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Extended Abstract

Background and Purpose

In running analysis and evaluating athletes' performance, ground reaction force (GRF) components
are essential parameters in estimating joint reaction forces and joint moments. In a biomechanics lab,
Force platforms, instrumented treadmills and wearable sensors are the most common and reliable
tools to measure GRF. However, using these tools require specific spaces such as motion analysis
laboratories, skilled operators and they may alter foot-ground interaction and shoe stiffness.
Furthermore, the mechanical and repeated stress applied to these sensors is high, so that the sensors
can be easily worn or damaged. Because of these limitations, researchers have recently focused on
indirect model in the estimation of GRF from kinematics data.

In biomechanical models, most of the proposed methods require modeling of the biomechanical
system. This modeling, in turn, requires extensive knowledge of the subject's special parameters, such
as mass of segments, dimensions, moment of inertia and etc. This inevitably brings inaccuracy and
uncertainty. To calculate the mechanical parameters of each segment, extensive use of standard tables
is required. Such statistical values may cause inaccuracies in the estimation of the desired values and
they may not be generalizable to all societies.

In statistical models, many of the anatomical features of people are not considered. Therefore, this
method may not be applicable for activities that involve repeated loads, such as running or during a
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training session. Furthermore, the accuracy of the estimated GRF by the statistical model is lower
than that of other methods.

Recently, the use of machine learning methods, as a modern approach to the GRF estimation, are in
the spotlight. These methods are based on the hypothesis that there is a relationship between the
acceleration of each segment and the ground reaction forces. Machine learning methods do not require
prior knowledge of model and build their own model using the training data obtained in previous
experiments. Artificial neural network (ANN) is reported to be a good flexible tool for nonlinear
modeling and very efficient for GRF estimation. Indeed, the use of neural networks simplifies
modeling and data collection strategies. However, the disadvantages of ANNSs include the sensitivity
to the chosen input parameters, computationally expensive, as well as requiring a large amount of
data for training the system to achieve acceptable accuracy.

According to the review conducted in the current study, most of the reviewed articles reported an
acceptable estimation of the vertical component of GRF, while a few focused on its medial-lateral
components. However, finding was attributed to the lower absolute values of the medial- lateral force
components. Furthermore, while the correlation between body acceleration and vertical GRF was
good in most cases, the absolute values of GRF were not correctly estimated. A combination of
methods based on biomechanical modeling and machine learning, as well as the use of more
sophisticated algorithms, seems to be a promising way to increase the overall accuracy, even in
estimating the medial-lateral component of GRF.

Ground reaction force (GRF) components are critical parameters in running analysis, as they are
essential for estimating joint reaction forces and joint moments, which are key to evaluating athletes'
performance. Traditionally, GRF is measured using force platforms, instrumented treadmills, and
wearable sensors, which are considered reliable tools in biomechanics laboratories. However, these
methods require specialized spaces, skilled operators, and may alter natural foot-ground interactions
and shoe stiffness. Additionally, the mechanical and repeated stress applied to these sensors can lead
to wear and damage, further limiting their practicality. Due to these limitations, researchers have
increasingly focused on indirect methods for estimating GRF from kinematic data.

Traditional biomechanical models for GRF estimation require detailed modeling of the biomechanical
system, which involves extensive knowledge of subject-specific parameters such as segment mass,
dimensions, and moments of inertia. This reliance on statistical data from standard tables can
introduce inaccuracies and uncertainties, making the results less generalizable across different
populations. Statistical models, on the other hand, often overlook many anatomical features, reducing
their applicability for activities involving repeated loads, such as running or training
sessions. Moreover, the accuracy of GRF estimation using statistical models is generally lower
compared to other methods.

Recent advancements in machine learning (ML) methods have provided a promising alternative for
GRF estimation. These methods are based on the hypothesis that a relationship exists between
segmental accelerations and ground reaction forces. Unlike traditional approaches, machine learning
methods do not require prior knowledge of the biomechanical model and can build their own models
using training data from previous experiments. Artificial neural networks (ANNS), in particular, have
been reported as flexible and efficient tools for nonlinear modeling, making them highly suitable for
GRF estimation. However, ANNSs are sensitive to the choice of input parameters, computationally
expensive, and require large datasets for training to achieve acceptable accuracy.
A review of the current literature indicates that most studies report acceptable estimation accuracy
for the vertical component of GRF, while fewer studies focus on the medial-lateral components. This
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discrepancy is attributed to the lower absolute values of medial-lateral forces, which are more
challenging to estimate accurately. Although a strong correlation between body acceleration and
vertical GRF has been observed in many cases, the absolute values of GRF are often not estimated
correctly. To address these limitations, a combination of biomechanical modeling and machine
learning methods, along with the use of more sophisticated algorithms, appears to be a promising
approach for improving the overall accuracy of GRF estimation, including the medial-lateral
components.

