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Abstract. Previous work has shown that motion performed by children is per-

ceivably different from that performed by adults. What exactly is being per-

ceived has not been identified: what are the quantifiable differences between 

child and adult motion for different actions? In this paper, we used data cap-

tured with the Microsoft Kinect from 10 children (ages 5 to 9) and 10 adults 

performing four dynamic actions (walk in place, walk in place as fast as you 

can, run in place, run in place as fast as you can). We computed spatial and 

temporal features of these motions from gait analysis, and found that temporal 

features such as step time, cycle time, cycle frequency, and cadence are differ-

ent in the motion of children compared to that of adults. Children moved faster 

and completed more steps in the same time as adults. We discuss implications 

of our results for improving whole-body interaction experiences for children. 
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1 Introduction 

Whole-body interaction requires robust and accurate recognition of the user’s mo-

tions. Most whole-body interaction or recognition research has focused on adults [1, 

2]. However, there is reason to believe that children’s motions may differ significant-

ly from those of adults based on differences in physiological factors such as body 

proportion [3] and development of the neuro-muscular control system [4]. In fact, 

previous work by Jain et al. [5] has shown that the motion of a child is perceivably 

different from the motion of an adult. The authors found that naïve viewers can per-

ceive the difference between child and adult motion, when presented as point-light 

displays (points of lights representing each joint of the human body), at a rate signifi-

cantly above chance, and with 70% accuracy for dynamic motions such as walking 

and running. 

 However, what exactly is being perceived has not been identified: what are the 

quantifiable differences between child and adult motion for dynamic actions, specifi-

cally, walking and running actions? If these quantifiable differences could be identi-
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fied, we could improve recognition of child motion and enhance whole-body interac-

tion experiences (e.g., exertion games [6]). To identify these differences, we consid-

ered features from literature on the analysis of gait. We chose to focus on these fea-

tures because they have often been used to characterize walking and running motions 

from a physiological perspective [7–9]. 

This paper presents results on gait features that characterize the differences be-

tween adult and child motion. We chose a subset of walking and running motions 

from the Kinder-Gator dataset [10], collected by our research groups. This dataset 

includes child and adult motions from 10 children (ages 5 to 9) and 10 adults (ages 19 

to 32) performing 58 actions forward-facing the Kinect [11]. Of the 58 actions in the 

dataset, we analyze four actions: walk in place (walk), walk in place as fast as you can 

(walk fast), run in place (run), and run in place as fast as you can (run fast). We 

grouped the gait features into two categories based on the gait literature: spatial fea-

tures, dependent on distance, e.g., step width, step height, relative step height, and 

walk ratio; and temporal features, dependent on time, e.g., cadence, step time, cycle 

time, cycle frequency, and step speed. Each feature was computed on the motion data 

and results were analyzed statistically based on two factors: age group (child vs. 

adult) and action type. 

We found a significant effect of age group across all temporal features except step 

speed. Hence, step time, cycle time, cycle frequency, and cadence are significantly 

different in the motion of children compared to that of adults. For spatial features, we 

found no significant effect of age group.  There was a significant effect of action type 

in both temporal and spatial features; we found differences between pairs of actions 

across all features. The contributions of this paper are to (a) identify a set of nine fea-

tures from gait analysis that can be used to (b) quantify the differences between child 

and adult motion. Our paper advances the understanding of child and adult motion in 

terms of measurable differences in their motion to inform the design and development 

of whole-body interactive systems (e.g., smart environments, exertion games). Our 

paper will also improve how motion recognition algorithms classify child and adult 

motion. These motion recognition algorithms can in turn help to improve how child 

actions are recognized in whole-body interaction applications. 

2 Related Work 

Prior work has studied recognition and perception of human motion, though most has 

focused on children or adults only, rather than comparing or contrasting the two. 

2.1 Perception of Human Motion 

Behavioral researchers [12–14] studied infants’ preferences for point-light display 

representations of human motion compared to non-human motion, and asserted that 

humans develop the ability to perceive and detect biological motion during infancy. 

Point-light displays have also been used in various perception studies to understand 

what identifying information people can perceive. Cutting and Kowlozski [15] and 



Beardsworth and Buckner [16] found that adults could identify themselves and their 

friends from point-light display representations of walking motions. Furthermore, 

Wellerdiek et al. [17] studied a wider range of motions, such as spontaneous dancing 

and ping-pong, and showed that adults were able to detect their own motion from 

point-light displays. Golinkoff et al. [18] found that children could identify different 

motions such as walking and dancing from point-light display videos. Jain et al. [5] 

examined whether naïve viewers could perceive the difference between the motion of 

a child and an adult from point-light displays. They found that adults can perceive the 

difference between child and adult motion at levels significantly above chance, and 

with about 70% accuracy for dynamic actions such as “run” and “walk”. However, 

what cues were helping participants identify whether the motion came from a child or 

an adult were not determined. In our study, we analyze child and adult motions to 

understand the features that differentiate child motion from adult motion. 

