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Abstract

This study investigates recognition of affect in human

walking as daily motion, in order to provide a means for

affect recognition at distance. For this purpose, a data

base of affective gait patterns from non-professional actors

has been recorded with optical motion tracking. Principal

Component Analysis (PCA), Kernel PCA (KPCA) and Lin-

ear Discriminant Analysis (LDA) are applied to kinematic

parameters and compared for feature extraction. LDA in

combination with Naive Bayes leads to an accuracy of

91% for person-dependent recognition of four discrete af-

fective states based on observation of barely a single stride.

Extra-success comparing to inter-individual recognition is

twice as much. Furthermore, affective states which differ

in arousal or dominance are better recognizable in walk-

ing. Though primary task of gait is locomotion, cues about

a walker’s affective state are recognizable with techniques

from machine learning.

1. Introduction

Humans interact socially with computers and robots. It

is supposed that integration of emotions enhances Human-

Computer- and Human-Robot-Interaction [16, 17]. Lazarus

defines emotion as the combination of physiological distur-

bance, action tendencies, which are not necessarily acted

out, and affect [12]. Whereas affect itself is the subjective

experience during an emotion. Detection of affect is gen-

erally based on observing facial expressions, linguistic as

well as acoustic features in speech, physiological parame-

ters, gesture and body motions [16]. To enhance recogni-

tion of affect, combination of different modalities is inves-

tigated. Body motions are considered as additional modal-

ity to estimate the affective state of a human from distance.

Since walking is a day-to-day motion, this work concen-

trates on the recognition of affect in gait patterns. Psycho-

logical studies support that emotions are expressed in walk-

ing.

This work is motivated by results of a previous study

[10]. Inter-individual recognition of emotions in gait pat-

terns is above chance level, however recognition rate is

highly influenced by individual walking styles. Also the

affective states sad and angry are better recognizable than

neutral and happy. This has risen the questions what perfor-

mance can be achieved if emotions are recognized person-

dependent and if differences in arousal are better recog-

nizable in gait patterns. For this purpose a data base has

been recorded. The contribution of this work is to com-

pare PCA, KPCA, LDA, and GDA to extract relevant fea-

tures from kinematic parameters. Secondly, inter-individual

as well as person-dependent recognition rate is determined

based on observing a single stride using 1 Nearest Neighbor,

Naive Bayes and Support Vector Machine for classification.

Thirdly, recognition of discrete affective states is compared

with recognition of extremes on the affective dimensions

pleasure, arousal and dominance.

The outline of the paper is as follows. Section 2 summa-

rizes related work about recognition of affect in walking.

Section 3 describes the data base, data preprocessing, fea-

ture extraction and classification. Results are presented in

section 4 and discussed in section 5. The paper ends with a

conclusion in section 6.

2. Related Work

Various models to categorize emotions exist in psy-

chology. Ekman’s basic emotions, which are anger, dis-

gust, fear, joy, sadness, and surprise, and the dimensional

pleasure-arousal-dominance (PAD) model are widely used

in automatic emotion recognition [8, 14]. The PAD model

spans a 3-dimensional space with the independent and bipo-

lar axes pleasure, arousal and dominance. An affective state

is described as a point within this state space.

Early studies based on black displays illuminating only
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the joints of the body, demonstrated that human observers

can recognize gender or a familiar person in walking [6,11].

Montepare et al.’s psychological study indicated that ob-

servers can also identify emotions from variations in walk-

ing styles [15]. Furthermore, the emotions sadness and

anger are easier to recognize than pride for human ob-

servers. Crane and Gross showed that bodily expression

of felt and recognized emotions are also associated with

emotion-specific changes in gait kinematics and not solely

depend on gesticulatory behavior [5]. They identified ve-

locity, cadence, head orientation, shoulder and elbow range

of motion as significant parameters which are affected by

emotions.

Walking is a complex movement in which the emotional

state is covered by the primary task to perform locomotion.

To the authors knowledge, only one work studies recog-

nition of emotions in walking with techniques from ma-

chine learning [9]. Janssen et al. investigated the recog-

nition of four emotional states by means of artificial neural

nets. Person-dependent recognition reaches 83.7% in av-

erage based on kinetic data measured with a force plate in

the ground. However, inter-individual recognition rate re-

mains around chance level. Using kinematic data leads to

79% correct classification of gait patterns during listening

calming, excitatory or no music.