Machine learning methods, particularly ANNSs, offer a promising solution to the limitations of
traditional GRF estimation techniques. By leveraging the relationship between kinematic data and
GRF, these methods can simplify modeling and data collection strategies. However, challenges such
as sensitivity to input parameters, computational costs, and the need for large training datasets must
be addressed to improve their accuracy and applicability. Future research should focus on integrating
biomechanical modeling with machine learning and developing more advanced algorithms to enhance
the estimation of both vertical and medial-lateral GRF components.

Keywords: Ground Reaction Force (GRF), Running, Kinematic Data, Machine Learning, Artificial
Neural Networks (ANNSs), Biomechanical Modeling

Article message

Machine learning methods, especially neural networks, are a promising alternative to traditional
biomechanical models in estimating ground reaction force during running using kinematic data.
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Figure 2 - Force-time waveform by Clark et al. (2017). The left side shows impacts 1 (red) and 2 (green)

that compose the force waveform (blue). The right side shows the estimated force (blue) and measured
force (black).
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Figure 3 - Estimated force (blue) by Clark et al. (2017) model, measured force (black), and impact 1

(red dashed line) for foot strike mechanics (RFS) with different m1 values (from left to right: 1.5%,
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Figure 5 - Measured vertical peak force (red) and estimated vertical peak force (blue) by Thiel et al.
(2018)
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Figure 12- Estimated force by Komaris et al. (2019)
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Figure 14 - Sample time series estimates for different speeds by Pogson et al. (2020). The solid lines
represent the estimated GRF and the dashed lines represent the reference data. (a)-(c) show good
estimates for examples of steady, accelerating, and decelerating running, respectively, and (d)-(f) show
poorer estimates.
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Figure 17 - Estimated force by Johnson et al. (2021) using CaffeNet and ResNet models. The red curve
represents the estimated GRF and the blue curve represents the reference GRF.

95051 593,535y samdn Glaugl; Es 5 il s LSTM e 450 S 4 |, VGRF (80) ol Kan 5 Lo Lo
GPS olpep 4 IMU Lo, piecs 5 jupzs (MOtICON) 5,5 5,.505l0l slo K @ o] (2aS a5 a5 Jb> jo
L) oues 5 by o, GdSs asli 5o ;e /%0 B o /VY Gy b od 5 (55, g 00w SOl 5T (59, (INS/GPS)
iols ol

ONg0 Bl YAY 5 285 ol ) @y bogs o o] Wl VOO a5 090 Jgl (090! 51 Il VYEY Lol (5590l (slaosls
595031 51 (g0l il VYo g 38 ol il YYA) ol il YAA Jolis  Jgl a5 o solasial Sb,) (sdegomme 95 .04
D oo pgd ($58g05] 51 (g Sl el YIY g 58, ol aul sl YOY) wul il 050 090 ¢ ¢l

(G908 g alad Ll wisls lias 4 wl ploxsl leave-one-out 5 consider only one slas Ss g, 3,k 5l b S5 ol
Gla Sy g 9risu so 05 1) 550 slesl b (saman Glagly ey 5 il Gl e (5t 53959 sl o
a2 gad d5ue |y 050 ZB it (6995

(2isel sl e Jsb 55 i g s 05 ol G 69905 258 Y o L olen LSTM ¥ g0 ol e oS5
&l ams 2alS 1y Jae ' b5l 9550 5 a5 aiS o Jlasl (53,5 loools 4 lose 1) 3Lol zero-mean Gaussian j
dropout g4 G LSTM pgs g4V 5l asy dropout rate bays,6 5l sol> Cond Bolas ials 55,k 5l pess Sgupe
Al adlol Ban 29,5 4 ol Y cllS sl fully connected dense s (sl ReLU (g3le Jlad a0l Loles
A oolal mean_squared_error .5 &b g adam (gjleaige o ,5X! g

00506 6503l (59 b dulies TAIDE o JANA L pls o3 0 Cewly 5 o sl 51,2 VGRF 5,515, ;o NRMSE

