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[Abstract]

This paper proposes a system for classifying gait types using an ensemble deep learning network for
gait data measured by a smart insole equipped with multi-sensors. The gait type classification system
consists of a part for normalizing the data measured by the insole, a part for extracting gait features
using a deep learmning network, and a part for classifying the gait type by inputting the extracted
features. Two kinds of gait feature maps were extracted by independently learning networks based on
CNNs and LSTMs with different characteristics. The final ensemble network classification results were
obtained by combining the classification results. For the seven types of gait for adults in their 20s and
30s: walking, running, fast walking, going up and down stairs, and going up and down hills,
multi-sensor data was classified into a proposed ensemble network. As a result, it was confirmed that
the classification rate was higher than 90%.
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p1(L)|p2(L) [p3(L) |p4(L) Ip5(L) |p6(L)p7(L) |p8(L)| ACC X(L) | ACC Y(L) | ACC Z(L) |GYRO X(L)|GYRO Y(L)/GYRO Z(L)}
-227 249 -8624 -400 -2384 97
-264 280 -8600 -368 -2534 93
-387 281 -8588 -261 -2612 45
-369 302 -8510 -189 -2567 -68
-470 288 -8491 -98 -2483 -180
-533 242 -8433 -47 -2345 -250
-591 226 -8426 -12 -2172 -259
-636 173 -8425 -20 -1989 -260
-696 179 -8424 -34 -1853 -265
-685 182 -8433 -74 -1770 -251
-736 271 -8473 -90 -1707 -259
-726 198 -8451 -40 -1690 -282
-768 208 -8546 -58 -1728 -258
-797 245 -8558 -96 -1764 -311
-844 313 -8530 -143 -1807 -395
-886 278 -8526 -220 -1813 -467
-965 291 -8531 -255 -1858 -521
-1056 254 -8558 -282 -1917 -566
-977 198 -8617 -321 -1978 -547
-977 240 -8732 -444 -2055 -556
-1027 267 -8991 -677 -2235 -574
-986 203 -9441 | -1075 | -2807 -533
-1091 -39 -9839 -877 -3681 -397
-1060 363 -9754 -532 -4494 -249
-1098 218 -9961 -297 -5283 -314
-1203 262 -10207 | -233 -5928 -272
-1668 303 -9713 -662 -6749 -258

saammm === lolelolololelolelele

=== l=lelelolelelelelelelelelelelelelelelele

-1577 343 -9664 -819 -7423 -246
-1968 299 -11573 | -1369 | -8744 -336
-1114 1072 | -11465 | -1572 | -9932 -621
-1911 1271 | -10760 | -1456 | -11226 | -926
-1807 1228 | -11241 | -1179 [ -12634 [ -1251
-2006 | 1366 | -11894 | -721 -14078 | -1468
-2435 1962 | -13899 642 -15831 | -1900
-1857 | 4161 | -13849 | 1309 | -18076 | -2568
-2269 | 4127 | -14239 | 1117 | -20511 | -3976
-2338 3358 | -14216 | 2418 | -22371 [ -5021
-2545 3173 | -16350 | 3944 | -24469 | -5637
-4623 3791 | -17581 | 5357 | -26034 | -5781
-6692 4955 | -25347 | 3620 | -27582 | -5721
-5625 4339 | -32768 | 2196 | -27510 | -7194
920 5578 | -29952 | 3918 | -30988 [ -7115
-3971 4213 | -25920 | 4263 | -28428 | -9126

5496 | 11174 | -24353 | 6911 | -30621 | -9541

olololelelelelelelololololelelelelelelelelelololelololelelelele|e = (===

olololelelelelelelolololelelelelelelelelelelolololole|=]= === ===

olololelelelelelelelelelele k== |=I= === =

olololelelele

o|=|=|=]=

Fig. 8. Measure Gait Data (raw data)

Table 1. Number of data samples
Number of Up Down Up Down q Fast
Total Samples alk Hill Hill Stair Stair Bubning Walk
13,308 2,257 | 1,539 1,552 714 954 3,612 | 2,680

Table 2. Number of samples for each unit step

Unit Step(k) 1 2 3 4 5
Number of | 13308 | 6,654 | 4,436 | 3,327 | 2,661
Samples
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Momentum Optimizer)[37] A}35}5 o0
(learning rate)2 0.00012 AZA3tict. 47| stoln mf
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st
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Fig. 9. Classification rates of CNN based—, LSTM
based—, ensemble deep learning network

3. Experimental Results
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