A general overview of analytical techniques for clin-

ical and biomechanical gait analysis is given in [4]. It

mainly refers to classification of clinical disorders, though

the methods for feature extraction can also be taken for psy-

chological gait analysis. Advanced techniques for dimen-

sion reduction, such as Kernel Principal Component Anal-

ysis (KPCA) improves recognition of age in walking [21].

Performance of Principal Component Analysis (PCA) and

KPCA is compared in [2]. Usually, it is believed that con-

sidering class affiliation in dimension reduction, such as

Linear Discriminant Analysis (LDA) enhances classifica-

tion. Martinez and Kak showed that if training sets are

small comparing to feature dimension, PCA can outperform

LDA [13].

Focus of this work is to extract relevant features from

a kinematic data set to improve recognition. A compari-

son of the capability to recognize differences in pleasure,

arousal and dominance might explain why sad and angry

are generally better recognizable by an algorithm or a hu-

man observer in independent studies. The assumption is

that arousal is easier to recognize and thus expressed than

pleasure in walking.

3. Methods

3.1. Data Base

To investigate recognition of affect in gait patterns, a data

base has been recorded at TU München. The gait of 13 male

non-professional actors (mean age: 26) was recorded with a

VICON optical tracking system (240 Hz). 35 passive mark-

ers were affixed to the participant’s skin, where anatomic

points define the marker position. Based on the Plug-in-

Gait Model, the VICON software provides marker position,

joint centres and joint angles over time for further data anal-

ysis.

Due to a highly artificial environment and frequent rep-

etition of each affective state, successful induction of af-

fect is challenging and it has been decided to pose affect.

Each recording contains at least two strides. Participants

walked straight in the laboratory hall. Participants were

asked to feel angry, happy, neutral or sad, and to imagine

a situation in which they feel a particular affect. Each trial

was repeated 10 times. In addition, extremes of the dimen-

sions of the pleasure-arousal-dominance (PAD) model were

recorded, so that the gait data base contains also 10 walks of

each participant expressing the affective states displeased,

content, bored, excited, obedient and dominant.

3.2. Data Preprocessing

For further feature extraction, a single stride is extracted

from each gait. As the characteristics of the marker affixed

to the heel is similar among all participants, this marker is

chosen for extracting a single stride from a complete record-

ing. Figure 1 shows the z-coordinate of the marker affixed

to the right heel over time. A minimum indicates that the

right heel touches the ground and is followed by a nearly

constant position of the heel during the stance phase of the

right leg. During the swing phase of the right leg, the foot

leaves the ground and the height of the heel increases.

An algorithm based on detecting these minima calculates

the starting time of all strides in each recording. The al-

gorithm first selects time intervals, in which height of the

marker at the heel is less than 30% of maximum height,

then disregards intervals which last less than 125ms and fi-

nally calculates the minimum in each interval. The com-

plete recording of one gait is cut down to a single stride for

all marker positions, joint centres and joint angles. Follow-

ing feature extraction is based on observation of one stride.

3.3. Feature Extraction

Crane and Gross indicated the parameters velocity (m/s),

cadence (steps/second), head orientation and shoulder range

of motion as significant factors which are influenced by the

walker’s affective state [5]. In addition to these factors, for-

ward tilt of upper body and stride length are investigated.

Table 1 lists the parameters calculated for each factor. As a

single stride is clipped from the complete data set based on

the trajectory of the right heel, velocity, cadence and step

length are computed consistently on the forwards motion of

this marker. To describe the range of motion of the shoulder



0 200 400 600 800
0

100

200

300

Time (s)

H
e
ig

h
t 
(m

m
)

Figure 1. The periodic characteristic of the marker affixed to the

heel is an example of the 105 recorded trajectories. Here, a mini-

mum, marked with a red bar, indicates the start of one stride.

angles, forward tilt as well as abduction, neck tilt and tho-

rax tilt, the parameters minimum, mean and maximum for

the trajectories of the corresponding angles are calculated.

Hence, the complete kinematic feature vector xkin contains

M = 15 parameters. Mean and standard deviation of the

feature vector xkin,norm is normalized for PCA and KPCA.