2.2 Motion Recognition using the Kinect 

Human motion tracking has been studied extensively using image sequences [14, 19–

23]. For example, Ceseracciu [20] analyzed people’s gait by processing grayscale 

images from video recordings using multiple cameras. With the advent of low-cost 

commercial motion tracking devices such as the Microsoft Kinect [11], researchers 

shifted attention to recognizing actions using depth sensors [24, 25] and developing 

Kinect-based applications [26–29]. Nirjon et al. [29] used the 3D skeleton joint coor-

dinates tracked by the Kinect to distinguish between aggressive actions, such as kick-

ing from punching. The Kinect has also been applied to hand gesture recognition [26, 

30, 31]. Oh et al. [26] created the Hands-Up system, which issues commands to a 

computer by tracking adults’ hand gestures using a Kinect attached to the ceiling. 

Zafrulla et al. [30] and Simon Lang [31] both applied the Kinect to sign language 

recognition. Jun-Da Huang [27] created a Kinect-based system, KineRehab, to track 

the movements of young adults with muscle atrophy and cerebral palsy. KineRehab 

detects movements with 80% accuracy. Dimitrios et al. [28] used the Kinect to track 

adults’ dance movements and to automatically align the movement to those of a dance 

expert in the real world. Few researchers have used the Kinect to successfully recog-

nize children’s motions. Zhang et al. [32] tracked children’s movements in a class-

room using multiple Kinect sensors, but did not attempt to classify specific motions. 

Connell et al. [33] used a Wizard-of-Oz approach to elicit gestures and body move-

ments from children when interacting with a Kinect. Lee et al. [6] and Smith and Gil-

bert [34] have both created interactive games for children to solve math problems by 

performing gestures tracked by the Kinect, but did not include real-time recognition. 

In our study, we expand upon previous work by tracking and logging the motion of 

both children and adults with the Kinect in order to quantify the differences between 

these motions to inform better recognizers in the future. 



3 Gait and Gait Analysis Background 

Gait is defined as one’s manner or style of walking [35]. The analysis of gait is de-

fined as the systematic study of human locomotion [36, 37], using the cycles and 

steps in the motion (Fig. 1). A gait cycle (stride) is defined as the period between a 

foot contact on the ground to the next contact of the same foot on the ground again [7, 

36]. A gait step is defined as the period between a foot contact on the ground to the 

next contact of the opposite foot, also known as half a gait cycle [7].  

3.1 Gait Analysis 

Wilheim and Eduard Weber [38] pioneered the study of spatial and temporal gait 

features by showing that human locomotion can be measured quantitatively. This 

finding led to the development of different quantitative methods for analyzing gait 

kinematics, of which the most commonly used is the placement of 3D markers along 

segments of the human body [39]. Since then, gait kinematics have been studied ex-

tensively. Researchers [7, 8, 36, 40–42] have placed reflective markers on adults 

walking at different speeds, and have analyzed distance and time features of their gait 

such as stride length, step length, walk ratio, stride time, cadence, and speed. Gait 

analysis has also been used to identify individuals from their gait. Gianaria et al. [43] 

achieved 96% accuracy on classifying adults by gait by extracting gait features from 

Kinect data and feeding the features into a support vector machine (SVM). Prior work 

has also analyzed features from children’s gait [44–47]. Dusing and Thorpe [46] ana-

lyzed the cadence of children ages 1 to 10 walking at a self-selected pace, and found 

that cadence reduces as age increases. Barreira et al. [44] also studied the cadence of 

children walking freely in their environment. They found that children spent more 

time at lower cadences (0-79 steps/minute) compared to cadences signifying moderate 

or vigorous physical intensity (120 steps/min). 

 A limitation of the studies reviewed above is that they mainly focus on either chil-

dren or adults. Some prior work has studied the comparison between child and adult 

motion, but they either focus on very young children [48] or older children [49] rather 

than a range of younger and older children. Davis [48] extracted and fed features col-

lected from children’s and adults’ gait into a two-class linear perceptron to differenti-

ate between the walking motion of young children (ages 3 to 5) and adults. He found 

that gait features can be used to differentiate between young children’s and adults’ 

walking patterns with about 93-95% accuracy. Oberg et al. [49] also compared gait 

features across ages from 10 to 79 years, and found that the speed of the gait and 

length of a step reduces with age. In our study, we extracted gait features such as 

cadence, step time, and step length from the motion of children ages 5 to 9 to quantify 

the differences between child and adult motion. We focus on ages within the gap of 

age ranges previously studied in the literature (ages 5 to 9) because of the rapid de-

velopment of motor skills during this age  [50, 51].  