03:5 y20 3lgy (gl po plod j0 iS00 0)lg b (ol b e Ceod oS g Lad Lo 4 iS85 ole i galiwg

1. Overfitting
Frooylod 15 0,98 NPT bl (i) y9 o Olalllas aolibad



£y e §0313 51 (0§ Joll S (5953 2,912 (SR g 590

45 Ly o 00 g 503l 5 00 51, VORF Jlogas VA S ens] 1, 5am 5 Loyl canlllan o s 4il,] o 51 2

Bes oo plis cwly g o b sle |y Jol (b))l saegeme

1000

600

VGRFs

200

:

1000 1200

o 200 400 600 800
data points (400Hz)

(Yo%) o0 g Loyl buwgd LSTM quae gascis (galwgs ouss 9l w V-GRF 1A s
Figure 18- Estimated V-GRF by LSTM Neural Network by Sharma et al. (2021)

&S Aodd O

ol sl 48,518 az g 3il5 50 GRF 0,5 (gl ()00 9,505, S plgie 4 edle (6 S0k slagsig 5l eoliciu
Jodl S slag i g Gl G 5l (el 5o 50 00l (6 Foplwl QL (a5 Wiloads Loy 4538 ol bl 2 a3,
—Cwddy ‘5.1‘,)'94,1 lrools jloslaiul b g wij)las Jow (L8 jisls 4 (3ls uiilo (6,5 0L sl oy, .0,l0 392 alasly 1y
DS o ol 1y 055 Jaw o L8 sl ialesl jo su]

&Bly 5o dileads (5,155 GRF 0,915 (gl ael )5 jlaw 5 (as e g5l ow slp o3 pdsBlhas! 1l G ANN
S o ool |y ool (555l aez slassliinl 5 (g5l Jae ¢ omas sloaSs 5l solaul

0315 5ok j e &y g wiiwd ()] )5 (Slowloe Jlas sl e (ulas 00 BBl 59,5 slo el )l 4 LANN (> cnl b
Dy Jgd BB s 4 b ai )l 55 e hjeel (glp

iy 59 45 23,8 a0l |, GRF (53508 (saila 3,515 00d guay 2 SVlie 151 (3aioxs ol 5o 00b ploxil gm) 3ol
Sndlie otz sl )0 shend bl 5 W0,S 35503 (il glaadlie p o8 S aS Jl o g J5e8 B 0)lse
O simod &5 (Jl> 50 (] ogdle ol 0ols Gl gy il slrdddge eS Blas polie @ ases o) andl
e Sy, 3l oS 5 o )3Ty (G po 4 GRF llas jolie w05y 055 0 lge s 50 (59908 GRF 5 (s ol
Gl 6T (sl lgaal ol oy (slap ;950 3l oliial (aizmod 5 miile 650k 5 (SeilSoser (55luJore
sy g0 15 4y ORF il gadlge 5,500 50 (o oIS 2B

Feoylad 15 090 AF¥ ylinali o )9 b lalllas anlilad



ol o2 g (9355 sl ff

10.

11.

12.

13.

14.

15.

16.

17.

Ao ply

S5l 3 50 (i (Sl slaJae sl Gituasel (03Kl (cmae GlaaSid oh g (ile (6,5 3b (sla iy,
it SolerS slrosls loslatul b (jasg0 o ey Jondl uSe (6950

