analyses, we propose a regularized multi-task learning 
framework with shared representation layers to encode 
the task relatedness. A class label matrix was 
generated to be stored with the image data. The 
training dataset is randomly sampled for anchors and 
then iteratively sample for positives and negatives  
as follows: 

Let ܠ௜ ∈ Թௗ be the descriptor of an example ݅ in a 
dataset ࣲ, which is labelled with class label matrix ܡ௜. 
To form a set of triplets: ࣮ ൌ ሼሺܠ௜, ,௜ାܠ ௜ିܠ ሻሽ௜ୀଵ|࣮| , each 
element of which consists of the following:  

 ௜ሻ, whichܡ௜, an arbitrary example with ሺܠ (1
denotes the class label matrix assigned to ܠ௜, ܠ௜ା, 
another arbitrary example with ሺܡ௜ାሻ ൌ ሺܡ௜ሻ for at 
minimum ݊ elements.  

௜ିܠ (2 , such that ሺܡ௜ି ሻ ൌ ሺܡ௜ሻ for less than ݊ 
elements. The examples ܠ௜, ܠ௜ା and ܠ௜ି  are referred to 
as the anchor, positive and negative respectively. 

 
 

 
 

Fig. 3. Our Multi-Task Triplet Mining Strategy: If n of the animal health attribute labels (circled in diagram, details not 
important) match up for any pair, then they are a positive pair. Note that some values may be missing in the dataset. 

 
 

For ܠ௜ ∈ Թௗ, let ܠୃۺ௜ ∈ Թ௟, denote its learned 
embedding. Our goal is to learn ۺ in ۺߜଶ൫ܠ௜,  ,௝൯. Letܠ
the learned embeddings of the anchor and the positive 
be denoted as Lୃx௜ and Lୃx௜ା respectively. The bilinear 
similarity between them can be expressed as ሺLୃx௜ሻୃLୃ x௜ା ൌ x௜ୃ LLୃ x௜ା. 

 

minۺ,܀ ࣦሺ܀, ሻۺ ൌ෍ሺെlogሺ݌௜ሻሻ|࣮|
௜ୀଵ  

 
Here, ۺ ∈ Թௗൈ௟ is the parametric matrix of the 

squared Mahalanobis-like distance metric ۺߜଶ൫ܠ௜, ௝൯ܠ ൌ ൫ܠ௜ െ ௜ܠ൫ୃۺۺ௝൯ୃܠ െ  ௝൯, for a pair ofܠ
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examples ܠ௜, ௝ܠ ∈ Թௗ. Ensuring ݈ ൏ ݀ facilitates 
dimensionality reduction. ܀ is a parametric metrix that 
facilitates a weight funcion based on similarity. ∑ ሺെlogሺ݌௜ሻሻ|࣮|௜ୀଵ  is the log likelihood of the triplet set ࣮ satisfying the angular constraint. The goal is to learn 
the parametric matrix ۺ. 

Our novel multi-task triplet mining strategy has a 
number advantages when combined with manifold 
optimisation techniques. Firstly, because negative 
pairs can arise from pairs with one or many 
mismatching variablres, if tuned appropriately, the 
training process may learn to enforce orthogonality of 

some of the latent dimensions in correspondence with 
the difference in the ground truth labels. Secondly, 
because there is a degree of randomness to the level of 
mismatch of the input variables, somewhat similar 
pairs are going to be matched more often than those 
with few variables matching, hence that similarity is 
mapped to the latent manifold at a broader scale. 

Similarly to [7], we also implement shared 
representation layers to encode the task relatedness but 
differ in that we simply calculate the mean squared 
error (MSE) of a selected dimension of the feature 
embedding with the label of interest (generalised 
regression and relative change scores respectively). 

 
 

 
 

Fig. 4. An overview of our approach, the experiments in this article focus on the middle portion where malanobis distance 
(shown in red) has a orthogonality preserving constraint [20] which, in coordination with our Multi-Task Triplet Mining 
Strategy enforces that instances with some deviant variables be orthogonal and hence the deviation is made quantifiable 

in latent space. 
 

 
6. Results  

 
We perform experiments to study the following:  
1) Effect of different sampling settings on the 

multi-task metric learning results.  
2) Effect of the different hyperparameters on  

our method. 
In Table 1, we report the results of the multi-task 

triplet sampler. For our method, we set α=45∘, and 
embedding size of 128. We also indicate the nature of 
an approach, i.e., we use the OPML network. 

The test of sensitivity to n, the number of elements 
in the class label matrix which must match to qualify 
as a positive sample yielded interesting results. When 
n is small, the labels which match can vary 
significantly within and between batches and hence 
the transition between training iterations is difficult to 
learn from. This gradually improves as n increases as 
is reflected in Table 1. Once greater than 6 of the 
9 labels in the data needed to match, performance 

dropped again, suspect due to the limited number of 
anchor-positive pairs accepted. 

 
 

Table 1. Sensitivity of the multi-task triplet sampler 
and OPML network towards n, the number of elements 
in the class label matrix which must match to qualify 

as a positive sample. 
 

n 
Network 

2 3 4 5 6 7 

OPML 71.2 62.3 50.2 42.5 47.0 61.6 

 
 

In Table 2, we report the results of α, an important 
hyperparameter in OPML and the addition of a MSE 
component to the overall loss function. For our 
method, we arbitrarily set n=5, and embedding size 
of 128. We also indicate the nature of an approach, i.e., 
whether it makes use of an additional final layer for 
classification and regression or not. Note: lower loss 
is better. 



Sensors & Transducers, Vol. 252, Issue 5, October 2021, pp. 50-57 

 56

Table 2. Sensitivity towards loss function and α 
with respect to loss values reached on the test data. 

 
α 

loss 
35∘ 40∘ 45∘ 50∘ 55∘ 60∘ 

Multi-task/ 
OPML 

73.4 70.5 69.5 68.7 71.7 72.4 

Multi-task/ 
OPML+MSE 

241.2 162.3 142.2 152.5 92.0 321.6 

 
 

These results corresponds with ablation studies by 
[20] showing the effect of different components of 
OPML in that a value of α in the mid-range of that 
tested gave the best results, where α is the upper-bound 
angle formed by the angle positive-anchor-negative in 
the angular loss function, however the loss values 
remained quite high suggesting that the model is not 
converging well. This may be due to the complexity of 
the base network compared to that used by [20]. 

 
 

7. Conclusions 
 
The multiple implementation scenarios where 

MTML solutions have been shown to be useful 
demonstrate that the proposed method is useful in 
many AI applications where the algorithm’s outputs 
are to be adapted to each use case. 

This paper has also included the results of 
implementing some of these methods in addition to a 
novel multi-task triplet sampling strategy to quantify 
the effect of the hyperparameters of each element. It 
was found that enforcing too many labels to overlap 
impeded the convergence of the loss function as there 
was a limited number of anchor-positive pairs in the 
dataset. Allowing very little overlap of labels was also 
detrimental to performance as it allows too much 
variance between training iterations.  

Adding a final layer to regress the embeddings to 
align to a set of auxiliary outputs hindered the training 
procedure which may have been due to over-
constraining the loss function, to have to learn to space 
the vectors apart appropriately while simultaneously 
enforcing a feature which may have no or non-linear 
correlation to the auxiliary task. To this end,  
some of the kernel regression techniques [23] may 
improve performance.  

Better results may be achieved if a metric loss 
function be used in the final layer and the intra-class 
distances are trained to correspond to the auxiliary 
tasks using the weighted MSE loss function. The 
benefit of the interaction of multiple features is to be 
included in efforts to minimise the regression error as 
it is why methods which use a Mahalanobis matrix for 
each metric are so common in MTML solutions. 

We intend to further the research in this area by 
investigating how the mapping element of MTML 
may be exploited in situations where the salient 
features vary over time or due to changing underlying 
variables. One possible avenue would be to develop a 
technique to calculate the geometric divergence along 

each of the dimensions of the latent space/surface w.r.t 
isolated task-relevant subgroups in order to identify 
the local covariate geometry with respect to each task 
and easily recognise subtle changes in the same. 

 
 

Acknowledgements 
 
This work was supported, in part, by Science 

Foundation Ireland grant 13/RC/2094 and co-funded 
under the European Regional Development Fund 
through the Southern \& Eastern Regional Operational 
Programme to Lero - the Irish Software Research 
Centre (www.lero.ie). The authors wish to 
acknowledge the DJEI/DES/SFI/HEA Irish Centre for 
High-End Computing (ICHEC) for the provision of 
computational facilities and support. 
 
 

References 
 
[1]. W. Shi, M. Zhang, R. Zhang, S. Chen, Z. Zhan, 

Change detection based on artificial intelligence: 
State-of-the-art and challenges, Remote Sensing, 
Vol. 12, Issue 10, May 2020, p. 1688. 