3.2 Gait Features 

We surveyed the literature on gait analysis [7–9, 36, 40–42, 48, 49, 52], and identified 

ten features commonly used to characterize a person’s gait. Gait analysis has been 

historically utilized to analyze walking or running motion that involves moving a 

distance away from the starting point. One feature that is commonly examined in gait 

analysis is the step length. The step length measures the distance between feet along 

the direction of motion, which for moving motions is parallel to the floor. However, 

the walking and running actions in the Kinder-Gator dataset [10] involve moving in 

place instead of moving away from a starting point. Therefore, the direction of motion 

is perpendicular to the floor instead of parallel to the floor, so we calculated the per-

pendicular distance (i.e., step height). This adaptation from step length to step height 

is valid because both measure the peak distance between feet.  

Of the ten features we identified, we eliminated cycle length, which is the distance 

between successive placements of the same foot (measured as two step lengths). We 

eliminated this feature because, for in-place motions, the same foot returns to nearly 

the same location between steps. Measuring successive placements of the same foot 

using two step heights instead of two step lengths would imply the participant is mov-

ing continuously upward, e.g., climbing up a ladder, rather than the in-place actions in 

our dataset [10]. We categorized the remaining nine gait features into spatial and 

temporal feature groups (Fig. 1). Spatial features are distance-based; they include 

features which are dependent on the length (height) of a step in their computation.  

Temporal features are time-based. They include features which are dependent on time 

in their computation. We chose these nine features because prior research has shown 

that they are unique per person [41], that is, analogous to a fingerprint, and can be 

used as a biometric measure [53]. The nine features include:   

Step Width (m). This is a spatial feature. The step width is the maximum lateral 

distance between feet during a step [9]. It is measured as the horizontal distance be-

tween the position of one foot and the other foot during a step. This feature evaluates 

how wide or narrow the step taken is. 

Step Height (m). This is a spatial feature and is an adaptation of the step length. 

Step length is defined as the distance by which a foot moves in front of the opposite 

foot [7, 36, 41, 54]. Since the walking and running actions in the Kinder-Gator dataset 

[10] involve moving in place rather than forward over a distance, we define the step 

height as the distance a foot travels above the other foot during a step. It is measured 

as how high above the ground vertically a foot is during the highest part of a step. 

Relative Step Height. This is a spatial feature, and is defined as the length of a 

step in relation to the height of the person [48]. It measures the ratio between the step 

length (we use step height because they are walking in place) and height of the per-

son. The relative step height is an important feature to consider as it normalizes the 

step height by the person’s height, hence eliminating differences in step heights due to 

variations in height across people (e.g., children and adults). 

 Walk Ratio (m/steps/minute). This is a spatial feature. It is an index used to 

characterize a person’s walking pattern, and is measured as the ratio between the step 

length (we use step height) and the cadence (rate at which a person walks) [8, 40]. 



This feature is relevant to dynamic motions, as previous research notes that it reflects 

participants’ balance and coordination when performing a motion [8, 40]. 

Step Time (s). This is a temporal feature which defines the time duration of a step 

[9]. It can further be defined as the time it takes a foot to complete one step. It is 

measured as the duration from when the foot leaves the ground to the time when the 

foot touches the ground again in completion of a step. 

Cycle Time (s). This is a temporal feature and is also known as stride time. The 

cycle time can be defined as the time it takes a foot to complete one cycle (two steps). 

It can be measured as the time between two consecutive steps of the same foot along 

the horizontal (we use vertical) trajectory [48].  

Cycle Frequency (1/s). This is a temporal feature and is also known as stride fre-

quency. It is defined as the number of cycles per unit time and can be computed as the 

inverse of the cycle time [42, 48, 55]. Prior research shows that participants’ preferred 

cycle frequency optimizes energy cost [42]. 

Step Speed (m/s). This is a temporal feature, and is defined as the ratio between 

the step length (we use step height) and the step time [9]. It defines how fast a step is 

completed and can help in understanding the pace of an action. 

Cadence (steps/min). This is a temporal feature and is defined as the rate at which 

a person walks. It is measured as the number of steps taken per minute [36, 41, 42, 

52], and reflects the level of energy being exerted. 

4 Dataset Used 

The data used in this study is from our publicly available dataset, Kinder-Gator [10]. 