&bw .f
Slater A, Campbell A, Smith A, Straker L. Greater lower limb flexion in gymnastic landings is associated
with reduced landing force: a repeated measures study. Sport Biomech. 2015;14(1):45-56.
Cavanagh PR, Lafortune MA. Ground reaction forces in distance running. J Biomech. 1980;13(5):397—
406.
Donoghue OA, Shimojo H, Takagi H. Impact Forces of Plyometric Exercises Performed on Land and in
Water. 2011;3(3):303-9.
Eslami M, Gandomkar A, Hosseini nejad SE, Jahedi V, Gandomkar E. Comparison of the Effect of unstable
and control Shoes on the Variables Related to Tibia Stress Fracture during Running in Recreational
Runners. J Res Rehabil Sci. 2014;9(6). (Persian)
Pappas E, Sheikhzadeh A, Hagins M, Nordin M. The effect of gender and fatigue on the biomechanics of
bilateral landings from a jump: Peak values. J Sport Sci Med. 2007;6(1):77-84.
Hedayat Pour N, Shabani M, Eslami M. The effect of muscle fatigue on ankle joint moment and center of
pressure during perturbation of single-leg stance. Razi J Med Sci. 2013; 20 (106) :57-64. (Persian)
Bassiri Z, Eslami M, Ghaemy M, Hosseninejad SE, Rabiei M. The Effect of Shoe Outsole Containing
Nanoclay Particles on Knee Joint Power during the Stance Phase of Running. Ann Appl Sport Sci.
2014;2(3):33-40.
Hoseini SZ, Eslami M. Effect of Five-Finger Shoes on Vertical Ground Reaction Force Loading Rates and
Perceived Comfort during the Stance Phase of the Running. J Sport Biomech. 2015;37-47. (Persian)
Tazike Lamski Z, Eslami M, Habibi Tirtashi F. The Effect of Shoe Insole Stiffness on Leg Stiffness during
Stance Phase of Running in Two Different Speeds among Active Men. J Res Rehabil Sci. 2016;12(1):34—
41. (Persian)
Hoseinzadeh E, Eslami M, Taghipur M, Fayyaz-Movaghar A. The Role of Leg Stiffness in Prediction of
Medial Tibial Stress Syndrome in Active People: A Prospective Cohort Study. J Res Rehabil Sci.
2017;13(5):286-95. (Persian)
Hatami Joushghan Z, Eslami M. The Effect of Fatigue on the Stiffness Changes in Legs, Ankle and Knee
Joints in Lower Limb During a Thirty-Second Continuous Vertical Jump Test in Female Volleyball
Players. J Sport Biomech. 2015;1(2):15-23. (Persian)
Eslami M, Begon M, Hinse S, Sadeghi H, Popov P, Allard P. Effect of foot orthoses on magnitude and
timing of rearfoot and tibial motions, ground reaction force and knee moment during running. J Sci Med
Sport. 2009;12(6):679-84.
Gandomkar A, Eslami M, Hosseini nejad SE, Jahedi V. Effect of unstable shoes on lower extremity join
power during stance phase of running. Razi J Med Sci. 2014;21(124):44-43. (Persian)
Boroushak N, Eslami M, Khoshnoodi H. A Review on the Impact Skills Analysis Using two Physical
Principles; Impulse- Momentum and Work- Energy in Martial Arts. J Sport Biomech. 2017;3(3):57-67.
Eslami M, Hoseininejad E, Fayyaz A, Sadeghi H. Do minimal shoes imitate barefoot running? Lower limbs
mechanical energy using component analysis. J Appl Exerc Physiol. 2017;87-96. (Persian)
Eslami M, Hoseninejad SE, Salari Esker F, Yousefpour R, Fayyaz Movaghar A, Sadeghi H. Determination
of functional groups in different levels in running gait; lower limb mechanical energy analysis. In: 35"
Conference of the International Society of Biomechanics in Sports, Cologne, Germany. 2017. P. 378-9.
Jiang X, Napier C, Hannigan B, Eng JJ, Menon C. Estimating Vertical Ground Reaction Force during
Walking Using a Single Inertial Sensor. Sensors. 2020;20(15):4345.