[2]. N. O’ Mahony, S. Campbell, L. Krpalkova, A. 
Carvalho, J. Walsh, D. Riordan, Representation 
learning for fine-grained change detection, Sensors, 
Vol. 21, Issue 13, Jul. 2021. 

[3]. N. O’ Mahony, et al., One-shot learning for custom 
identification tasks; a review, in Procedia 
Manufacturing, Vol. 38, 2019, pp. 186-193. 

[4]. C. Shui, M. Abbasi, L. É. Robitaille, B. Wang, C. 
Gagné, A principled approach for learning task 
similarity in multitask learning, in Proceedings of the 
IJCAI International Joint Conference on Artificial 
Intelligence, Vol. 2019, 2019, pp. 3446–3452. 

[5]. L. Wang, X. Liu, J. Yi, Y. Jiang, C. J. Hsieh, Provably 
robust metric learning, Advances in Neural 
Information Processing Systems, Vol. 33, 2020,  
pp. 1-12. 

[6]. Z. Wang, D. M. Anand, J. Moyne, D. M. Tilbury, 
Improved sensor fault detection, isolation, and 
mitigation using multiple observers approach, Systems 
Science and Control Engineering, Vol. 5, Issue 1, 
2017, pp. 70–96.  

[7]. L. Wang, D. Zhu, Tackling ordinal regression problem 
for heterogeneous data: sparse and deep multi-task 
learning approaches, Data Mining and Knowledge 
Discovery, Vol. 35, Issue 3, 2021, pp. 1134-1161.  

[8]. X. Liu, D. Zachariah, J. Wågberg, T. B. Schön, 
Reliable Semi-Supervised Learning when Labels are 
Missing at Random, arXiv, Issue 2, 2018, pp. 1–8.  

[9]. W. Wang, R. Yu, Q. Huang, U. Neumann, SGPN: 
Similarity Group Proposal Network for 3D Point 
Cloud Instance Segmentation, in Proceedings of the 
IEEE Computer Society Conference on Computer 
Vision and Pattern Recognition, 2018, pp. 2569-2578.  

[10]. J. Lahoud, B. Ghanem, M. R. Oswald, M. Pollefeys, 
3D instance segmentation via multi-task metric 
learning, in Proceedings of the IEEE International 
Conference on Computer Vision, Vol. 2019-Octob, 
2019, pp. 9255-9265. 

[11]. K. Q. Weinberger, G. Tesauro, Metric learning for 
kernel regression, Journal of Machine Learning 
Research, Vol. 2, Issue May, 2007, pp. 612-619.  



Sensors & Transducers, Vol. 252, Issue 5, October 2021, pp. 50-57 

 57

[12]. R. Huang, S. Sun, Kernel regression with sparse metric 
learning, Journal of Intelligent and Fuzzy Systems, 
Vol. 24, Issue 4, 2013, pp. 775-787.  

[13]. A. Taha, Y.-T. Chen, T. Misu, A. Shrivastava, L. 
Davis, Unsupervised Data Uncertainty Learning in 
Visual Retrieval Systems, arXiv, 2019. 

[14]. P. Yang, K. Huang, A. Hussain, A review on multi-
task metric learning, Big Data Analytics, Vol. 3, 
Issue 1, Dec. 2018, pp. 1–23.  

[15]. B. Liang, P. Wu, X. Tong, Y. Qiu, Regression and 
subgroup detection for heterogeneous samples, 
Computational Statistics, Vol. 35, Issue 4, 2020, 
pp. 1853-1878.  

[16]. H. Wang, H. Li, J. Peng, Xianping Fu, Multi-feature 
distance metric learning for non-rigid 3D shape 
retrieval, Multimedia Tools and Applications, Vol. 78, 
Issue 21, Nov. 2019, pp. 30943-30958.  

[17]. K. Q. Weinberger, L. K. Saul, Distance metric learning 
for large margin nearest neighbor classification, 
Journal of Machine Learning Research, Vol. 10,  
Jan. 2009, pp. 207-244.  

[18]. R. Manmatha, C. Y. Wu, A. J. Smola, P. Krahenbuhl, 
Sampling Matters in Deep Embedding Learning, in 

Proceedings of the IEEE International Conference on 
Computer Vision, Vol. 2017-Octob, 2017,  
pp. 2859-2867. 

[19]. P. Yang, K. Huang, C. L. Liu, Geometry preserving 
multi-task metric learning, Machine Learning, 
Vol. 92, Issue 1, Jul. 2013, pp. 133-175.  

[20]. U. K. Dutta, M. Harandi, C. C. Sekhar, Unsupervised 
Deep Metric Learning via Orthogonality Based 
Probabilistic Loss, IEEE Transactions on Artificial 
Intelligence, Vol. 1, Issue 1, 2020, pp. 74-84.  

[21]. M. M. Bronstein, J. Bruna, Y. LeCun, A. Szlam,  
P. Vandergheynst, Geometric Deep Learning: Going 
beyond Euclidean data, IEEE Signal Processing 
Magazine, Vol. 34, Issue 4, 2017, pp. 18-42.  

[22]. S. Giguere, F. Garcia, S. Mahadevan, A Manifold 
Approach to Learning Mutually Orthogonal 
Subspaces, arXiv, 2017. 

[23]. K. Q. Weinberger, G. Tesauro, Metric Learning for 
Kernel Regression, in Proceedings of the 11th 
International Conference on Artificial Intelligence 
and Statistics (AISTATS’2007), San Juan, Puerto Rico, 
March 21-24, 2007, pp. 612-619.  

 
__________________ 

 

 

Published by International Frequency Sensor Association (IFSA) Publishing, S. L., 2021 
(http://www.sensorsportal.com). 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

https://www.sensorsportal.com/HTML/BOOKSTORE/ASPAI_2020_Proceedings.htm
https://www.sensorsportal.com/HTML/BOOKSTORE/ASPAI_2020_Proceedings.htm
https://www.sensorsportal.com/HTML/BOOKSTORE/ASPAI_2020_Proceedings.htm
https://www.sensorsportal.com/HTML/BOOKSTORE/ASPAI_2020_Proceedings.htm


Sensors & Transducers, Vol. 252, Issue 5, October 2021, pp. 58-64 

 58

 
Sensors & Transducers

Published by IFSA Publishing, S. L., 2021 
http://www.sensorsportal.com

 
 
 
 
 

Home Monitoring of Vital Parameters Using Intelligent 
Sensor and Storage Networks 

 
Ulrich H. P. FISCHER, Jens-Uwe JUST and Fabian THEUERKAUF 

Harz University of Applied Sciences, Friedrichstr. 57, 38855 Wernigerode, Germany  
Tel.: +49-(0)3943-659351, Fax: +49-(0)3943-659399 

E-mail: ufischer@hs-harz.de 
 
 

Received: 31 July 2021   /Accepted: 30 September 2021   /Published: 31 October 2021 
 
 
Abstract: The measurement and compilation of vital human data is of particular importance, as it opens up the 
possibility of supporting a person in their area of life and being able to provide information as to whether diseases 
are developing or, for example, the gait changes too much so that an early fall could be avoided. Volatile organic 
components analysis is very interesting possibility for detecting diseases in the home area in a very early stage. 
Older multimorbid people can also continue to live medically safely in their own home with the help of this 
supporting analysis of vital parameters and gait parameters, which is the aim of this home monitoring project. 
Here, the Harz University has developed components for a distributed sensor network for the spectroscopic analy-
sis of air, step analysis and vital parameters collected by a standard smart watch. It measures the number of steps, 
walking distance, blood pressure, heart rate/ECG and oxygen content of the blood. After analyzing and testing 
various smart watches, the Fitbit and the OURA ring were used. A test course was developed that lasts around 5 
minutes. The sensor system analyses the air in a room by measuring the optical spectral content of VOCs and the 
gait by a special developed 6D inertial measuring unit (IMU)-sensor in a smart shoe insole. The processing and 
audio-visual representation of the sensor data fusion represents a probabilistic model as an early warning system 
for the patient in the home environment. The aim of the work is the dedicated evaluation of the system components 
of the demonstrator for the subsequent analysis using artificial intelligence for the aggregated client data. 
 
Keywords: Biosensors, Intelligent sensors, Volatile organic components sensors, Sensor fusion of real-time vital 
data, Gait analysis, Smart shoe sole, Artificial intelligence in medicine. 
 
 
 

1. Introduction 
 

Health services, especially for older people, have 
been introduced very intensively into everyday life in 
recent years thanks to the rapid development of the 
transmission technology of the Internet of Things 
(IoT) [1, 2, 3]. In particular, the focus was on the 
prevention of diseases and the early detection of 
disease-related restrictions with a high risk, such as the 
early detection of a heart attack. 