Transforming the feature space can improve classifica-

tion. With this purpose, PCA, KPCA, LDA and GDA are

applied [1, 7, 20]. PCA, also known as Karhunen-Lòeve

Transformation, transforms the original data space to an

orthogonal set of Principal Components (PCs). Principal

components ui with highest Eigenvalues λi represent the

vectors with maximum variance in the data set. The Eigen-

value problem to solve is defined as

(
1

N

N∑

n=1

xkin,normxT
kin,norm)ui = λiui (1)

with i = 1, ...,M

with N observations of xkin,norm. The term within the

brackets in Equ. 1 is the covariance matrix. Original data is

mapped on up to a maximum of M principal components.

A non-linear extension of PCA is KPCA [19]. Its ad-

vantages are nonlinearity of eigenvectors and higher num-

ber of eigenvectors. KPCA maps the original data vector

xkin,norm into a feature space F using a non-linear map Φ.

Φ : Rn → F, xkin,norm 7→ Xkin,norm (2)

Then, it performs linear PCA in the high-dimensional space

F which corresponds to a non-linear PCA in the original

data space. The covariance matrix C is given by

C =
1

N

N∑

j=1

Φ(xkin,norm,j )Φ
T (xkin,norm,j ) . (3)

Applying the kernel trick, the eigenvalue problem becomes

Nλa = Ka (4)

with Kij := Φ(xkin,norm,i)
T Φ(xkin,norm,j ),

where the scalar product of Φ can be substituted by a kernel

function K(x, y). Within this study, a polynomial kernel

Factor Parameter

Stride Length Length of One Stride

Cadence Time for One Stride

Velocity Cadence/(Stride Length)

Neck Angle (Forward Tilt) Min, Mean, Max

Shoulder Angle (Flexion) Min, Mean, Max

Shoulder Angle (Abduction) Min, Mean, Max

Thorax Angle (Forward Tilt) Min, Mean, Max

Table 1. Kinematic features.

K = (xT y)d and a Gaussian kernel K = exp((−‖x −
y‖2)(2σ2)−1) are used. In contrast to PCA, KPCA can find

up to N, in general number of instances, eigenvectors.

In contrast to algorithms based on PCA, LDA consid-

ers class membership for dimension reduction. Key idea of

LDA is to separate class means of the projected directions

well while achieving a small variance around these means.

Alike PCA, the derived features of LDA are linear com-

binations of the original data. For a c-class problem, the

maximum number of eigenvectors wk is (c−1), in our case

3. Based on the total mean m = 1

N

∑N

i=1
xkin,i , the mean

mj for samples x
j
kin,i of each class j, and the number of

samples nj for each class, the between-class scatter matrix

SB

SB :=

c∑

j=1

nj(mj − m)(mj − m)T (5)

and the within-class scatter matrix SW

SW :=

c∑

j=1

lj∑

i=1

(xj
kin,i − mj)(x

j
kin,i − mj)

T (6)

are defined. Maximizing the between-class measure while

minimizing the within-class measure leads to the following

eigenvalue problem

(SB − λkSW )wk = 0 with k = 1, 2, 3. (7)

The kernel trick allows GDA to compute LDA in a high-

dimensional feature space without ever having to explicitly

map into it. Polynomial as well as Gaussian kernel are ap-

plied in our applications.

3.4. Classification

For recognition several standard classifiers are com-

pared. Naive Bayes is a classifier, which estimates probabil-

ities for the membership to each class. It is robust to irrele-

vant features. However, features which are not conditional

independent or not Gaussian distributed decrease accuracy.

1 Nearest-Neighbor (1NN) using Euclidean distance is a

lazy classifier. It can produce arbitrarily shaped decision



boundaries and is susceptible to noise. Besides Nearest

Neighbor and Naive Bayes, Support Vector Machines af-

ford good results in emotion recognition. A L1 soft-margin

Support Vector Machine (SVM) with a radial basis func-

tion as kernel is used as well for classification [3]. The

SVM learning problem is a convex optimization problem,

so that the optimal solution is calculated in contrast to Neu-

ral Networks which can get stuck in local minima. Standard

SVM is limited to two-class problems. Common extension

to multi-class problems is the one-against-one method.

As the number of samples in the data sets is small, the

recognition rate is calculated using leave-one-out cross val-

idation.