Feooylods 15 098 AF¥ bl (o )9 b lalllas anbibad


http://www.tandfonline.com/doi/full/10.1080/14763141.2015.1029514
http://www.tandfonline.com/doi/full/10.1080/14763141.2015.1029514
https://linkinghub.elsevier.com/retrieve/pii/0021929080900330
https://linkinghub.elsevier.com/retrieve/pii/0021929080900330
https://journals.sagepub.com/doi/10.1177/1941738111403872
https://journals.sagepub.com/doi/10.1177/1941738111403872
https://jrrs.mui.ac.ir/article_16770.html?lang=fa
https://jrrs.mui.ac.ir/article_16770.html?lang=fa
https://jrrs.mui.ac.ir/article_16770.html?lang=fa
https://www.jssm.org/jssm-06-77.xml%3EFulltext
https://www.jssm.org/jssm-06-77.xml%3EFulltext
https://rjms.iums.ac.ir/article-1-2443-fa.html&sw=The+Effect+of+Muscle+Fatigue+on+Ankle+Joint+Moment+and+Center+of+Pressure+During+Perturbation+of+Single-Leg+Stance
https://rjms.iums.ac.ir/article-1-2443-fa.html&sw=The+Effect+of+Muscle+Fatigue+on+Ankle+Joint+Moment+and+Center+of+Pressure+During+Perturbation+of+Single-Leg+Stance
http://aassjournal.com/article-1-161-en.html
http://aassjournal.com/article-1-161-en.html
http://aassjournal.com/article-1-161-en.html
http://biomechanics.iauh.ac.ir/article-1-62-en.html
http://biomechanics.iauh.ac.ir/article-1-62-en.html
https://jrrs.mui.ac.ir/article_16944.html?lang=fa
https://jrrs.mui.ac.ir/article_16944.html?lang=fa
https://jrrs.mui.ac.ir/article_16944.html?lang=fa
https://jrrs.mui.ac.ir/article_17042.html?lang=fa
https://jrrs.mui.ac.ir/article_17042.html?lang=fa
https://jrrs.mui.ac.ir/article_17042.html?lang=fa
https://biomechanics.iauh.ac.ir/article-1-31-fa.html&sw=%D8%AD%D8%A7%D8%AA%D9%85%DB%8C+%D8%AC%D9%88%D8%B4%D9%82%D8%A7%D9%86
https://biomechanics.iauh.ac.ir/article-1-31-fa.html&sw=%D8%AD%D8%A7%D8%AA%D9%85%DB%8C+%D8%AC%D9%88%D8%B4%D9%82%D8%A7%D9%86
https://biomechanics.iauh.ac.ir/article-1-31-fa.html&sw=%D8%AD%D8%A7%D8%AA%D9%85%DB%8C+%D8%AC%D9%88%D8%B4%D9%82%D8%A7%D9%86
http://www.sciencedirect.com/science/article/pii/S1440244008001035
http://www.sciencedirect.com/science/article/pii/S1440244008001035
http://www.sciencedirect.com/science/article/pii/S1440244008001035
http://rjms.iums.ac.ir/article-1-3371-en.html
http://rjms.iums.ac.ir/article-1-3371-en.html
http://biomechanics.iauh.ac.ir/article-1-127-en.html
http://biomechanics.iauh.ac.ir/article-1-127-en.html
https://asp.journals.umz.ac.ir/article_1590.html
https://asp.journals.umz.ac.ir/article_1590.html
https://rms.umz.ac.ir/~eslami/ViewResearch.aspx?ResearcherID=16497
https://rms.umz.ac.ir/~eslami/ViewResearch.aspx?ResearcherID=16497
https://rms.umz.ac.ir/~eslami/ViewResearch.aspx?ResearcherID=16497
https://www.ncbi.nlm.nih.gov/pubmed/32759831
https://www.ncbi.nlm.nih.gov/pubmed/32759831

8 e §0313 51 (0§ Joll S (5953 2,912 (SR g 590

18. Ancillao A. Stereophotogrammetry in Functional Evaluation: History and Modern Protocols. In 2018. p.
1-29.

19. Veltink PH, Liedtke C, Droog E, van der Kooij H. Ambulatory measurement of ground reaction forces.
IEEE Trans Neural Syst Rehabil Eng. 2005;13(3):423-7.

20. Owings TM, Grabiner MD. Measuring step kinematic variability on an instrumented treadmill: how many
steps are enough? J Biomech. 2003;36(8):1215-8.

21. van der Krogt MM, Sloot LH, Harlaar J. Overground versus self-paced treadmill walking in a virtual
environment in children with cerebral palsy. Gait Posture. 2014;40(4):587-93.

22. Davis BL, Perry JE, Neth DC, Waters KC. A Device for Simultaneous Measurement of Pressure and Shear
Force Distribution on the Plantar Surface of the Foot. J Appl Biomech. 1998 ;14(1):93-104.

23. Razian MA, Pepper MG. Design, development, and characteristics of an in-shoe triaxial pressure
measurement transducer utilizing a single element of piezoelectric copolymer film. IEEE Trans Neural
Syst Rehabil Eng. 2003;11(3):288-93.

24. Abdul Razak AH, Zayegh A, Begg RK, Wahab Y. Foot Plantar Pressure Measurement System: A Review.
Sensors. 2012;12:9884-9912.

25. Fong DT-P, Chan Y-Y, Hong Y, Yung PS-H, Fung K-Y, Chan K-M. Estimating the complete ground
reaction forces with pressure insoles in walking. J Biomech. 2008;41(11):2597-601.

26. Wundersitz DWT, Netto KJ, Aisbett B, Gastin PB. Validity of an upper-body-mounted accelerometer to
measure peak vertical and resultant force during running and change-of-direction tasks. Sport Biomech.
2013;12(4):403-12.