For this purpose, new types of sensor networks [4] 
came into play, together with intelligent systems for 
monitoring patients and checking the patient's health 

status. The ability of such intelligent systems to save 
and transmit the recorded vital data is of great 
importance in many areas of health care in 
telemedicine. These systems are usually portable (e.g. 
smart watch) [5, 6], or integrated in the apartment in 
order to guarantee non-invasive and remote 
surveillance [7]. Essentially, these systems are used to 
monitor the symptoms and status of patients for 
screening, follow-up care, or in the monitoring of care 
patients [8]. 

In particular, the area of monitoring in the 
household for so-called Ambient Assistant Living 
Systems (AAL) has been pushed very hard in the last 

http://www.sensorsportal.com/HTML/DIGEST/P_3235.htm
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ten years [9]. These systems essentially focus on the 
physical signals such as heart rate, blood pressure, skin 
temperature, breathing rate and body movements, as 
well as step sizes and step frequencies.  

The information that is available and collected by 
these signals can be further processed into clinically 
relevant information in order to prevent diseases. 
These wireless sensor networks include a number of 
biological sensors [7] that can be built and integrated 
electronically smaller and smaller and can therefore be 
easily integrated into a smart watch, for example. Each 
of these sensor systems has specific requirements for 
recognizing and recording symptoms [10]. 

In order to be able to provide support to needy and 
especially elderly people with technical assistance, it 
is necessary to record both the environmental 
parameters and the vital parameters of the people. 
Fig. 1 shows which parameters are typically recorded 
in the field of medical values: pulse rate, blood 
pressure, skin temperature, skin resistance, blood 
oxygen content, movement and steps. 

 
 

 
 

Fig. 1. Important environmental and vital parameters 
for AAL support of elderly people. 

 
 

The environment in which the person moves is 
characterized by temperature, humidity, noise level, 
light radiation, MV radiation and UV radiation. In 
addition, the GPS data and the motion sensors with the 
inertial measuring sensors [11-14] (IMU) can provide 
further information. 

Due to the increased integration capability, the 
components for applications have become 
significantly cheaper and are now in the low-cost 
range. They are relatively easy to install and, thanks to 
the long battery life, hardly any maintenance  
is necessary. 

In this paper, two new types of sensor systems are 
presented, which measure the air quality optically in 
the home, as well as measure the step size, foot 
pressure and foot temperature at different points on the 
foot print in an intelligent insole. The collected data 
are transmitted via radio systems to a data server, from 
where it is called up and visualized.  

Additionally, more vital data are collected by using 
a standard smart watch (See Chapter 1.3). 

The room air sensor uses special absorptions of 
VOC gases, which indicate the beginning of  
clinical pictures. 

The presence of VOCs (volatile organic compo-
unds) [15, 16] and other substances can provide indi-
cations (no conclusive diagnosis) of health problems: 

- H2 (hydrogen) -> lactose intolerance, fructose 
malabsorption, carbohydrate malabsorption, etc. 
gastrointestinal diseases; 

- C5H8 (isoprene) -> indicator for lung cancer  
(if deficient); 

- C2H6O (ethanol) -> lack of vitamin E  
and / or selenium; 

- C3H6O (acetone) -> insulin deficiency -> poss. 
Diabetes risk; 

- NH3 (ammonia) -> liver dysfunction (e.g.  
liver cirrhosis). 

In addition to assessing the quality of indoor air for 
AAL applications, this system is also to be used for the 
detection of VOC in breathing gas. Since the presence 
of certain VOCs in exhaled air enables conclusions to 
be drawn about diseases such as lung cancer or 
metabolic disorders, the integration of a non-invasive 
permanent gas analysis in real-time medical care is 
becoming possible, also in view of increasing 
bandwidths and decreasing latency times [17]. 
 

 

2. Network Setup 
 
In order to collect and integrate vital parameters 

and VOC analysis data in a home environment, it is 
necessary to use an effective and fast network system 
in combination with an effective database. Such a 
communication system, which can be reached from 
every network segment, must be able to post and read 
structured messages in a data-technically secure 
manner. Furthermore, it must also guarantee simple 
client-server administration. These properties are in a 
so-called "Twitter for computers" (or M2M) with the 
help of the MQTT protocol guaranteed [18].  

As a publisher, a measured value recorder 
transmits e.g., the step size data to an MQTT server 
(see Fig. 1), which loads the data as a json object and 
makes it available to the subscribers as a data source 
for retrieval. The MQTT server is created locally in the 
apartment and can be installed on any router so that the 
data is only saved locally. Special releases can then be 
given to reading devices such as smartphones or 
tablets as so-called publishers.  

 
 

2.1. VOC Sensor  
 
The air sensor is part of a more complex system, 

the basic mode of operation of which can be seen in 
Fig. 2. Data recorded by a sensor (e.g., CO2 
concentration) are transferred as (voltage) values to an 
Arduino board (Particle Photon Development Board 
module kit), which converts the values into volume 
concentrations, converts the data generated from it 
into an MQTT-compliant format and transmits it to a 
real-time server. 

The data is displayed using a special real time 
Avatar sketch which is presented by Fischer, et al. [19] 
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in more detail. If limits are exceeded, a warning or 
recommendation is issued (e.g. "Please open window 
and ventilate" or "Please consult a doctor"). In addition 
to the data from this sensor, the MQTT server also 
receives data from different sensors that are developed 
by second project group.  

 
 

 
 

Fig. 2. Vital data fusion by MQTT server. 
 
 

As can be seen Fig. 3 the processor board is shown, 
where the on the Arduino processor (1) is located with 
the corresponding inputs and outputs (2) for the 
sensors for recording the VOC concentrations.  
You can also see the power supply (3) and the  
digital / analog converter (4) and the communication 
module (5). 
 

 
 

Fig. 3. Arduino setup for VOC analysis 
and communication module. 

 
 
2.2. Step Sensor by Smart Shoe Insole 

 
The aim of the second vital sensor project is the 

development of instruments for the detection of gait 
changes and for controlled practice in the home 
environment [20]. The training of coordination skills  
(right/left coordination) and the feedback on the 
development of pressure in the lower extremities and 
the movement pattern (G-sensors) will be carried out 
in the home environment over a period of 3 months 
and the influence on the standing and gait safety can 
be quantified. The sensors are embedded in shoe 
insoles, which are depicted in Fig. 4. The data 
provided by the sensors are send by Bluetooth LE and 
merged also via the MQTT network and evaluated in 
a central cloud environment. 

The next steps are the evaluation and validation of 
the analysis data and their fusion with the other 
recorded vital data for usability in the home 
environment. It is necessary to carry out the detection 
of a sufficient number of steps to calculate the 
parameters. For this purpose, a step course is set up, 
which can also be carried out in the limited  
home environment.  
 
 
2.3. Smart Watch Vital Parameter 

Acquisition 

In addition to the two sensor applications of VOC 
measurement and the next step with temperature and 
pressure measurement, a smart watch was used to 
measure the number of steps, walking distance, blood 
pressure, heart rate / ECG and oxygen content of the 
blood. After analyzing and testing various smart 
watches, the Fitbit Sense [22] and the OURA [23] 
Ring were used. 

 
 

 
 

Fig. 4. VOC sensor setup. 
 
 

A test course was developed that lasts around 
5 minutes and includes the following key points: 

Starting from 100 steps, either in a corridor in the 
hallway or as a tour in a room, if the course is to be 
held in the client's own home. Furthermore, two flights 
of stairs down and two flights of upstairs will have to 
be walked up in a stairwell in order to also be able to 
record changes in heart rate and breathing rate as well 
as oxygen uptake. 
 
 
3. Results 
 
3.1. VOC Results 

 
The spectrum of several gases had been recorded 

using an optical spectrometer (ANDO AQ 8315 with 
a measuring accuracy of 0.5nm) by the measurement 
setup depicted in Fig. 4 and Fig. 5. The wavelengths 
used here correspond to the previously determined 
absorptions of the relevant substances.  

If the substances are present in the air, the light 
from the source is attenuated in accordance with the 
concentration, which reduces the voltage values at the 
sensor output and the volume concentration can be 
determined. Actually, the temperature sensitivity and 
needed gas concentration is still causing problems. 
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Fig. 5. Smart shoe insole with 3D-G sensors, pressure 
and temperature sensors indicated by green spots  
(Figure and device fabricated by Thorsis [21]). 

 
 

As it can be seen in Fig. 6, there are absorption 
lines of Propane, Bhutan and Acetylene at several 
wavelengths in the near infrared appearing.  

In Fig. 6 the spectrum is shown between 300 nm in 
the UV via the visible spectrum up to the infrared 
region of 1750 nm.  

 
 

 
 

Fig. 6. Measurement setup of optical absorption spectra 
of VOC absorptions in the near IR region. 