4. Experimental Results

4.1. Person-Dependent Recognition

Following results are based on 13 data sets each with

samples of one walker expressing all affective states sad,

neutral, happy and angry. Recognition rate is calculated for

the data set of each walker separately. For evaluation, mean

accuracy of all walkers is compared. Results for all clas-

sifiers are shown in Table 2. Recognition based solely on

velocity, stride length and cadence (vts) reaches 84% aver-

aged over all walkers for 1NN. Mean accuracy increases to

91 % for classification based on the complete feature vec-

tor, including 15 kinematic parameters (all). Classification

based barely on velocity, stride length and speed gives lower

results as based on the complete feature vector. Recognition

results based on a feature vector excluding velocity, stride

length and speed (all w/o vts) is comparable to results based

only on vts. Hence, the complete data sets contain redun-

dant information.

Table 2 lists mean accuracy for applying PCA, KPCA

and LDA to the complete feature vector xkin (all). Di-

mension reduction with PCA to eight dimensions leads to

mean accuracy of 88%. The nonlinear extension KPCA

with a Gaussian kernel reaches less accuracy for all classi-

fiers compared to dimension reduction with PCA. Resulting

feature representation is even less suitable than the original

feature space. Changing the kernel to a polynomial kernel

does not improve recognition.

LDA reduces the feature vector to 3 dimensions. It per-

forms best, if the feature vector xkin,LDA excludes mean

and maximum of the thorax angle. In this case, mean accu-

racy is 91% for all classifiers. Individual recognition rates

for each walker range between 80% and 100%. Standard

deviation is 6%. The confusion matrix for this case, see Ta-

ble 3, shows that the affective states sad, neutral and angry

are better recognizable than happy.

As LDA reduces the data efficiently onto a low-

dimensional space, it is suited for graphical representation

of the data sets. Figure 2 and Fig. 3 show exemplary the

Features 1NN Naive

Bayes

SVM

vts 84 83 76

all w/o vts 83 86 88

all 83 91 88

PCA 88 87 87

KPCA 77 68 85

LDA 91 91 91

Table 2. Mean accuracy is above chance (25%) for distinguishing

four affective states. LDA transforms the original data sets most

efficiently.

affect neutral happy sad angry acc

neutral 122 6 2 0 94%

happy 13 100 14 3 77%

sad 1 10 118 1 91%

angry 0 1 5 124 95%

Table 3. Confusion matrix shows that the affective state happy is

often misclassified as neutral or sad.

data set of walker 7, whose affective walks are recognized

100% correctly, and of walker 4. The 2-dimensional repre-

sentation of affective gaits are clearly separable in Fig. 2.

The clusters for the gaits of each affective walk are closer to

each other in Fig. 3, which leads to lower accuracy (78%).

Mapping of LDA is calculated based on the training set,

so that analogous plots for each leave-one-out cycle deviate

slightly from each other. Still, the plots for each subject dif-

fer less within one subject than in-between subjects. Overall

accuracy for reducing the feature vector to two dimensions

with LDA applied to xkin,LDA is 88% for Naive Bayes and

SVM. GDA performs poorly on this data set. Recognition

rates are around chance level for all classifiers.

4.2. Inter-Individual Recognition

Inter-individual recognition rate for all mentioned fea-

ture extraction and classification methods have been calcu-

lated for this data base. However, training the classifier on

the data sets of 12 walkers and recognition of the affective

states of the remaining walker, leads to lower recognition

rates, see Table 4. This is explained by inter-individual dif-

ferences in expressing affect and individual walking styles.

Best result is achieved for applying LDA on the com-

plete feature vector xkin with 58% accuracy. Extra success

comparing to a random predictor is 44% for inter-individual

recognition. In comparison, person-dependent extra success

is twice as much with 88% for LDA. Results of GDA are

around chance level. Also, KPCA with a Gaussian kernel

and reduction to 2 dimensions does not perform better than

PCA. In this case, PCA projects the original data set on 10

dimensions.
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Figure 2. Mapping the complete data set of walker 7 on 2 dimen-

sions using LDA shows that the cluster of angry trials is clearly

separable from the others.
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Figure 3. Clusters for each affective walking style of walker 4 are

spatially less separated, so that misclassifications occur. Within

this leave-one-out cycle, the angry and sad sample are misclassi-

fied as neutral.

