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Fig. 3. Overview: Given an RGB video of an individual walking, we use a stale-of-the-art 3D human pose estimation technique o exiract a set
of 3D poses. These 3D poses are passed to an LSTM network to extract deep features. We train this LSTM network using mul gait datasets.
We also compute affective features consisting of both posture and movement features using psychological characterization. We concatenate these
affective features with deep fealures and classify the combined features inte 4 basic emotions using a Random Forest classifier,
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Fig. 4. Human Representation: We represent a human by a set of 16
joints. The overall configuration of the human is defined using these joint
positions and is used to extract the features.
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TABLE 1
Posture Features: We extract posture features from an input gait using
emotion characterization in visual perception and psychology

literature [23], [25].

Type Description
Volume Bounding box
At neck by shoulders

At right shoulder by
Angle neck and left shoulder

At left shoulder by

neck and right shoulder
At neck by vertical and back
At neck by head and back
Between right hand

and the root joint
Between left hand

and the root joint
Between right foot

and the root joint
Between lett toot

and the root joint
Between consecutive

foot strikes (stride length)
Triangle between

Area hands and neck

Triangle between

teet and the root joint

Distance
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TABLE 2

Movement Features: We extract movement features from an input gait
aﬁm&pﬂon and psychology

using emotion characterization in visu
literature [23],

RALKERER

BN{E A TFIESHERUIREEE ( non-acted data ) k|, ERERBEX

Type

Description

Speed

Right hand

Left hand

Head

Right toot

Lett toot

Acceleration Magnimde

Right hand

Lett hand

Head

Right foot

Left foot

Movement Jerk

Right hand

Left hand

Head

Right foot

Lett toot

Time

One gait cy-:ie
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TABLE 3
Performance of Different Classification Methods: We analyze
different classification algorithms to classify the concatenated deep and
affective features. We observe an accuracy of 80.07% with the Random
Forest classifier.

Algorithm (Deep + Affective Features) Accuracy
LSTM + Support Vector Machines (SVM) 70.04%
LSTM + Stochastic Gradient Descent (SGD) | 71.01%
LSTM + Random Forest 80.07%
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