27. Nigg BM, Liu W. The effect of muscle stiffness and damping on simulated impact force peaks during
running. J Biomech. 1999;32(8):849-56.

28. Young WB, Hepner J, Robbins DW. Movement Demands in Australian Rules Football as Indicators of
Muscle Damage. J Strength Cond Res. 2012;26(2):492—6.

29. Bobbert MF, Schamhardt HC, Nigg BM. Calculation of vertical ground reaction force estimates during
running from positional data. J Biomech. 1991 Jan;24(12):1095-105.

30. Clark KP, Weyand PG. Are running speeds maximized with simple-spring stance mechanics? J Appl
Physiol. 2014;117(6):604-15.

31. Clark KP, Ryan LJ, Weyand PG. A general relationship links gait mechanics and running ground reaction
forces. J Exp Biol. 2017; 220(2):247-58.

32. Raper DP, Witchalls J, Philips EJ, Knight E, Drew MK, Waddington G. Use of a tibial accelerometer to
measure ground reaction force in running: A reliability and validity comparison with force plates. J Sci
Med Sport. 2018;21(1):84-8.

33. Oosterwaal M, Telfer S, Tgrholm S, Carbes S, van Rhijn LW, Macduff R, et al. Generation of subject-
specific, dynamic, multisegment ankle and foot models to improve orthotic design: a feasibility study.
BMC Musculoskelet Disord. 2011;12(1):256.

34. Vanheule V, Andersen MS, Wirix-Speetjens R, Jonkers I, Victor J, Sloten J Vanden. Aalborg Universitet
Modeling of patient-specific knee kinematics and ligament behavior using force- dependent kinematics.
In: XXIV Congress of the International Society of Biomechanics. 2013.

35. de Vries WHK, Veeger HEJ, Baten CTM, van der Helm FCT. Magnetic distortion in motion labs,
implications for validating inertial magnetic sensors. Gait Posture. 2009;29(4):535-41.

36. Leardini A, Chiari L, Croce U Della, Cappozzo A. Human movement analysis using
stereophotogrammetry. Gait Posture. 2005;21(2):212-25.

37. Alexander EJ, Andriacchi TP. Correcting for deformation in skin-based marker systems. J Biomech . 2001
Mar;34(3):355-61.

38. Neugebauer JM, Hawkins DA, Beckett L. Estimating Youth Locomotion Ground Reaction Forces Using
an Accelerometer-Based Activity Monitor. Garatachea N, editor. PLoS One. 2012;7(10):e48182.

39. FoxJ, Weisberg S. Mixed-effects models in R. An R Companion to Applied Regression; SAGE: Thousand
Oaks, CA, USA. 2002.