 
 

The absorption depth of several gases is depicted 
in logarithmic scale of dBm. Deep absorption lines are 
depicted in tube 4 boxes:  

- Propane (orange) of -7 dB at 1180 nm, 1400 nm 
(4 dB) and 1710 nm (more than 20 dB); 

- Ethine (yellow) absorption is very deep at 
1530 nm (25 dB); 

- Bhutan (grey) shows best absorption at 1620 nm 
with 5 dB and 1700 nm (15 dB); 

- A reference measurement (blue line) was 
performed to show the limit of detection response. 

These absorptions are applied in the sensor and 
must be calibrated to different relative gas pressures 
according to the VOC grade to the different diseases 
shown in the introduction of this paper. The calibration 
is still under work.  

A detailed section of the absorption line of 
acetylene at 1530 nm can be seen in Fig. 8. The output 
voltage of the electrically amplified signal is shown 
above the wavelength. One can see, however, that the 
maximum absorption fluctuates strongly, so that the 
middle wavelength cannot be clearly identified.  

However, the absorption of acetylene is very broad 
in this area, so that the detection of the VOC acetylene 
can be easily detected. Both the presence of acetylene 

and various concentration levels can be detected. 
However, an absolute substance concentration is not 
yet feasible. For this purpose, further detailed 
investigations must follow. 

 
 

 
 

Fig. 7. Photograph of measurement setup. 
 
 

 
 

Fig. 8. Optical absorption spectrum of different VOC 
gas components. 

 
 

After the clear proof that acetylene can be perfectly 
detected optically, an alternative modified setup was 
implemented which uses an LED with the specific 
wavelength of the absorption of acetylene instead of a 
broadband light source.  

The possibility of using an inexpensive LED, 
which has a corresponding wavelength of 1530 nm, 
the absorption of acetylene, seems to be an 
inexpensive way of realizing an overall system.  

The experimental setup was therefore modified 
and is shown in Fig. 9. The excitation light source 
(LED) can be seen on the left, which emits exactly into 
the volume to be measured. Acetylene could now be 
introduced into the volume of the measuring cell in a 



Sensors & Transducers, Vol. 252, Issue 5, October 2021, pp. 58-64 

 62

certain concentration and the attenuation of the 
radiation from the LED at the wavelength of 1530 nm 
could be observed with a Ge photodetector. The 
construction is therefore very inexpensive, since an 
LED with 5-20 € and a photodetector with 5-30 € can 
be obtained on the market. 

The change in the intensity of the LED radiation 
with the photodetector was recorded with an 
oscilloscope, as can be seen in Fig. 10. One can  
clearly see how the voltage signal changes over time 
and thus the detection of the VOC acetylene can be 
clearly demonstrated. 

 
 

 
 

Fig. 9. Absorption line of Acetylene in high 
wavelength resolution. 

 
 

 
 

Fig. 10. Adapted new setup for absorption measurement 
of Acetylene. 

 
 

 
 

Fig. 11. Signal strength at 1530 nm by excitation with new 
setup with LED excitation. 

The MQTT protocol is used as described above for 
the transmission of the evaluated VOC concentration 
values. The syntax is designed as a json object and has 
the following representation, for example 
 ‘HO / Sensor1 / gas1 / concentration’. There is a 
alerting when limit values are exceeded also with a 
json object. The patient is then alerted visually and 
acoustically via the real-time server. 

In addition, the following gases are  
also monitored: 

- CO: to increase the safety of air purity in  
the room 

- Ammonia: liver dysfunction 
- Ethanol: lack of vitamin E. 
 
 

3.2. Vital Signs Transmission 
 
In order to transfer the data of the vital parameters 

of the smart watch and the intelligent shoe sole to the 
Neuropathy MQTT server, some technical steps are 
required which should be shown in the following 
which can be seen in Fig. 12. 

The data recorded by the smart watch is 
transmitted via the so-called Fitbit interface, which is 
located in the cloud. From there, the data is queried via 
the neuropathy app and transmitted to the MQTT 
server, which in turn is available as a data server for 
the artificial intelligence (AI) tool. Analogously, the 
data of the intelligent shoe sole is also transferred via 
the neuropathy app to the MQTT server as a json 
object and transferred to the database. The artificial 
intelligence (AI) tool that has yet to be developed will 
then carry out the evaluation and provide feedback to 
the client. 

 
 

 
 

Fig. 12. Data acquisition via smart watch. 
 
 

Fig. 13 shows the transmission chain of the Json 
objects in the form of the transmission from the Fitbit 
app to the MQTT server. The sequence of data shows 
that the time of data recording and recorded vital 
values are transmitted according to their arrival and 
are uniquely stored in the MQTT data. This data can 
then be called up again from the following database. 

After the transfer to the database, the data pool of 
which can be seen as an excerpt in Fig. 14, the 
sequence of the json objects and their contents with the 
corresponding vital data can be recognized. 
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Fig. 13. Data view as json object for MQTT transfer. 
 
 

 
 

Fig. 14. Data view at the data base. 
 
 

In the further course of the project, the complete 
data of the VOC sub-project as well as the smartwatch 
and the intelligent shoe sole will be transferred from 
the MQTT server to the database and evaluated in 
cooperation with the medical faculty of the University 
of Magdeburg. With the help of this evaluation, a 
subsequent analysis of the aggregated client data 
should be carried out with the aid of artificial 
intelligence. The processing and audio-visual 
representation of the sensor data fusion represents a 
probabilistic model as an early warning system for the 
patient in the home environment. 

 
 

4. Summary 
 
Volatile organic components analysis is very 

interesting possibility for detecting diseases in the 
home area in a very early stage. The sub-project VOC 
acquisition included the development of a distributed 
sensor system for the spectroscopic analysis of room 
air as part of the real-time sensor data analysis 
framework for intelligent assistance systems. It could 

be shown that it is possible to detect different gases or 
gas mixtures with optical technologies. A 
Demonstrator was realized which detected CO, 
ammonia, ethanol and ethylene. 

Older multimorbid people can also continue to live 
medically safely in their own home with the help of 
this supporting analysis of vital parameters and gait 
parameters, which was the aim of these home 
monitoring project parts. Here, the Harz University 
has interconnected components for a distributed 
sensor network for the spectroscopic analysis of air 
and step analysis. The sensor system analyses the air 
in a room by measuring the optical spectral content of 
VOCs and the gait by special developed 3D G-sensors 
in a smart shoe insole.  

The next steps in the project will be the following:  
In the first step we need to implement security 
functions like SSL, AES256 in the transmitted data, 
because the data are personally and should meet the 
international security level for secure personal medical 
date transfer. After that step, we need to integrate an 
account / profile system that will be able to connect a 
manifold of clients. These accounts must be integrated 
into the existing infrastructure of the MQTT data 
transfer. 

After realizing the IT structure, user tests in the lab 
will be performed as a pretest to finalize the whole 
system. Afterwards the system will be applied in a  
2-month field test in a care station. Here we want to 
collect real personal data to implement and test the 
artificial intelligence (AI) tool, which will give the 
clients clear hints for a saver vital live in their home 
environment. The AI tool will be developed in 
cooperation with our medical partner at the Medical 
Department of the Otto von Guericke University [20].  
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Summary: This work deals with turbo coded single user massive multiple input multiple output (SU-MMIMO) 
systems, with and without precoding. SU-MMIMO has a much higher spectral efficiency compared to multi-user 
massive MIMO (MUMMIMO) since independent signals are transmitted from each of the antenna elements 
(spatial multiplexing). MU-MMIMO that uses beamforming has a much lower spectral efficiency, since the same 
signal (with a delay) is transmitted from each of the antenna elements. In this work, expressions for the upper 
bound on the average signal-to-noise ratio (SNR) per bit and spectral efficiency are derived for SU-MMIMO with 
and without precoding. We propose a performance index. ݂( ௧ܰ),	which is a function of the number of transmit antennas ௧ܰ.Here ݂( ௧ܰ),	is the sum of the upper bound 
on the average SNR per bit and the spectral efficiency. We demonstrate that when the total number of antennas 
( ௧ܰ௢௧ ) in the transmitter and receiver is fixed, there exists a minimum value of ݂( ௧ܰ),	which has to be 
avoided.Computer simulations show that the bit-error-rate (BER) is nearly insensitive to a wide range of the 
number of transmit antennas and re-transmissions, when ௧ܰ௢௧  is large and kept constant. Thus, the spectral 
efficiency can be made as large as possible, for a given BER and ௧ܰ௢௧ 

 
Keywords: Flat fading, Precoding, Re-transmissions, Single user massive MIMO, Spectral efficiency, Turbo 
codes. 
 