Kinder-Gator is a dataset our research groups collected from 10 children, ages 5 to 9 

(5 females), and 10 adults, ages 19 to 32 (5 females), performing 58 natural motions, 

in-place, forward-facing the Microsoft Kinect 1.0. The dataset includes 3D positions 
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Fig. 1. Gait features we computed and how we extracted them from the motion capture data. 



(x: horizontal, y: vertical, z: depth) of 20 joints in the body at 30 frames per second 

(fps). Since we are focusing on walking and running motions, we used the four walk-

ing/running motions in the dataset, namely: “walk in place” (walk), “walk in place as 

fast as you can” (walk fast), “run in place” (run), and “run in place as fast as you can” 

(run fast). Each participant-action pair contained at least 10 steps. We created point-

light display videos [14], which present each joint as a white dot on a black back-

ground animating through the course of the motion, for each participant-action pair. 

 

5 Analysis 

To compute the gait features for each person-action pair, we depend on knowledge of 

the stance phase (when the foot is on the ground [41]) and swing phase (when the 

foot is away from the ground [41]). Hence, we needed to identify the frames of each 

motion that corresponded to the step boundaries. We manually extracted these frames 

from the point-light display videos using a video annotation toolkit called EASEL 

[56]. Two researchers annotated subsets of the point-light display videos of the Kinect 

data for all of the actions. To ensure balanced labeling, the videos were counterbal-

anced between each annotator by age group (child, adult) and action. Also, for similar 

actions (run & run fast, walk & walk fast), the same annotator annotated the same 

participant for both motions. For each video to be annotated, we created three tracks 

in EASEL. Frames for the start (foot is on the ground), peak (foot is at its maximum 

position), and end (foot is returned to the ground) were recorded on the first, second, 

and third track respectively. The frames start-peak-end are the frames within a step. 

Previous research [36] has suggested that the analysis of gait can be done with either 

the foot, knee, hip, or pelvis joint, so we used the left foot joint from the Kinect skele-

ton tracking data in our analysis. Once all the frames had been annotated, we exported 

the annotation session, which creates an output CSV file with all the frames and the 

corresponding tracks recorded. We used this file for feature computation based on the 

start-peak-end frames.  

We automated the feature computation process by extracting the corresponding 

foot positions and time stamps from the data for the frames we had manually extract-

ed. The foot positions and time stamps were used to compute the gait features. For 

features involving computations per step or cycle, we averaged the values over the 

total number of steps or cycles in that motion. Therefore, each participant has one 

data point per action for each gait feature. A two-way repeated measures ANOVA 

was used to analyze the main effect of age group and action type and the interaction 

effect between them. Whenever we found no interaction effect between age group and 

action, we recomputed the two-way repeated measures ANOVA without the interac-

tion effect in the model, and report that. For features where we found a significant 

effect of action, we conducted a Tukey post-hoc test to identify action pairs that are 

significantly different. We present results for all of the gait features we considered in 

our study. All means and standard deviations for features in the analysis can be found 

in Table 1, and they are expressed in units commonly used in the analysis of gait [57].  



Table 1. Mean (and standard deviation: SD) of gait features by age group and actions.  

(*) denotes a significant effect at p < 0.05. 

Age Group 

Gait Feature Child Adult p 

Step Width (m) 0.16 (0.04)  0.17 (0.06)  

Step Height (m) 0.10 (0.07)  0.10 (0.11)  

Relative Step 

Height 

0.09 (0.05)  0.06 (0.06)  

Walk Ratio 

(m/steps/min) 

0.00063 (0.00061)  0.00070 (0.00078)  

Step Time (s) 0.33 (0.11)  0.43 (0.15)   * 

Cycle Time (s) 1.05 (0.47)  1.26 (0.49) * 

Cycle Frequency 

(1/s) 

1.15 (0.44)   0.90 (0.32) * 

Step Speed (m/s) 0.32 (0.17)  0.25 (0.27)  

Cadence 

(steps/min) 

203 (79)   166 (61) * 

Actions 

Gait Feature Walk Walk Fast Run  Run Fast p 

Step Width (m) 0.14 (0.05) 0.16 (0.05) 0.16 (0.05) 0.18 (0.04) * 

Step Height (m) 0.10 (0.09) 0.08 (0.08) 0.09 (0.08) 0.13 (0.09) * 

Relative Step 

Height 

0.07 (0.07) 0.06 (0.06) 0.07 (0.05) 0.10 (0.06) * 

Walk Ratio 

(m/steps/min) 

0.0010 

(0.0010) 

0.00051 

(0.00057) 

0.00048 

(0.00044) 

0.00061 

(0.00051) 

* 

Step Time (s) 0.53 (0.14) 0.37 (0.12) 0.32 (0.08) 0.29 (0.05) * 

Cycle Time (s) 1.84 (0.30) 1.05 (0.34) 0.97 (0.25) 0.78 (0.14) * 

Cycle Frequency 

(1/s) 

0.56 (0.09) 1.07 (0.37) 1.14 (0.35) 1.34 (0.25) * 

Step Speed (m/s) 0.17 (0.14) 0.24 (0.20) 0.28 (0.20) 0.44 (0.27) * 

Cadence 

(steps/min) 

99 (16) 193 (66) 203 (56) 243 (48) * 



Our results show that the following temporal features differ between child motion and 

adult motion: step time, cycle time, cycle frequency, and cadence. 