Feoylad 15 090 AF¥ ylinali o )9 b lalllas anlilad


http://link.springer.com/10.1007/978-3-319-67437-7_1
http://link.springer.com/10.1007/978-3-319-67437-7_1
https://ieeexplore.ieee.org/document/1506828/
https://ieeexplore.ieee.org/document/1506828/
https://linkinghub.elsevier.com/retrieve/pii/S0021929003001088
https://linkinghub.elsevier.com/retrieve/pii/S0021929003001088
https://linkinghub.elsevier.com/retrieve/pii/S0966636214006195
https://linkinghub.elsevier.com/retrieve/pii/S0966636214006195
https://journals.humankinetics.com/view/journals/jab/14/1/article-p93.xml
https://journals.humankinetics.com/view/journals/jab/14/1/article-p93.xml
https://ieeexplore.ieee.org/document/1231239/
https://ieeexplore.ieee.org/document/1231239/
https://ieeexplore.ieee.org/document/1231239/
https://www.mdpi.com/1424-8220/12/7/9884
https://www.mdpi.com/1424-8220/12/7/9884
https://linkinghub.elsevier.com/retrieve/pii/S0021929008002455
https://linkinghub.elsevier.com/retrieve/pii/S0021929008002455
http://www.tandfonline.com/doi/abs/10.1080/14763141.2013.811284
http://www.tandfonline.com/doi/abs/10.1080/14763141.2013.811284
http://www.tandfonline.com/doi/abs/10.1080/14763141.2013.811284
https://linkinghub.elsevier.com/retrieve/pii/S0021929099000482
https://linkinghub.elsevier.com/retrieve/pii/S0021929099000482
https://journals.lww.com/00124278-201202000-00024
https://journals.lww.com/00124278-201202000-00024
https://linkinghub.elsevier.com/retrieve/pii/0021929091900025
https://linkinghub.elsevier.com/retrieve/pii/0021929091900025
https://www.physiology.org/doi/10.1152/japplphysiol.00174.2014
https://www.physiology.org/doi/10.1152/japplphysiol.00174.2014
https://journals.biologists.com/jeb/article/doi/10.1242/jeb.138057/262285/A-general-relationship-links-gait-mechanics-and
https://journals.biologists.com/jeb/article/doi/10.1242/jeb.138057/262285/A-general-relationship-links-gait-mechanics-and
http://dx.doi.org/10.1016/j.jsams.2017.06.010
http://dx.doi.org/10.1016/j.jsams.2017.06.010
http://dx.doi.org/10.1016/j.jsams.2017.06.010
https://bmcmusculoskeletdisord.biomedcentral.com/articles/10.1186/1471-2474-12-256
https://bmcmusculoskeletdisord.biomedcentral.com/articles/10.1186/1471-2474-12-256
https://bmcmusculoskeletdisord.biomedcentral.com/articles/10.1186/1471-2474-12-256
https://vbn.aau.dk/en/publications/modeling-of-patient-specific-knee-kinematics-and-ligament-behavio
https://vbn.aau.dk/en/publications/modeling-of-patient-specific-knee-kinematics-and-ligament-behavio
https://vbn.aau.dk/en/publications/modeling-of-patient-specific-knee-kinematics-and-ligament-behavio
https://linkinghub.elsevier.com/retrieve/pii/S0966636208003858
https://linkinghub.elsevier.com/retrieve/pii/S0966636208003858
https://linkinghub.elsevier.com/retrieve/pii/S0966636204000773
https://linkinghub.elsevier.com/retrieve/pii/S0966636204000773
https://linkinghub.elsevier.com/retrieve/pii/S0021929000001925
https://linkinghub.elsevier.com/retrieve/pii/S0021929000001925
https://www.ncbi.nlm.nih.gov/pubmed/23133564
https://www.ncbi.nlm.nih.gov/pubmed/23133564
https://utstat.toronto.edu/reid/sta2101f/Appendix-Mixed-Models.pdf
https://utstat.toronto.edu/reid/sta2101f/Appendix-Mixed-Models.pdf

Ol)Ked 5 (395 gl s

40.

41.

42.

43.

44,

45.

46.

47.

48.

49,

50.

51.

52.

53.

54,

55.

Neugebauer JM, Collins KH, Hawkins DA. Ground Reaction Force Estimates from ActiGraph GT3X+ Hip
Accelerations. Hug F, editor. PLoS One. 2014;9(6):€99023.

Thiel D V., Shepherd J, Espinosa HG, Kenny M, Fischer K, Worsey M, et al. Predicting Ground Reaction
Forces in Sprint Running Using a Shank Mounted Inertial Measurement Unit. In: The 12th Conference of
the International Sports Engineering Association. Basel Switzerland: MDPI; 2018. p. 199.

White JD, Carson N, Baum BS, Reinking MF, McPoil TG. Use of 2-dimensional sagittal kinematic
variables to estimate ground reaction force during running. Int J Sports Phys Ther. 2019;14(2):174-9.
Wouda FJ, Giuberti M, Bellusci G, Maartens E, Reenalda J, van Beijnum B-JF, et al. Estimation of Vertical
Ground Reaction Forces and Sagittal Knee Kinematics During Running Using Three Inertial Sensors. Front
Physiol. 2018;9:218.

Ren L, Jones RK, Howard D. Whole body inverse dynamics over a complete gait cycle based only on
measured kinematics. J Biomech. 2008;41(12):2750-9.

Johnson WR, Mian A, Donnelly CJ, Lloyd D, Alderson J. Predicting athlete ground reaction forces and
moments from motion capture. Med Biol Eng Comput. 2018;56(10):1781-92.

De Bie T, Cristianini N, Rosipal R. Eigenproblems in Pattern Recognition. Handb Geom Comput.
2005;129-67.

Komaris D-S, Perez-Valero E, Jordan L, Barton J, Hennessy L, O’Flynn B, et al. Predicting Three-
Dimensional Ground Reaction Forces in Running by Using Artificial Neural Networks and Lower Body
Kinematics. IEEE Access. 2019;7:156779-86.