 
 
1. Introduction 

 

Wireless telecommunication standards for 6G and 
beyond, aim for peak data rates per user of the order of 
100 gigabits per second (Gbps). This can only be 
achieved using antenna arrays having a large number 
of antenna elements at both the transmitter and receiver 
(single user massive multiple input multiple output 
(SU-MMIMO)) and carrier frequencies of the order of 
terahertz (mmwave frequencies). Much of the existing 
literature on massive MIMO deals with multi user case 
(MU-MMIMO) [1–18], where the base station is 
equipped with a large number of antennas and each 

user has only a single antenna. SUMMIMO has not yet 
been studied, excepting for a few works with equal 
number of transmit and receive antennas and ideal 
receiver [19,20], orthogonal frequency division 
multiplexing (OFDM)-based practical receiver which 
estimates timing, carrier frequency offset and channel 
impulse response [21,22], analysis of probability of 
erasure (probability of not detecting an OFDM frame 
when it is present) [23, 24], ideal receiver with unequal 
number of transmit and receive antennas with 
precoding [25,26]. SU-MMIMO is also presented in 
[27, 28]. SU- and MU-MIMO for distributed antenna 
systems (antennas that are spatially far apart) is studied 

http://www.sensorsportal.com/HTML/DIGEST/P_3236.htm
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in [29], which is quite different from what is presented 
in this work (for example see Fig. 2 of [21]). 

Let us look at the differences between SU- and MU-
MMIMO [27, 28]: 1. In MU-MMIMO, beamforming is possible onlyin 

the downlink, whereas in SU-MMIMO, 
beamforming is possible in both uplink and 
downlink. 2. Spatial multiplexing is not possible in 
MUMMIMO since the user (mobile handset) has 
only one antenna, whereas in SU-MMIMO spatial 
multiplexing is possible in both uplink and 
downlink. 

The difference between beamforming and spatial 
multiplexing is enumerated below [27, 28]: 

1. Beamforming has a lower spectral efficiency, 
since the same signal (with a delay) is 
transmitted from a large number of antenna 
elements. Spatial multiplexing has a higher 
spectral efficiency, since independent signals 
are transmitted from a large number of antenna 
elements. 

2. Beamforming yields a highly directive pencil 
beam. Spatial multiplexing requires a rich 
scattering channel for effective operation and 
has no directivity. 

This work describes two methods of implementing 
SU-MMIMO with unequal number of transmit and 
receive antennas, namely: 

1. With precoding [25, 26]. 
2. Without precoding. 

SU-MMIMO without precoding and equal number of 
transmit and receive antennas has been described 
earlier in [19, 20]. We now briefly discuss the topic of 
precoding. 

Precoding at the transmitter is a technique that dates 
back to the era of voiceband modems or wired 
communications [30–36]. The term “precoding” is 
quite generic and refers to one or more of the many 
different functionalities, as given below: 

1. It compensates for the distortion introduced by 
the channel. Note that channel compensation at 
the receiver is referred to as equalization [37–
43]. Here, channel compensation implies 
removal or minimization of intersymbol 
interference (ISI). 

2. It performs error control coding, besides 
channel compensation. 

3. It shapes the spectrum of the transmitted signal, 
and renders it suitable for propagation over the 
physical channel. Note that most channels do 
not propagate a dc signal and precoding is used 
to remove the dc component in the message 
signal. At this point, it is important to 
distinguish between a message signal and the 
transmitted signal. 

In the context of wireless multiple input, multiple 
output (MIMO) systems, the main task of the precoder 
is to remove interchannel interference (ICI), either for 
single-user or multi-user case [44–50]. It should be 
observed that precoding requires knowledge of the 
channel state information (CSI) at the transmitter, 

which is usually fed back by the receiver to the 
transmitter. The receiver estimates CSI from a known 
training signal that is sent by the transmitter. CSI 
usually refers to the channel impulse response (CIR) or 
its statistics (mean and covariance), depending on the 
type of precoder used. Thus, precoding requires the 
channel to be time invariant or wide sense stationary 
(WSS) over at least one transmit and receive duration. 
Moreover, precoding can only be performed on 
systems employing time division duplex (TDD), which 
is a method of half duplex telecommunication. In other 
words, the channel needs to be reciprocal, that is, the 
CIR from the transmitter to receiver must be identical 
to that from receiver to transmitter. 

In this work, we describe an elegant precoding 
method which reduces ICI in single user massive 
MIMO systems and compare it with the case without 
precoding [19, 21]. Rayleigh flat fading channel is 
assumed. If the channel is frequency selective, 
orthogonal frequency division multiplexing (OFDM) 
can be used e.g. single input single output (SISO) 
OFDM [43,51,52], single input multiple output OFDM 
[53] or MIMO OFDM [21, 22, 54, 55]. 

This work is organized as follows. Section 2 
describes the signal model with and without precoding. 
In Section 3 precoding for SU-MMIMO is discussed. 
The case without precoding is presented in Section 4. 
Section 5 presents the simulation results and Section 6 
gives the conclusions. 

 
 

2. Signal Model 
 
Consider a precoded MIMO system with Nt transmit 

and Nr receive antennas, as shown in Fig. 1 [25]. The 
precoded received signal in the  ݇௧௛	(0 ≤ ݇ ≤ ௥ܰ௧ −1, ݇ is an integer), re-transmission is given by 

෩௞܀  = ۶෩௞۶෩௞ு܁௣  ෩௞, (1)܅+
 

where ܀෩௞ ∈ ℂேೝ×ଵ is the received vector, ۶෩௞ ∈ ℂேೝ×ே೟ 
is the channel matrix and ܅෩௞ ∈ ℂேೝ×ଵ is the additive 
white Gaussian noise (AWGN) vector. The transmitted 
symbol vector is ܁௣ ∈ ℂேೝ×ଵ , whose elements are 
drawn from an M-ary constellation. Boldface letters 
denote vectors or matrices. Complex quantities are 
denoted by a tilde. However tilde is not used for 
complex symbols ܁௣  .The elements of ۶෩௞  are 
statistically independent, zero mean, circularly 
symmetric complex Gaussian with variance per 
dimension equal to ߪுଶ  ,as given by (2) of [19]. 
Similarly, the elements of ܅෩௞  are statistically 
independent, zero mean, circularly symmetric complex 
Gaussian with variance per dimension equal to ߪௐଶ , as 
given by (3) of [19]. 

The system model without precoding is shown in 
Fig. 2 which is similar to Figure 1 of [19], accepting 
that here the number of transmit antennas is not equal 
to the number of receive antennas. The received signal 
without precoding, in the ݇௧௛ re-transmission is given 
by (see also (1) of [19]) 
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Fig. 1.  System model with precoding. 
 
 

 
 

Fig. 2.  System model without precoding. 
 
෩௞܀  = ۶෩௞܁  ෩௞ (2)܅+

 
where ܁ ∈ ℂே೟×ଵ whose elements are drawn from an ܯ-ary constellation. In this work, the elements of ܁௣ 
and ܁  are turbo coded and mapped to a QPSK 
constellation with coordinates ±1 ± j, as depicted in 
Fig. 1. Moreover, here ۶෩௞  is an ௥ܰ × ௧ܰ  matrix, 
whereas in [19] ۶෩௞  is an ܰ × ܰ matrix. We assume 
that ۶෩௞  and ܅෩௞  are independent across re-
transmissions, hence (4) in [19] is valid with ܰ 
replaced by ௥ܰ. We now proceed to analyze the signal 
models in (1) and (2). 
 
 

3. Precoding 
 

The ݅௧௛	element	of	܀෩௞ in (1) is 

෨ܴ௞, ௜ = ,෨௞ܨ ௜, ௜ ௜ܵ + ,ሚ௞ܫ ௜ + ෩ܹ௞, ௜  
for 1 ≤ ݅ ≤ ௥ܰ 

(3) 

 

where 
෨௞, ௜, ௜ܨ  = ෍หܪ෩௞, ௜, ௝หଶே೟

௝ୀଵܫሚ௞, ௜ = ෍ܨ෨௞, ௜, ௝ேೝ
௝ୀଵ௝ஷ௜ ௝ܵ

,෨௞ܨ ௜, ௝ = ෍ܪ෩௞, ௜, ௟ே೟
௟ୀଵ ,෩௞ܪ ௝, ௟∗   for ݅ ≠ ݆.