5.1 Spatial Features 

Distance-based features generally showed no significant effect of age group; hence, 

we conclude that they cannot be used to distinguish adult and child motion. However, 

these features show a significant effect of action type, which serves to validate our 

approach of using features from the analysis of gait, despite the differences in motion 

structure (i.e., in-place motions versus moving along a distance). 

Step Width. Recall that the width of a step is computed as the horizontal distance 

between both feet during a step. A two-way repeated measures ANOVA on step 

width with a between-subjects factor of age group (child, adult) and a within-subjects 

factor of action type (walk, walk fast, run, run fast) found no significant effect of age 

group (F1,18 = 0.18, n.s.). The lateral placement of the feet for adults is roughly the 

same as that for children. This similarity may be because both adults and children are 

spending less effort to control the horizontal distance between their feet since in-place 

actions involve vertical movements. However, we found a significant main effect of 

action (F3,57 = 5.27, p < 0.01). Post-hoc tests identified a difference between walk and 

run fast (p < 0.001). People have wider step widths when running fast than when 

walking (see Table 1), irrespective of age group. Bauby & Kuo [57] asserted that 

wider steps are an advantage in stability; thus, participants widen their steps when 

running fast compared to walking to improve coordination. No difference in step 

width was found between other pairs of actions.  

Step Height. The height of a step is computed as the vertical distance between when 

the foot is on the ground, and when the foot is at its maximum position (peak). We 

focused on the left foot step heights because we annotated the left foot joints. We 

computed the ground for each step as the minimum between the (start) and (end) posi-

tion. A two-way repeated measures ANOVA on step height with a between-subjects 

factor of age group (child, adult) and a within-subjects factor of action type (walk, 

walk fast, run, run fast) found no significant effect of age group (F1,18 = 0.002, n.s.). 

Our analysis found that the average step height for children and adults is about the 

same (see Table 1). This finding is surprising given the typical difference in height 

between children and adults. The range helps to illuminate what is really happening: 

children: min: 0.01m, max: 0.25m, med: 0.11m; adults: min: 0.008m, max: 0.41m, 

med: 0.06m. Thus, adults can raise their feet higher than children, but children tend to 

raise them proportionally higher on average. We also found a significant main effect 

of action (F3,57 = 5.03, p < 0.01). Post-hoc tests showed the following action pairs 

differed: run/run fast (p < 0.01), walk/run fast (p < 0.05), and walk fast/run fast (p < 

0.01). Participants have higher step heights when running fast compared to the other 

actions (see Table 1): this confirms their exertion level was higher when running fast. 



Relative Step Height. The relative step height is computed as the ratio of the step 

height to the height of the person performing the action. We estimated the height of 

each Kinder-Gator participant using the difference between the head and the foot 

along the vertical dimension (y-axis). A two-way repeated measures ANOVA on 

relative step height with a between-subjects factor of age group (child, adult) and a 

within-subjects factor of action type (walk, walk fast, run, run fast) found no signifi-

cant effect of age group (F1,18 = 1.51, n.s.). The large variance in the relative step 

height in children and adults may be the reason why we found no significant differ-

ence (Table 1). However, adults generally have a lower average relative step height 

compared to children. This finding follows, since their average step heights were the 

same, but adults are taller than children. We also found a significant effect of action 

(F3,57 = 4.91, p < 0.01). Post-hoc tests showed that the following action pairs differed: 

run/run fast (p < 0.01) and walk fast/run fast (p < 0.01). Like step height, children and 

adults have a higher relative step height when running fast compared to just running 

or walking fast (see Table 1). 

Walk Ratio. The walk ratio, a measure of balance and coordination, is computed as 

the ratio of the step height and the cadence (a temporal feature). A two-way repeated 

measures ANOVA on walk ratio with a between-subjects factor of age group (child, 

adult) and a within-subjects factor of action type (walk, walk fast, run, run fast) found 

no significant effect of age group (F1,18 = 0.07, n.s.). The similarity in average walk 

ratio between children and adults (Table 1) may be because walking pattern is influ-

enced by how high participants raise their foot during a motion, and there was no 

significant difference in the average step height between children and adults. The 

standard walk ratio for adults in the gait literature is 0.0065 m/steps/min [8, 40]. 