O’Reilly M, Caulfield B, Ward T, Johnston W, Doherty C. Wearable Inertial Sensor Systems for Lower
Limb Exercise Detection and Evaluation: A Systematic Review. Sport Med. 2018;48(5):1221-46.
Davidson P, Virekunnas H, Sharma D, Piché R, Cronin N. Continuous Analysis of Running Mechanics by
Means of an Integrated INS/GPS Device. Sensors. 2019;19(6):1480.

Pogson M, Verheul J, Robinson MA, Vanrenterghem J, Lisboa P. A neural network method to predict task-
and step-specific ground reaction force magnitudes from trunk accelerations during running activities. Med
Eng Phys. 2020;78:82-9.

Akenhead R, Nassis GP. Training Load and Player Monitoring in High-Level Football: Current Practice
and Perceptions. Int J Sports Physiol Perform. 2016;11(5):587-93.

Girka A, Kulmala J, Ayramé S. Deep learning approach for prediction of impact peak appearance at ground
reaction force signal of running activity. Comput Methods Biomech Biomed Engin. 2020;23(14):1052-9.
Tedesco S, Perez-Valero E, Komaris D, Jordan L, Barton J, Hennessy L, et al. Wearable motion sensors
and artificial neural network for the estimation of vertical ground reaction forces in running. In: 2020 IEEE
SENSORS. IEEE; 2020. p. 1-4.

Johnson WR, Mian A, Robinson MA, Verheul J, Lloyd DG, Alderson JA. Multidimensional Ground
Reaction Forces and Moments From Wearable Sensor Accelerations via Deep Learning. IEEE Trans
Biomed Eng. 2021;68(1):289-97.

Sharma D, Davidson P, Miiller P, Piché R. Indirect Estimation of Vertical Ground Reaction Force from a
Body-Mounted INS/GPS Using Machine Learning. Sensors. 2021;21(4):1553.

Feooylods 15 098 AF¥ bl (o )9 b lalllas anbibad


https://dx.plos.org/10.1371/journal.pone.0099023
https://dx.plos.org/10.1371/journal.pone.0099023
http://www.mdpi.com/2504-3900/2/6/199
http://www.mdpi.com/2504-3900/2/6/199
http://www.mdpi.com/2504-3900/2/6/199
https://www.ncbi.nlm.nih.gov/pubmed/30997269
https://www.ncbi.nlm.nih.gov/pubmed/30997269
https://www.ncbi.nlm.nih.gov/pubmed/29623042
https://www.ncbi.nlm.nih.gov/pubmed/29623042
https://www.ncbi.nlm.nih.gov/pubmed/29623042
https://linkinghub.elsevier.com/retrieve/pii/S0021929008002856
https://linkinghub.elsevier.com/retrieve/pii/S0021929008002856
https://www.ncbi.nlm.nih.gov/pubmed/29550963
https://www.ncbi.nlm.nih.gov/pubmed/29550963
https://www.researchgate.net/publication/225835421_Eigenproblems_in_Pattern_Recognition
https://www.researchgate.net/publication/225835421_Eigenproblems_in_Pattern_Recognition
https://ieeexplore.ieee.org/document/8883167/
https://ieeexplore.ieee.org/document/8883167/
https://ieeexplore.ieee.org/document/8883167/
http://link.springer.com/10.1007/s40279-018-0878-4
http://link.springer.com/10.1007/s40279-018-0878-4
https://www.ncbi.nlm.nih.gov/pubmed/30917610
https://www.ncbi.nlm.nih.gov/pubmed/30917610
https://www.ncbi.nlm.nih.gov/pubmed/32115354
https://www.ncbi.nlm.nih.gov/pubmed/32115354
https://www.ncbi.nlm.nih.gov/pubmed/32115354
https://journals.humankinetics.com/view/journals/ijspp/11/5/article-p587.xml
https://journals.humankinetics.com/view/journals/ijspp/11/5/article-p587.xml
https://doi.org/10.1080/10255842.2020.1786072
https://doi.org/10.1080/10255842.2020.1786072
https://ieeexplore.ieee.org/document/9278796/
https://ieeexplore.ieee.org/document/9278796/
https://ieeexplore.ieee.org/document/9278796/
https://ieeexplore.ieee.org/document/9130158/
https://ieeexplore.ieee.org/document/9130158/
https://ieeexplore.ieee.org/document/9130158/
https://www.mdpi.com/1424-8220/21/4/1553
https://www.mdpi.com/1424-8220/21/4/1553