 (4) 

 
The desired signal in (3) is ܨ௞, ௜, ௜ ௜ܵ , the interference 
term is ܫሚ௞, ௜ and the noise term is ෩ܹ௞, ௜. Now 
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෨௞, ௜, ௜ଶܨൣܧ ൧ = ܧ ቎෍หܪ෩௞, ௜, ௝หଶே೟
௝ୀଵ ෍หܪ෩௞, ௜, ௟หଶே೟

௟ୀଵ ቏
= ܧ ቎෍ܪ෩௞, ௜, ௝, ூଶே೟

௝ୀଵ + ෩௞, ௜, ௝, ொଶܪ
  ×෍ܪ෩௞, ௜, ௟, ூଶே೟

௟ୀଵ + ෩௞, ௜, ௟, ொଶܪ ቏= ுସߪ4 ௧ܰ( ௧ܰ + 1)
 (5) 

 

where the subscript “ܫ” denotes the in-phase part and 
the subscript “ܳ” denotes the quadrature part of a 
complex quantity and the following relation has been 
used [56, 57] 
ሾܺସሿܧ  =  ௑ସ, (6)ߪ3
 

where ܺ is a zero-mean, real-valued Gaussian random 
variable with variance ߪ௑ଶ. Moreover from (4) and (2) 
in [19] ܨൣܧ෨௞, ௜, ௜൧ = ுଶߪ2 ௧ܰ. (7) 
 

We also have 
 

ܧ ቂหܫሚ௞, ௜หଶቃ = ܧ ێێێۏ
෨௞, ௜, ௝ேೝܨ෍ۍ
௝ୀଵ௝ஷ௜ ௝ܵ

  ×෍ܨ෨௞, ௜, ௟∗ேೝ
௟ୀଵ௟ஷ௜ ௟ܵ∗ۑۑے

ې
=෍෍ ୟܲ୴ேೝ

௟ୀଵ௟ஷ௜
ேೝ
௝ୀଵ௝ஷ௜

∗෨௞, ௜, ௟ܨ෨௞, ௜, ௝ܨൣܧ ൧ߜ௄(݆ − ݈)
= ୟܲ୴෍ܧேೝ

௝ୀଵ௝ஷ௜
ቂหܨ෨௞, ௜, ௝หଶቃ

 (8) 

 

where ߜ௄(⋅) is the Kronecker delta function [19, 43], 
we have assumed independence between ܨ෨௞, ௜, ௝ and ௝ܵ 
and [19] 
ൣܧ  ௝ܵ ௟ܵ∗൧ = ୟܲ୴ߜ௄(݆ − ݈)= ݆)௄ߜ2 − ݈).  (9) 

Now ܧ ቂหܨ෨௞, ௜, ௝หଶቃ = ܧ ቎෍ܪ෩௞, ௜, ௟ே೟
௟ୀଵ ∗෩௞, ௝, ௟ܪ

  × ෍ ෩௞, ௜, ௠∗ே೟ܪ
௠ୀଵ ෩௞, ௝, ௠቏ܪ

=෍ ෍ ே೟ܧ
௠ୀଵ

ே೟
௟ୀଵ ∗෩௞, ௜, ௠ܪ෩௞, ௜, ௟ܪൣ ൧  × ∗෩௞, ௝, ௟ܪ෩௞, ௝, ௠ܪൣܧ ൧

= ෍ ෍ 4ே೟
௠ୀଵ

ே೟
௟ୀଵ ݈)௄ߜுସߪ − ݉)= ுସߪ4 ௧ܰ.

 (10) 

Substituting (10) in (8) and using (9) we get 
ܧ  ቂหܫሚ௞, ௜หଶቃ = ுସߪ8 ௧ܰ( ௥ܰ − 1). (11) 

 
Due to independence between ܫሚ௞, ௜	and	 ෩ܹ௞, ௜ in (3) 

we have from (11) and (3) of [19] 
ܧ  ቂหܫሚ௞, ௜ + ෩ܹ௞, ௜หଶቃ = ܧ ቂหܫሚ௞, ௜หଶቃ + ܧ ቂห ෩ܹ௞, ௜หଶቃ= ுସߪ8 ௧ܰ( ௥ܰ − 1) + =ௐଶߪ2 ௎ᇲଶߪ (say).  (12) 

 
Now, each element of ܁௣  in (1) carries 1/(2 ௥ܰ௧) 

bits of information [19]. Therefore, each element of ܀෩௞ 
also carries 1/(2 ௥ܰ௧) bits of information. Hence, the 
average signal to interference plus noise ratio per bit of ෨ܴ௞, ௜ in (3) is defined as, using (5), (9) and (12) 

 SINRୟ୴, ௕ = ܧ ቂหܨ෨௞, ௜, ௜ ௜ܵหଶቃ × 2 ௥ܰ௧ܧ ቂหܫሚ௞, ௜ + ෩ܹ௞, ௜หଶቃ= ுସߪ8 ௧ܰ( ௧ܰ + 1) × 2 ௥ܰ௧8ߪுସ ௧ܰ( ௥ܰ − 1) + ௐଶߪ2 .
 (13) 

 
When ߪௐଶ = 0 in (13), we get the upper bound on SINRୟ୴, ௕ as given below 

 SINRୟ୴, ௕, ୙୆ = ுସߪ8 ௧ܰ( ௧ܰ + 1) × 2 ௥ܰ௧8ߪுସ ௧ܰ( ௥ܰ − 1)= 2 ௥ܰ௧( ௧ܰ + 1)௥ܰ − 1 .  (14) 

 
The information contained in ܁௣	in	(1)	is	 ௥ܰ/(2 ௥ܰ௧)  bits. Hence the spectral efficiency of the 

precoded system is 
௣ߟ  = ௥ܰ2 ௥ܰ௧ bits per transmission. (15) 

 
Note that both (14) and (15) need to be as large as 

possible to minimize the BER and maximize the 
spectral efficiency. Let 
 ୲ܰ୭୲ = ௧ܰ + ௥ܰ.		 (16) 
 
Define 
 ݂( ௧ܰ) = SINRୟ୴, ௕,୙୆ + =௣ߟ 2 ௥ܰ௧( ௧ܰ + 1)௥ܰ − 1 + ௥ܰ2 ௥ܰ௧= 2 ௥ܰ௧( ௧ܰ + 1)୲ܰ୭୲ − ௧ܰ − 1 + ୲ܰ୭୲ − ௧ܰ2 ௥ܰ௧

 (17) 

 
where we have used (16). We need to find ௧ܰ such that ݂( ௧ܰ)  is maximized. The plot of SINRୟ୴, ௕, ୙୆  (red 
curve), ߟ௣ (blue curve) and ݂( ௧ܰ) (green curve), as a 



Sensors & Transducers, Vol. 252, Issue 5, October 2021, pp. 65-75 

 69

function of ௧ܰ , keeping ୲ܰ୭୲  fixed, is depicted in 
Figs. 3 and 4. Note that SINRୟ୴, ௕, ୙୆  increases 
monotonically and ߟ௣  decreases monotonically, with 
increasing ௧ܰ. We also find that ݂( ௧ܰ) has a minimum 
(not maximum) at 
 ௧ܰ = ୲ܰ୭୲ − 2 ௥ܰ௧ඥ ୲ܰ୭୲ − 1 (18) 

 
which is obtained by differentiating ݂( ௧ܰ) in (17) with 
respect to ௧ܰ and setting the result to zero. Therefore, 

the only possible solution is to avoid the minimum. 
Clearly we require SINRୟ୴, ௕, ୙୆ > ln(2), since it is the 
minimum average SNR per bit required for error-free 
transmission over any type of channel [19]. We also 
require ߟ௣ > ୫୧୬௣ߟ , where ߟ୫୧୬௣  is chosen by the 
system designer. Thus, we arrive at a range of the 
number of transmit antennas ( ௧ܰ, ୫୧୬ ≤ ௧ܰ ≤ ௧ܰ, ୫ୟ୶) 
that can be used, as shown in Fig. 3 and 4 Note that in 
Fig.  4(b) the minimum of ݂( ௧ܰ) cannot be avoided, 
since ߟ୫୧୬௣  would be too small. 

 
 

 
 

Fig. 3. SINRୟ୴,ୠ,୙୆ and ߟ௣ as a function of	 ௧ܰ for 	 ௧ܰ௢௧ = 1024, with precoding. 
 
 

 
 

Fig. 4. 	ܴܵܰܫ௔௩,௕,௎஻ and ߟ௣ as a function of	 ௧ܰ for 	 ௧ܰ௢௧ = 32, with precoding. 
 
 

Next, similar to (20) in [19], consider 
 ෨ܻ௜ = 1ܰ௥௧ ෍ ෨ܴ௞, ௜ேೝ೟ିଵ

௞ୀ଴= 1ܰ௥௧ ෍ ൫ܨ෨௞, ௜, ௜ ௜ܵ + ሚ௞, ௜ܫ + ෩ܹ௞, ௜൯ேೝ೟ିଵ
௞ୀ଴= ௜ܨ ௜ܵ + ෩ܷ௜  for 1 ≤ ݅ ≤ ௥ܰ

 (19) 

 
where ෨ܴ௞, ௜ 	is	given	by	(3),  ௜ is real-valued andܨ

 

௜ܨ = 1ܰ௥௧ ෍ ෨௞, ௜, ௜ேೝ೟ିଵܨ
௞ୀ଴෩ܷ௜ = 1ܰ௥௧ ෍ ൫ܫሚ௞, ௜ + ෩ܹ௞, ௜൯ேೝ೟ିଵ
௞ୀ଴= 1ܰ௥௧ ෍ ෩ܷ௞, ௜ேೝ೟ିଵ
௞ୀ଴ ′  (say).