However, we found a lower walk ratio for adults (M = 0.00070 m/steps/min, SD = 

0.00078). The lower walk ratio is because the maximum step height that has been 

achieved while moving in place in our dataset is much less than the average step 

lengths noted in the literature (M = 0.68m) [40]. Children had an average walk ratio 

of 0.00062 m/steps/min (SD = 0.00061). We also found a significant effect of action 

(F3,57 = 7.64, p < 0.001). Post-hoc tests showed that the following action pairs dif-

fered: walk/walk fast (p < 0.001), walk/run fast (p < 0.01), and walk/run (p < 0.001). 

Participant’s walk ratios were higher when walking in place compared to any of the 

other actions (see Table 1). This result follows what we might expect: participants 

have more coordination and balance in the (slowest) walking action when performing 

the action in place. 

5.2 Temporal Features 

We discuss the computation of time-based gait features, and present our findings us-

ing the same statistical analysis we used for the spatial features. Time-based features 

(except step speed) show significant effects by both age group and action. Thus, these 

are promising features to use to differentiate between child and adult motion. 



  

  

Fig. 2. Effect of action type and age group on selected gait features. Error bars indicate 95% 

confidence interval. 

Step Time (Fig. 2a). The time for each step during an action is computed as the dif-

ference between the time stamp for the end frame (when the foot is back on the 

ground) and the timestamp for the start frame (when the foot first leaves the ground). 

A two-way repeated measures ANOVA on step time with a between-subjects factor 

of age group (child, adult) and a within-subjects factor of action type (walk, walk fast, 

run, run fast) found a significant main effect of age group (F1,18 = 12.15, p < 0.01). 

Children moved faster compared to adults (Table 1). During collection of the Kinder-

Gator dataset [10], we observed that, given the same prompts as adults (e.g., “run in 

place as fast as you can”), children were more energetic and enthusiastic when per-

forming the actions. We also found a significant effect of action (F3,54 = 55.86, p < 

0.0001). Post-hoc tests showed that the following action pairs differed: walk/walk fast 

(p < 0.001), walk fast/run fast (p < 0.001), walk fast/run (p < 0.01), walk/run fast (p < 

0.001), and walk/run (p < 0.001). As expected, people have a faster step time when 

running, and become slower when walking fast or walking (Table 1). We also found a 

significant interaction effect (F3,54 = 4.74, p < 0.01). Children have a faster step time 

than adults when performing all of the actions except running fast (see Fig. 2a). It is 

possible that the prompt “run as fast as you can” encouraged adults to “pick up the 

pace” and exert themselves more than they did in the previous actions. 



Cycle Time (Fig. 2b). The time for a cycle is computed as the time it takes to com-

plete two consecutive steps of the same foot. A two-way repeated measures ANOVA 

on cycle time with a between-subjects factor of age group (child, adult) and a within-

subjects factor of action type (walk, walk fast, run, run fast) found a significant main 

effect of age group (F1,18 = 7.61, p < 0.05). Like step time, the children completed 

cycles with a shorter time duration compared to adults (Table 1). We also found a 

significant effect of action (F3,57 = 102.13, p < 0.0001). Post-hoc tests showed that the 

following action pairs differed: walk/run (p < 0.001), walk/run fast (p < 0.001), 

walk/walk fast (p < 0.001), run/run fast (p < 0.05), and walk fast/run fast (p < 0.001). 

Intuitively, people exhibit the fastest cycle time when running fast, and cycle time is 

slowest for walking (Table 1). Compared to step time, participants completed individ-

ual steps faster when running than when walking fast, but the time to complete suc-

cessive steps (in this case, two steps of the same foot) is roughly the same in both 

actions. On the other hand, unlike step time, we found no significant interaction be-

tween age group and action. Fig. 2b shows a similar relationship in cycle time as Fig. 

2a shows in step time except for the walk action. One possible explanation is that 

people may walk with each foot at a slightly different frequency, depending on their 

exertion level. Previous research [58] has shown people exhibit a strength imbalance 

on their non-dominant side, which could also lead to higher variability in the motion. 