Features 1NN Naive

Bayes

SVM

vts 52 45 45

all 56 40 40

PCA 50 55 47

KPCA 41 52 42

LDA 54 58 54

Table 4. Recognition of the affective states of an unknown walker

reaches 58% accuracy.

4.3. Dimensional Categorization of Affect

The PAD model considers the three dimensions pleasure,

arousal and dominance to describe an affective state. Walk-

Features Pleasure Arousal Dominance

vts 71 92 80

all 84 96 93

PCA 79 92 90

KPCA 60 68 75

LDA 80 96 92

Table 5. Recognition rates for distinguishing three levels of arousal

or dominance are higher than for pleasure, regardless of which

feature mapping is applied to the original feature space.

1 2 3 4 5 6 7 8 9 10 11 12 13

0.4

0.5

0.6

0.7

0.8

0.9

1

Walker

A
c
c
u
ra

c
y

 

 

Pleasure Arousal Dominance

Figure 4. Person-dependent recognition for three levels of arousal

and dominance reaches 100% for individual walkers, whereas

pleasure is lowest recognizable.

ers expressing extremes of each dimension and one neu-

tral data set have been recorded. Each dimension is di-

vided in high, neutral and low. As difference in accuracy

varies little among classifiers for recognition of affect in

gait patterns, see Table 2, results are presented based on

Naive Bayes in this subsection. Table 5 shows mean person-

dependent recognition rates separately for each dimension.

In all cases, recognition rate for distinguishing expressive

levels of pleasure is lower than for arousal and dominance.

For this three-class problem, chance level is 33%. LDA

is applied to the feature vector containing stride length, ca-

dence, velocity, neck angle and minimum of shoulder flex-

ion and maps the data sets onto two dimensions. Recogni-

tion rate is comparable to using all features. PCA reduces

the number of dimension to five, though accuracy is not im-

proved. Recognition rates for KPCA using a Gaussian ker-

nel are also listed in Tab 5.

Figure 4 shows separately the accuracy for the data sets

of each walker. In accordance to Table 5, lowest accuracy is

achieved for most walkers for the dimension pleasure. De-

pending on the walker, different levels of arousal or dom-

inance are best recognizable. Mean accuracy is 84% for

pleasure, 96% for arousal and 93% for dominance.



5. Discussion

Within this work inter-individual as well as person-

dependent recognition above chance has been accomplished

for four acted affective states during walking. In compar-

ison to [9], accuracy is increased by selecting significant

kinematic parameters. Recognition of affective states of a

known walker leads to twice as much extra success as of an

unknown walker. Due to individual walking styles, recog-

nition of affective states barely on gait is highly sensitive to

individuals. Further improvement can be achieved by nor-

malization of one’s walking pattern.

Affective states which differ in arousal or dominance are

better recognizable in walking than affective states with dif-

ferent pleasure levels. This explains that in this work and

in [10] the affective state happy is harder recognizable. This

result is in accordance with similar findings for the body

motions knocking and drinking [18], for which it has been

shown that activation is highly correlated with kinematics.

Essential characteristic for recognizing affect in walk-

ing is velocity. Person-dependent recognition reaches 84%

barely on measuring velocity, cadence and length of a sin-

gle stride. Using a set of 15 features, accuracy increases to

91%. Optimal projection is achieved with LDA onto three

dimensions. As number of training samples is sufficiently

larger than number of features, the advantage of consid-

ering class affiliation outperforms PCA. Nonlinear exten-

sions, like KPCA and GDA, do not improve accuracy. As

mentioned in [20], nonlinear techniques do not necessarily

perform as well in real-world tasks as in selected artificial

tasks.

6. Conclusion and Outlook

This study investigates recognition of posed affective

states in human gait patterns. For this purpose, we recorded

a gait data base. Based on a single stride, person-dependent

recognition rates have been calculated. Comparing recogni-

tion of discrete affective states and distinguishing extremes

on the dimensions pleasure, arousal and dominance of the

PAD-model leads to the conclusion that gait is more ca-

pable to reveal affective states which differ in arousal and

dominance than in pleasure. It is concluded that affect is

recognizable above chance in gait patterns, however further

investigation is required how well recognition of affective

states based on gait patterns performs in real-world scenar-

ios. In this context, a potential side aspect is how strong

influences like gender, age, weight or complaints interfere

with recognition of affect.
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