 (20) 

 

Since ܨ෨௞, ௜, ௜ and ෩ܷ௞, ௜′ are statistically independent 
over re-transmissions (݇), we have 
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௜ଶ൧ܨൣܧ = 1ܰ௥௧ଶ ܧ ቎ ෍ ෨௞, ௜, ௜ேೝ೟ିଵܨ
௞ୀ଴ ෍ ෨௡, ௜, ௜ேೝ೟ିଵܨ

௡ୀ଴ ቏
= ுସߪ4 ௧ܰሾ ௧ܰ + 1 + ௧ܰ( ௥ܰ௧ − 1)ሿ௥ܰ௧= ுସߪ4 ௧ܰ( ௧ܰ ௥ܰ௧ + 1)௥ܰ௧ܧ ቂห ෩ܷ௜หଶቃ = =௎ᇲଶܰ௥௧ߪ ுସߪ8 ௧ܰ( ௥ܰ − 1) + ௐଶ௥ܰ௧ߪ2

 (21) 

 
where we have used (5), (7), (12) and the fact that 
ൣܧ  ෩ܷ௞, ௜′൧ = 0 (22) 

 
where ෩ܷ௞, ௜′ is defined in (20). Next, we compute the 
average SINR per bit for ෨ܻ௜ in (19). Note that since ෨ܻ௜ 
is a “combination” of ௥ܰ௧  re-transmissions, its 
information content is ௥ܰ௧/(2 ௥ܰ௧) = 1/2  bit (recall 
that the information content of ෨ܴ௞, ௜  in (19). is 1/(2 ௥ܰ௧) bits). Therefore 
 SINRୟ୴, ௕, ஼ = ௜ܨ|ሾܧ ௜ܵ|ଶሿ × ܧ2 ቂห ෩ܷ௜หଶቃ= ுସߪ8 ௧ܰ( ௧ܰ ௥ܰ௧ + 1) × ுସߪ28 ௧ܰ( ௥ܰ − 1) + ௐଶߪ2  (23) 

 
where the subscript “ܥ” denotes “after combining” and 
we have used (9) and (21). Note that we prefer to use 
the word “combining” rather than averaging, since it is 
more appropriate in terms of the “information content” 
in ෨ܻ௜. Once again with ߪௐଶ = 0 and ௧ܰ ௥ܰ௧ ≫ 1 we get 
the approximate upper bound on SINRୟ୴, ௕, ஼ as 

 SINRୟ୴, ௕, ஼, ୙୆ = ுସߪ8 ௧ܰ( ௧ܰ ௥ܰ௧ + 1) × ுସߪ28 ௧ܰ( ௥ܰ − 1)≈ 2 ௥ܰ௧ ௧ܰ௥ܰ − 1≈ SINRୟ୴, ௕, ୙୆
 (24) 

 
when ௧ܰ ≫ 1. Thus, the upper bound on the average 
SINR per bit before and after combining are nearly  
identical. Observe that re-transmitting the data 
increases the upper bound on the average SINR per bit, 
it does not improve the BER performance, which is 
seen in Section 5. After concatenation, the signal ෨ܻ௜	in	(19)	for	0 ≤ ݅ ≤ ௗܮ − 1  is sent to the turbo 
decoder. The details of turbo decoding will not be 
discussed here. 
 
 
4. No Precoding 
 

The block diagram of the system without precoding 
in similar to Fig. 1 in [19], excepting that now there are 

௧ܰ transmit and ௥ܰ receive antennas. The ݅௧௛ element 
of ۶෩௞ு܀෩௞, where ܀௞෪  is given by (2), is (similar to (10) 
of [19]) 
 ෨ܻ௞, ௜ = ,෨௞ܨ ௜, ௜ ௜ܵ + ,ሚ௞ܫ ௜ + ෨ܸ௞, ௜ for 1 ≤ ݅ ≤ ௧ܰ (25) 
 

where 
 ෨ܸ௞, ௜ = ෍ܪ෩௞, ௝, ௜∗ேೝ

௝ୀଵ ෩ܹ௞, ௝
ሚ௞, ௜ܫ = ෍ܨ෨௞, ௜, ௝ே೟

௝ୀଵ௝ஷ௜ ௝ܵ
,෨௞ܨ ௜, ௝ = ෍ܪ෩௞, ௟, ௜∗ேೝ

௟ୀଵ .෩௞, ௟, ௝ܪ
 (26) 

 

It can be shown that 
,෨௞ܨൣܧ  ௜, ௜ଶ ൧ = ுସߪ4 ௥ܰ( ௥ܰ + 1). (27) 
 

We also have 
,෨௞ܨൣܧ  ௜, ௜൧ = ுଶߪ2 ௥ܰ (28) 
 

And 
ܧ  ቂหܫሚ௞, ௜หଶቃ = ுସߪ8 ௥ܰ( ௧ܰ − ܧ(1 ቂห ෨ܸ௞, ௜หଶቃ = ௐଶߪ4 ுଶߪ ௥ܰ.  (29) 

 

The total power of interference plus noise is 
ܧ  ቂหܫሚ௞, ௜ + ෨ܸ௞, ௜หଶቃ = ܧ ቂหܫሚ௞, ௜หଶቃ + ܧ ቂห ෨ܸ௞, ௜หଶቃ= ுସߪ8 ௥ܰ( ௧ܰ − ௐଶߪ4+(1 ுଶߪ ௥ܰ= ௎ᇲଶߪ  (say).  (30) 

 

Observe that the total information emitted by ௧ܰ 
antennas per transmission is ௧ܰ/(2 ௥ܰ௧)  bits. 
Therefore, the information contained in ෨ܻ௞, ௜ in (25) is ௧ܰ/(2 ௥ܰ௧ ௧ܰ) bits. Hence, the average SINR per bit is 
 SINRୟ୴, ௕ = ܧ ቂหܨ෨௞, ௜, ௜ ௜ܵหଶቃ × 2 ௥ܰ௧ܧ ቂหܫሚ௞, ௜ + ෩ܹ௞, ௜หଶቃ= )ுସߪ8 ௥ܰ + 1) × 2 ௥ܰ௧8ߪுସ( ௧ܰ − 1) + ௐଶߪ4 ுଶߪ

 (31) 

 

and for ߪௐଶ = 0 we get the upper bound on SINR per 
bit as 
 SINRୟ୴, ௕,୙୆ = ( ௥ܰ + 1) × 2 ௥ܰ௧௧ܰ − 1 . (32) 

 

The spectral efficiency without precoding is 
ߟ  = ௧ܰ2 ௥ܰ௧ bits per transmission. (33) 
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Define 
 ݂( ௧ܰ) = SINRୟ୴, ௕, ୙୆ + =ߟ 2 ௥ܰ௧( ௥ܰ + 1)௧ܰ − 1 + ௧ܰ2 ௥ܰ௧= 2 ௥ܰ௧( ୲ܰ୭୲ − ௧ܰ + 1)௧ܰ − 1 + ௧ܰ2 ௥ܰ௧

 (34) 

 

where ୲ܰ୭୲  is given by (16). The value of ௧ܰ  that 
minimizes ݂( ௧ܰ) in (34) is given by 
 ௧ܰ = 2 ௥ܰ௧ඥ ୲ܰ୭୲ + 1. (35) 
 

Thus, we can arrive at a range of transmit antennas 
that can be used, avoiding the minimum of ݂( ௧ܰ). This 
is illustrated in Figs. 5 and 6. 

 

 
 

Fig. 5. 	ܴܵܰܫ௔௩,௕,௎஻ and ߟ  as a function of	 ௧ܰ for 	 ௧ܰ௢௧ = 32, without precoding. 
 

 

 
Fig. 6. 	ܴܵܰܫ௔௩,௕,௎஻ and ߟ  as a function of	 ௧ܰ for 	 ௧ܰ௢௧ = 1024, without precoding. 

 
 

Again similar to (20) in [19], we compute the 
average of ෨ܻ௞, ௜ over all re-transmissions, as given by 
 ෨ܻ௜ = 1ܰ௥௧ ෍ ෨ܻ௞, ௜ேೝ೟ିଵ

௞ୀ଴= 1ܰ௥௧ ෍ ൫ܨ෨௞, ௜, ௜ ௜ܵ + ሚ௞, ௜ܫ + ෨ܸ௞, ௜൯ேೝ೟ିଵ
௞ୀ଴ 	= ௜ܨ ௜ܵ + ෩ܷ௜  for 1 ≤ ݅ ≤ ௧ܰ

 (36) 

 
where ෨ܻ௞, ௜ is given by (25) and 

 

௜ܨ = 1ܰ௥௧ ෍ ෨௞, ௜, ௜ேೝ೟ିଵܨ
௞ୀ଴෩ܷ௜ = 1ܰ௥௧ ෍ ൫ܫሚ௞, ௜ + ෨ܸ௞, ௜൯ேೝ೟ିଵ
௞ୀ଴= 1ܰ௥௧ ෍ ෩ܷ௞, ௜ேೝ೟ିଵ
௞ୀ଴ ′  (say).