Cycle Frequency (Fig. 2c). The cycle frequency is computed as the inverse of the 

cycle time (1/cycle time). A two-way repeated measures ANOVA on cycle frequency 

with a between-subjects factor of age group (child, adult) and a within-subjects factor 

of action type (walk, walk fast, run, run fast) found a significant main effect of age 

group (F1,18 = 10.53, p < 0.01). Children have a higher cycle frequency compared to 

adults (Table 1). We also found a significant effect of action (F3,54 = 46.53, p < 

0.0001). Like cycle time, post-hoc tests showed that the following action pairs dif-

fered: walk/run (p < 0.001), walk/run fast (p < 0.001) walk/walk fast (p < 0.01), 

run/run fast (p < 0.01), and walk fast/run fast (p < 0.001). Unlike cycle time, we 

found a significant interaction effect (F3,54 = 3.55, p < 0.05) between age group and 

action. Children have a higher cycle frequency than adults when performing all ac-

tions, except walking in place (see Fig. 2c). Previous research has correlated lower 

cycle frequency to a lower physical energy cost [42], and young children are not as 

experienced at optimizing this cost as adults, especially for high energy motions. 

Step Speed. The speed of a step is computed as the ratio of step height to step time. A 

two-way repeated measures ANOVA on step speed with a between-subjects factor of 

age group (child, adult) and a within-subjects factor of action type (walk, walk fast, 

run, run fast) found no significant main effect of age group (F1,18 = 0.66, n.s.), unlike 

all the other temporal features. We believe age group is not significant here because 

step speed is highly dependent on step height, a distance-based feature (r = 0.90, p < 

0.0001). However, we did find a significant effect of action (F3,57 = 19.06, p < 

0.0001). Post-hoc tests showed that the following action pairs differed: run/run fast (p 

< 0.001), walk/run (p < 0.05), walk/run fast (p < 0.001), and walk fast/run fast (p < 



0.001). Step speed shows the same pattern by action type with respect to action inten-

sity as does step height due to changing levels of exertion. 

Cadence (Fig. 2d). The cadence is computed as the ratio of the total number of steps 

taken during an action to the total time duration of that action. A two-way repeated 

measures ANOVA on cadence with a between-subjects factor of age group (child, 

adult) and a within-subjects factor of action type (walk, walk fast, run, run fast) found 

a significant main effect of age group (F1,18 = 5.87, p < 0.05). The number of steps 

taken per minute for children is higher compared to adults (Table 1). This higher 

number is expected because we know from step time that children move faster and are 

more enthusiastic in their motions than adults. Thus, it follows that children will com-

plete more steps than adults in a similar time. Our analysis showed that adults in our 

dataset exhibited an average cadence of 96 ± 19 steps/min when walking in place, 

which is lower than the average walking cadence of 120 steps/min for adults observed 

in prior work [36]. This difference may be because adults did not walk long enough 

(<20 steps) during the collection of the Kinder-Gator dataset [10] compared to other 

gait studies, and may not have settled into a regular cadence. The finding could also 

be because the walking actions in the Kinder-Gator dataset [10] involved moving in 

place compared to moving forward along a distance. Similarly, children in our study 

had a lower cadence (M = 103 steps/min, SD = 13) than the average cadence of 138 

steps/min in Dusing and Thorpe’s study for children ages 5 to 10 [46]. However, Bar-

reira et al. [44] found that children spent more time in their open walking study walk-

ing at cadences of 100-119 steps/min compared to cadences of 120+ steps/min. We 

also found a significant effect of action (F3,54 = 55.75, p < 0.0001). Post-hoc tests 

showed that the following action pairs differed: walk/run (p < 0.001), walk/run fast (p 

< 0.001) walk/walk fast (p < 0.001), run/run fast (p < 0.01), and walk fast/run fast (p 

< 0.001). Cadence exhibits a similar pattern by action type as cycle frequency and 

cycle time; we discuss the relationship between these features in the next section. We 

also found a significant interaction effect (F3,54 = 2.99, p < 0.05). Children have a 

higher cadence than adults when performing all actions except walk (see Fig. 2d). 

Like cycle frequency, children display the same pattern of cadence by action type; 

they expend higher energy and exhibit lower coordination than adults. 

6 Discussion 

We analyzed the differences between child and adult motion based on spatial and 

temporal gait features from prior work in the analysis of gait [7–9, 36, 40–42, 52, 55]. 

Our results found significant differences in temporal features such as step time, cycle 

time, cycle frequency, and cadence. Children have a faster step time and cycle time 

and a higher cadence, but a lower cycle frequency compared to adults. Hence, these 

features are promising to use to differentiate between child and adult motion. We 

found no significant differences between child and adult motion for spatial features; 

thus, these features cannot be used to differentiate between the age groups. 



