LTGADnett

Deep!kegriracking by Detectioniand: GaithAnalysis 2D RangerData for
Intelligent (Robotic\Assistants
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L TGADnett Motivation

General Idea:

A Intelligent robotic rollators

Al RILIWOAGS (02 GKS LI GASY(Qa
A Fall prevention, rehabilitation, etc.

Such robotic assistant could use:

A Algorithm for Leg Tracking and Gait Analysis

A Input data from simple 2D LiDAR due to fast
scanning at low cost



LTGADnett Motivation

A Existing algorithm
Interactive Multiple
Model and Particle Filters

A Laser position aD35cm
above ground, scanning
LI OASYdQa GR

A Slowdue to the use of
Particle Filters

A Need for faster algorithm
FofS G2 FT2ftf:
FPS

A Solution Neural Networks

MOBOT- IRAL I-Walk- IRAL
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LTGADnett Dataset

2.0

151

1.0 1

0.5 1

0.0 ~

Laserpoints

\

=

Laser Frame

h\é‘

Y

Bounding Box

<.

-0.6

T
0.6 0.8

Laser output as (X, y) points

20

40

60

80

100

0 20 40 60 80

Occupancy grid

100

A Laser output mapped to (X, y)
points

A Only points lying in boundin
box €0.5m, 0.5m) are kept,
to exclude all objects excep
LI GASy i Qa S

A Remaining points are
transformed into an 112x11
occupancy grid, which will b
0KS ySig2N] Q

C



LTGADnett Dataset!

Problems

Gait States
State Code | Code Name Definition
S1 LDS Left Double Support
82 LS/RW Left Swing/Right Stance
$3 RDS Right Double Support
S4 RS/LW Right Swing/Left Stance

State Markov Chain

A Untrustworthy annotations

A Not enough frames of leg
occlusions

A Small number of frame
sequences for gait analysis

Solution

1. Dataaugmentation

(mirroring and shifting)
2. Computer Generated Data

v
v =l ®
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False annotation Leg occlusion
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Computer Generated
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Dataset Example
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L TGADnett Architecture

B ——————- . Neural Network
P |
A — | : Compartments
A i o LsT™ P[5 ] !
SRR Yr I | .
A ! 1. CNN 4inears
112 RAHRE % PL L e e e e e . _
S ] X, Gait phase DetECthn
\ extraction
) N Yi
QI - 2. LSTM
" X .
QI i v“ Tracking
12\ | —l - LSTM L
mQ\ X,
A I [ I ; " 3. LSTM
1 32 32 32 1568 512 294 6 6 .
Galt state
Input Image Conv. Layers Conv. Layers Conv.layers Flatten Linear Linear CNN Detection Revised Detected C -
7x7x32+2 {3x3x32}x3 {3x3x32}x2 Layer Layer Detection Centers estimation

3x3x32 Maxpool Layer
Maxpool Layer 2x2+2

2x2+2



L TGADnett Architecture

TABLE III: Ablation Study

Architectures Mean distance (cm) | Max distance (cm)
CNN7 3.67 37.05
CNN9 4.2°7 32.03
LSTM1 3.16 15.26
LSTM2 3.15 19.21
TCN 3.47 40.10
LSTMlassoc 3.21 13.51
TCNassoc 3.87 48.80




L TGADnett Architecture
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LTGADnet: Traiming;

Leqg Tracking Loss

Confidence Loss = Y y‘ 7 ik — Cijk)”

1i=1 3=1 k=1
2
Detection Loss = Z (z; — i?i)Q + (yi — 33‘1")2
i=1
2
Association Loss = Z (:I’: — i‘t— ) + (yz - 3;‘: 1)2
1=1

Loss = Confidence Loss + 5 - Detection Loss + Association Loss

Gait Analysis LossS

f't(s) - E?:l e5i
4
Loss = — Z tilog (fi(s))
i=1




L TGADnett Performance

Leg Tracking centers RMSE: 3.23 cm
Gait Analysis Accuracy: 70.81%
Single-Frame Detection and Gait State Estimation Time: 0.002 sec

Leg Tracking

| Experiment | 2 3 4 5 6 7 8 mean
Metric
Mean (cm) 2.42 2.04 3.28 4.11 4.57 2.46 3.26 3.68 3.23
Max (cm) 9.63 0.87 22.16 | 58.32 | 1459 | 7.79 30.31 | 42.95 24.45
Median (cm) 2.21 1.81 2.60 2.95 3.74 2.18 2.75 3.31 2.69
Gait Analysis
. Experiment 1 2 3 4 5 6 7 8 mean
Metric
Accuracy (%) 75.60 | 71.56 | 68.85 | 72.74 | 69.27 | 63.17 | 69.36 | 75.89 | 70.805
Precision (%) 78.88 | 71.36 | 68.87 | 74.80 | 70.76 | 67.85 | 69.38 | 77.50 | 72.425
Recall (%) 75.60 | 71.57 | 68.85 | 72.74 | 69.27 | 63.17 | 69.37 | 75.89 | 70.8075
F1 score (%) 76.57 | 71.28 | 67.62 | 72.10 | 68.68 | 61.94 | 69.21 | 76.24 | 70.455




LTGADnet Testing

A Testing orMOBOT
A LiDAR:
o Hokuyo LIDAR
UBGO4LXFO
0 28msec/scan
0O Sscanning range:
0.02¢5.6m
0 angle range:
1200 ¢ 12
0 angular
resolution:
0.3@

e Laserdata v TrueRightLeg @ Estimated Right Leg True Left Leg Estimated Left Leg



