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Estimating energy expenditure is essential in monitoring the intensity of physical activity and health status. Energy
expenditure can be estimated based on wearable sensors such as inertial measurement unit (IMU). While a variety of
methods have been developed to estimate energy expenditure during day-to-day activities, their performances have not
been thoroughly evaluated under walking conditions according to various speeds and inclines. This study investigated IMU-
based neural network models for energy expenditure estimation under various walking conditions and comparatively
analyzed their performances in terms of sensor attachment locations and training/testing datasets. In this study, two neural
network models were selected based on a previous study (Slade et al., 2019): (M1) a multilayer perceptron using sensor
signals during each gait cycle, and (M2) a recurrent neural network using sensor signal sequences of a fixed window size.
The results revealed the following: (i) the performance of the foot attachment model was the best among the five sensor
attachment locations (0.89 W/kg for M1 and 1.14 W/kg for M2); and (ii) although the performance of M1 was superior to
that of M2, M1 requires accurate gait detection for data segmentation by each stride, which hinders the usefulness of M2.
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Fig. 1 Input type for Method 1 and 2
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Fig. 2 Experimental setup
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Fig. 3 Treadmill speed profile for each walking/running test

(Low-pass Filler)l] E7AIZIc ol IMUE 7, 2.8% &5,
QEF T SRR, HAdol, il wof AEJ] eSS Fof
F2rE Qi) o 2| A gk 27k (Truth Reference) AbEof] L
Q3F AA TE Tl o|ASIERA HEES B TIA JAREA]
A2~ K5 (Cosmed, Rome, Italy)s 53l &5 (Breath by
Breayefe} 4515120, of {152 Brockway 4411

o]-gsto] A=E T K3 Ao ag Ak A
LH%H% Ed|=Y(Advanced Mechanical Technology, Inc.,
Watertown, MA, USA)S 4] 24 =9It} Fig. 21= £ 413 8
Ae mojzr},

Ao A= 27}2] 4%(4, 6 km/hour, KPH)S] 2] X&)}
2744 £=(7.5, 9 KPH)9] B2 28, 183 2742 &%, 6
KPH) 2 27} AAK3, 6%)Q] AAF B3l 2yt o)
B} 2 Age] SRl AEo] B3] AT Fof 27

eX

ruE

U 4 ol SE welE wefstel AgE Y. £ o
AR AN BEFS 23] Slstel 2 A o] el Ha
B ool FAS HRES sk By L 7Y 4Y wE
AE 1% B FAYE §A o] EFEHY TFS A
2stgick. ol wa APAL 83 30, Fa APIME 6
w3027} HgS ) TE B MES FE Fol, 3 A4
Zro] Zkzt 102 9 gito] B w7k FANNE fAFHES o
Gt} Fig 32 7} 59 W S Aol that Edeue] &



194 / March 2024

Table 1 Averaged normalized root mean squared error, i.e., NRMSE in W/kg (with mean absolute percent error, i.e., MAPE in %) of energy
expenditure from Method 1 (M1) and 2 (M2) for each training and test sets

Sensor locations

Training set Test set Method - -
Chest Wrist Thigh Shank Foot

Dataset | Ml 1.20 (16.24) 1.37 (19.08) 1.18 (17.99) 1.09 (15.46) 0.95 (13.42)

M2 1.11 (14.23) 1.86 (25.19) 1.42 (21.26) 1.20 (16.94) 1.02 (14.79)

Dataset 2 Ml 0.88 (11.40) 1.06 (12.94) 1.13 (14.57) 0.93 (11.25) 0.87 (10.95)

M2 0.83 (10.57) 1.12 (12.94) 1.47 (18.26) 1.14 (14.98) 1.17 (15.21)

Dataset | Ml 1.26 (17.99) 1.55 (21.60) 1.14 (17.93) 1.01 (14.61) 0.86 (12.25)

M2 1.15 (15.61) 1.82 (24.21) 1.41 (21.46) 1.20 (18.28) 0.86 (12.53)

Ml 1.26 (16.46) 1.53 (20.04) 1.18 (16.64) 1.04 (12.99) 0.91 (11.64)

Dataset 3 Dataset 2

M2 1.28 (14.80) 1.82 (22.69) 1.80 (22.73) 1.37 (18.34) 1.47 (16.61)

Dataset 3 Ml 1.25 (16.06) 1.51 (19.17) 1.11 (15.56) 1.05 (13.29) 0.89 (11.29)

M2 1.25 (14.98) 1.82 (22.00) 1.57 (20.41) 1.23 (16.50) 1.14 (13.57)

*Dataset 1: Level and inclined walking data, Dataset 2: Level walking and running data, Dataset 3: Total data
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Level and inclined walking tests (Dataset 1)

Level walking and running tests (Dataset 2)
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Fig.

Level and inclined walking tests (Dataset 1)

4 Energy expenditure (EE) estimation results of Datasets 1 and 2 from the (a) M1 and (b) M2 based on the foot-attached IMU

Level walking and running tests (Dataset 2)
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Fig. 5 Energy expenditure (EE) estimation results of Datasets 1 and 2 from the (a) M1 and (b) M2 based on the shank-attached IMU
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