 (37) 

 
Since ܨ෨௞, ௜, ௜  and ෩ܷ௞, ௜′ are statistically independent 

over re-transmissions (݇), we have 
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௜ଶሿܨሾܧ = 1ܰ௥௧ଶ ܧ ቎ ෍ ෨௞, ௜, ௜ேೝ೟ିଵܨ
௞ୀ଴ ෍ ෨௡, ௜, ௜ேೝ೟ିଵܨ

௡ୀ଴ ቏
= ுସߪ4 ௥ܰሾ ௥ܰ + 1 + ௥ܰ( ௥ܰ௧ − 1)ሿ௥ܰ௧= ுସߪ4 ௥ܰ( ௥ܰ ௥ܰ௧ + 1)௥ܰ௧ܧ ቂห ෩ܷ௜หଶቃ = =௎ᇲଶܰ௥௧ߪ ுସߪ8 ௥ܰ( ௧ܰ − 1) + ௐଶߪ4 ுଶߪ ௥ܰ௥ܰ௧

 (38) 

 
where we have used (27), (28) and (30) and the fact 
that 
ൣܧ  ෩ܷ௞, ௜′൧ = 0 (39) 
 
where ෩ܷ௞, ௜′ is defined in (37). 

Noting that the average information content of ෨ܻ௜ in 
(36) is 1/2 bit, the average SINR per bit of ෨ܻ௜ is 
 SINRୟ୴, ௕, ஼ = ௜ܨ|ሾܧ ௜ܵ|ଶሿ × ܧ2 ቂห ෩ܷ௜หଶቃ= )ுଶߪ8 ௥ܰ ௥ܰ௧ + 1) × )ுଶߪ28 ௧ܰ − 1) + ௐଶߪ4  (40) 

 
where the subscript “ܥ” denotes “after combining” and 
we have used (9) and (38). When ߪௐଶ = 0  and ௥ܰ ௥ܰ௧ ≫ 1, we get the upper bound as 
 SINRୟ୴, ௕, ஼, ୙୆ = )ுଶߪ8 ௥ܰ ௥ܰ௧ + 1) × )ுଶߪ28 ௧ܰ − 1)≈ 2 ௥ܰ௧ ௥ܰ௧ܰ − 1≈ SINRୟ୴, ௕, ୙୆

 (41) 

 
for ௥ܰ ≫ 1. Note that re-transmissions increases the 
upper bound on the average SINR per bit, it does not 
improve the BER. 
 
 

5. Simulation Results 
 

In this section, we discuss the results from 
computer simulations. 

For the precoded case, the length of the data bits 
per “frame” (ܮௗଵ) is taken to be the smallest integer 
greater than 1000, which is an integer multiple of ௥ܰ. 
For the case without precoding, the length of the data 
bits per “frame” (ܮௗଵ ) is taken to be the smallest 
integer greater than 1000, which is an integer multiple 
of ௧ܰ. Note that (see Figs. 1 and 2) 
ௗܮ  =  ௗଵ. (42)ܮ2
 

The simulations were carried out over 10ସ frames. 
The turbo encoder is given by (38) of [19]. Figure 7 

gives the bit-error-rate (BER) results with precoding, 
whereas Fig. 8 gives the BER performance without 
precoding. 

• Fig. 7(a) gives the bit-error-rate (BER) results 
for a 1 × 1 single input single output (SISO) system 
( ୲ܰ୭୲ = 2) with precoding. We get a BER of 2 × 10ିଶ 
at an average SNR per bit of 3.5 dB, with ௥ܰ௧ = 4. The 
corresponding spectral efficiency is ߟ௣ = 1/8 bits per 
transmission. The BER also does not vary significantly 
with the number of re-transmissions ( ௥ܰ௧). 

• Fig. 7(b) gives the results for ୲ܰ୭୲ = 32  and 
different combinations of transmit ( ௧ܰ ) and receive 
( ௥ܰ ) antennas. We find that the BER is quite 
insensitive to variations in ௧ܰ, ௥ܰ and ௥ܰ௧. Moreover, 
the BER at an SNR per bit of 3.5 dB is about 2 × 10ି଺, 
which is a significant improvement over the SISO 
system. Of all the curves, ௧ܰ = 25, ௥ܰ௧ = 2 gives the 
lowest spectral efficiency of ߟ௣ = 1.75  bits/sec/Hz 
and highest SNRୟ୴, ௕, ୙୆ = 12.39 dB. Of all the curves, ௧ܰ = 12, ௥ܰ௧ = 1 gives the highest spectral efficiency ߟ௣ = 10  bits/sec/Hz and lowest SNRୟ୴, ௕, ୙୆ =	1.36 dB. 

• Fig. 7(c) gives the results for ୲ܰ୭୲ = 1024 for 
various combinations of ௧ܰ, ௥ܰ  and ௥ܰ௧. The BER is 
similar to that of ୲ܰ୭୲ = 32 . Of all the curves, 	௧ܰ = 400 , ௥ܰ௧ = 1  gives the highest spectral 
efficiency of ߟ௣ = 312  bits/sec/Hz and lowest SNRୟ୴, ௕, ୙୆ = 1.09 dB. Of all the curves, ௧ܰ = 1023, ௥ܰ௧ = 2  gives the lowest spectral efficiency of  ߟ௣ = 0.25 and highest SNRୟ୴, ௕, ୙୆ → ∞. 

• Fig. 8(a) gives the bit-error-rate (BER) results 
for a 1 × 1 single input single output (SISO) system 
( ୲ܰ୭୲ = 2) without precoding. We get a BER of 10ିଵ 
at an average SNR per bit of 3.5 dB, with ௥ܰ௧ = 4. The 
corresponding spectral efficiency is ߟ = 1/8 bits per 
transmission. Compared to Fig. 3(a) of [19], we find 
that the BER varies significantly with the number of 
re-transmissions ( ௥ܰ௧ ) in Fig. 8(a) of this work. 
However, it must be noted that the definition of SNRୟ୴, ௕  in (23) of [19] and SINRୟ୴, ௕  (converted to 
decibels) in (31) of this work, are different. Comparing 
(23) of [19] and (31) (converted to decibels) in this 
work for ௧ܰ = ௥ܰ = 1 , we find that (31) is 3 dB 
higher. This explains the 3 dB difference between 
Fig. 3(a) of [19] and Fig. 8(a) of this work. 

• Fig. 8(b) gives the results for ୲ܰ୭୲ = 32  and 
different combinations of transmit ( ௧ܰ ) and receive 
( ௥ܰ ) antennas. We find that the BER is quite 
insensitive to variations in ௧ܰ, ௥ܰ and ௥ܰ௧. Moreover, 
the BER at an SNR per bit of 3.5 dB is about 10ି଺, 
which is a significant improvement over the SISO 
system and similar to the precoded system of Fig.  7(b). 
Of all the curves, ௧ܰ = 7, ௥ܰ௧ = 2  gives the lowest 
spectral efficiency of ߟ = 1.75 bits/sec/Hz and highest SNRୟ୴, ௕, ୙୆ = 12.39 dB. Of all the curves, ௧ܰ = 16, ௥ܰ௧ = 1 gives the highest spectral efficiency equal to ߟ = 8 bits/sec/Hz and lowest SNRୟ୴, ௕, ୙୆ = 5.4 dB. 

• Fig. 8(c) gives the results for ୲ܰ୭୲ = 1024 for 
various combinations of ௧ܰ, ௥ܰ  and ௥ܰ௧. The BER is 
similar to that of ୲ܰ୭୲ = 32 . Of all the curves,  
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௧ܰ = 512,  ௥ܰ௧ = 1  gives the highest spectral 
efficiency of ߟ = 256  bits/sec/Hz and lowest SNRୟ୴, ௕, ୙୆ = 3.03  dB. Of all the curves, ௧ܰ = 1 , ௥ܰ௧ = 2  gives the lowest spectral efficiency of 
ߟ  = 0.25 bits/sec/Hz and highest SNRୟ୴, ௕, ୙୆ → ∞. 

 
6. Conclusions 
 

This work presents an elegant method for data 
detection in turbo-coded massive MIMO with and 

without precoding. An ideal receiver is assumed. 
Simulation results show that the BER is quite 
insensitive to a wide range in the number of transmit 
antennas and re-transmissions, when the total number 
of antennas in the transmitter and receiver ( ୲ܰ୭୲) is 
large and kept constant. Thus, the spectral efficiency 
can be made as large as possible for a given BER and ୲ܰ୭୲ . Future work could be to simulate a realistic 
massive MIMO system with carrier and timing 
synchronization and channel estimation. 

 

 
 

Fig. 7. Simulation results with precoding. 
 

 
 

Fig. 8. Simulation results without precoding. 
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