6.1 Feature Dependency 

We analyzed pairs of features for inter-dependency. Our results show a high correla-

tion between cadence and cycle frequency (r = 0.97, p < 0.001). Although most pa-

pers we found define cadence as we have (number of steps taken per minutes [36, 41, 

42, 52]), Cooper [41] acknowledged that cadence is highly related to step frequency 

(frequency for half a gait cycle). Our correlation analysis also showed that features 

that are an aggregation of two other features are more dependent on the feature in the 

numerator than the feature in the denominator. For example, walk ratio, which has 

step height in the numerator and cadence in the denominator, is more correlated with 

step height (r = 0.86, p < 0.001) than cadence (r = -0.43, p < 0.001). Similarly, step 

speed is more correlated with its numerator step height (r = 0.90, p < 0.01) than its 

denominator step time (r = -0.16, n.s.). As expected, we see a high negative correla-

tion between cycle time and cycle frequency since cycle frequency is the inverse of 

cycle time (r = -0.92, p < 0.001). Furthermore, we also found a strong positive corre-

lation between cadence and cycle time (r = 0.91, p < 0.001), and step time and cycle 

time (r = 0.89, p < 0.001). These results show that the correlations between features 

can be used to corroborate findings from different features. However, it is important 

to note that each individual feature is worth considering, because the information they 

provide about particular parts of a person’s gait is unique. 

6.2 Implications 

Our findings have implications regarding improving whole-body recognizers for chil-

dren and designing prompts for whole-body interaction experiences. 

Whole-body recognition for children. There are some proposed recognizers for 

whole-body interaction [32, 41, 59]. However, since most of these recognizers are not 

tailored for children, and our results show that children’s movements are quantifiably 

different than adults’ in ways that might affect tracking and recognition (e.g., speed 

and movement time), we hypothesize that children’s motions will be poorly recog-

nized. Thus, future work can examine tailoring whole-body recognizers to child mo-

tion qualities. For example, the coordination of a child’s movement depends on the 

action being performed. In our study, children exhibited higher coordination during 

the walking in place action versus the running fast action. Recognizers will need 

higher tolerance for variance in the motion to be able to recognize less coordinated 

motion from children. 

Whole-body interaction prompts. Our post-hoc analysis found no significant differ-

ence between walk fast and run in any feature except step time, and conversely, we 

found a significant difference between run and run fast in all features except step 

time. Furthermore, our results for cycle frequency and cadence show that children 

exhibited more energy than adults when walking and running. Taken together, we can 

assert that children demonstrate higher exertion than adults for the same action 



prompts. This finding suggests that designers of motion applications should tailor 

interaction prompts given to users based on the age group and desired level of exer-

tion. For example, for higher levels of exertion, designers need only prompt children 

to “run,” but must prompt adults to “run fast.” 

7 Limitations and Future Work 

We are limited by the small number of steps per action (<20 steps) in the Kinder-

Gator dataset [10], compared to 100 or more steps commonly seen in the analysis of 

gait (e.g., [9, 57]). This disparity may have led to increased variability in some of the 

features, resulting in lack of sensitivity for significant differences. However, there are 

precedents for this approach when studying children’s gait [46, 54, 60], likely due to 

their shorter attention spans [46]. Furthermore, we only focused on the left foot when 

computing the step features, and future work could consider both the left and right 

foot for the computation to investigate differences that may exist between the domi-

nant and non-dominant foot. The increase in variability in some of the features may 

also be because people are less familiar with the experience of moving in-place, since 

the typical form of walking involves moving forward along a distance. However, it is 

worth noting that in-place motions are common in motion applications (e.g., exertion 

games [6]). Though the features we analyzed are representative of the most common 

features in the analysis of gait, they are not exhaustive, and future work could identify 

additional features which may be more discriminating for distinguishing child and 

adult motion. Lastly, future work can also classify children and adults based on their 

motions by training a binary classifier using these gait features. 

8 Conclusion 

In this paper, we aimed to answer the question: what are the quantifiable differences 

between child and adult motion for different whole-body motions? The main contri-

butions of this paper are to (a) identify a set of nine features from the analysis of gait 

that can be used to (b) quantify the differences between child and adult motion. We 

analyzed data collected from 10 children (ages 5 to 9), and 10 adults performing four 

actions (walk in place, walk in place as fast as you can, run in place, run in place as 

fast as you) based on spatial and temporal gait features. We found that temporal fea-

tures such as step time, cycle time, cycle frequency, and cadence are significantly 

different in the motion of children compared to that of adults. Children complete more 

steps in a faster time compared to adults. However, we found no significant difference 

in step speed, possibly due to its high dependence on step height, a spatial feature. 

Similarly, we found no significant difference in age group for all spatial features. Our 

work has implications for improving whole-body recognition algorithms for child 

motion and the design of whole-body interaction experiences. 
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