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Abstract

In this paper, we present a home-monitoring oriented
human activity recognition benchmark database, based on
the combination of a color video camera and a depth sen-
sor. Our contributions are two-fold: 1) We have cre-
ated a publicly releasable human activity video database
(i.e., named asRGBD-HuDaAct), which contains synchro-
nized color-depth video streams, for the task of human
daily activity recognition. This database aims at encour-
aging more research efforts on human activity recognition
based on multi-modality sensor combination (e.g., color
plus depth). 2) Two multi-modality fusion schemes, which
naturally combine color and depth information, have been
developed from two state-of-the-art feature representation
methods for action recognition,i.e., spatio-temporal in-
terest points (STIPs) and motion history images (MHIs).
These depth-extended feature representation methods are
evaluated comprehensively and superior recognition per-
formances over their uni-modality (e.g., color only) coun-
terparts are demonstrated.

1. Introduction

Being able to recognize and analyze human daily ac-
tivities (e.g., go to bed, mop the floorand eat mealetc.)
in a low cost and intelligent way (e.g., vision-based) for
elderly people living-alone is essential for further provid-
ing them with appropriate health and medical services [1].
Video-based (color camera) Human activity (action) recog-
nition has been an active research topic in computer vi-
sion over the last decade. However, the inherent limita-
tion of the sensing device (i.e., color camera) restricts pre-
vious methods [5, 11, 3, 24] to be only capable of de-
scribing lateral motions. As human bodies and motions
are in essence three-dimensional, the information loss in
the depth channel could cause significant degradation of
the representation and discriminating capability for these
feature representations. Recent emergence of depth sen-

sor (e.g., Microsoft Kinect) has made it feasible and eco-
nomically sound to capture in real-time not only the color
images, but also depth maps with appropriate resolution
(e.g., 640 × 480 in pixel) and accuracy (e.g., ≤ 1cm). It
can provide three-dimensional structure information of the
scene as well as the three-dimensional motion information
of the subjects/objects in the scene. Therefore the motion
ambiguity of the color camera,i.e., projection of the three-
dimensional motion onto the two-dimensional image plane,
could be bypassed.

However, there exist very few works or benchmark
databases that utilize the color-depth sensor combination
for human activity recognition. To encourage more re-
search efforts, in this work, we collect a public releasable
video database (named asRGBD-HuDaAct) for human ac-
tivities, under the RGB-D setting,i.e., color plus depth.
Though the database is developed under the application sce-
nario of daily activity recognition, it could be used as a com-
mon test-bed for general activity recognition tasks.

To demonstrate the capability of the depth information,
in this work, two color-depth fusion schemes for feature
representation are developed from the most representative
feature representation methods in human action recogni-
tion. Specifically, we first extend the spatio-temporal in-
terest points methods (STIPs) into a depth-layered multi-
channel representation; then, we augment the motion his-
tory images (MHIs) with two depth change induced mo-
tion history channels. Extensive experimental results well
demonstrate the superior performances gained by fusing
color and depth information for human activity recognition.

2. Related Works

Many feature representation methods have been devel-
oped for recognizing activities (actions) from video se-
quences based on color cameras. Sequences of human
silhouettes are utilized to model both spatial and tempo-
ral characteristics of human actions. In [5], silhouettes
are temporally accumulated to form motion energy images



(MEIs) and motion history images (MHIs). Seven Hu mo-
ments [15] are extracted from both MEIs and MHIs to serve
as action descriptors. Davis and Yyagi [9] use Gaussian
mixture models (GMM) to capture the distribution of the
moments of silhouette sequences. Several other approaches
utilize motion flow patterns to represent human actions.
Typically, optical flows [12] are calculated for the entire
image by matching consecutive video frames. Then the mo-
tion patterns [11] or the estimated motion parameters [3] are
used for action representation. However, ambiguity arises
when the real-world three-dimensional motion is projected
onto the two-dimensional image plane.

Recently, a series of spatio-temporal interest points
(STIPs) based methods have been proposed, which achieve
the state-of-the-art performances in activity recognition.
These methods include Harris3D [19], HOG3D [16] and
Cuboid [10]. Although slightly different from each other,
these methods share the common feature extraction and rep-
resentation framework, which involves detecting local ex-
tremes of the image gradients and describing the point using
histogram of oriented gradients (HOG) [8] and histogram of
optic flows (HOF).

The first work using RGBD sensor for activity recogni-
tion is [21]. In [21], a bag of3D points (BOPs) are effi-
ciently sampled from the depth map and Gaussian mixture
models are used to model the human postures. This method
yields superior results over the conventional method which
uses2D silhouettes. However, it has several limitations: 1)
Instead of direct utilization of the three-dimensional mo-
tion information, it uses two-dimensional projections of
key poses, which could essentially lead to sub-optimal fea-
ture representations; 2) Only depth information is used for
recognition while color information is completely ignored;
however, color and depth information are rather comple-
mentary than exclusive. More recently, Sung et al. [27] di-
rectly use skeleton motion data extracted from Kinect SDK
for activity representation; however, this method cannot be
applied when skeleton data cannot be reliably obtained.

3. RGBD-HuDaAct: Color-Depth Human
Daily Activity Database

3.1. Related Video Databases

A summarization of the existing video activity bench-
mark databases is given in Table1. KTH and Weizmann
Databases:These databases aim at simple action recogni-
tion, including: walking, jogging, running, hand-waving,
etc. However, the simplicity of the action categories as
well as the clean backgrounds make the recognition tasks
easy. As the reported accuracies on both databases ap-
proach94.53% [17] and 100% [4, 13], respectively, they
are no longer considered as good benchmarks. Instead, the
RGBD-HuDaAct aims at realistic human daily activities,

which are challenging for recognition tasks.Movie Ac-
tion Database: This database is widely used for activity
recognition in movies. Given the large variations of the vi-
sual contents and the camera movements, this database is
challenging. Note that although some of its activity cate-
gories overlap with the RGBD-HuDaAct database, the two
databases focus on different applications,i.e., the former
deals with movie actions under uncontrolled environment
with moving cameras, while the latter is for daily activ-
ity monitoring under fixed environment and camera set-
tings. Sports Event Databases:The UCF sports event
database [25] and the UCF YouTube sports database [22]
consist of a set of actions collected for various sports events
which are typically obtained from websites including BBC
Motion gallery, GettyImages, and YouTube.com. These two
databases are very challenging due to large variations in
camera motion, object appearance and pose, object scale,
viewpoint, cluttered background, and illumination condi-
tion, etc. While these two databases consider only outdoor
sports, the daily activities in the RGBD-HuDaAct database
are all indoor. MSR Action3D Database: The only ex-
isting depth sensor based action database is collected by
Li et al. [21], which aims at recognizing actions (gestures)
in game interaction. However, this database only contains
depth maps without corresponding color images. In con-
trast, the RGBD-HuDaAct database contains synchronized
and registered color-depth videos.Indoor Kinect Activity
Database: Very recently, Sung et al. [27] use Kinect sen-
sor to construct and indoor (e.g., office, kitchen, bedroom,
bathroom, and living room) activity dataset for the task of
activity detection, which includes4 subjects and12 activity
categories. In addition to RGBD images, the database also
provides skeleton motion data. Most of their categories do
not overlap with ours.

Different with these databases, our motivation is driven
by the application of assisted living in heath-care. Moni-
toring the daily activities of senior citizens has recentlybe-
come a urgent demand due to the aging population prob-
lem. There only exists a very recent video database for se-
nior home monitoring [7], however, it does not utilize the
depth modality. In contrast, the RGBD-HuDaAct database
contains the synchronized color and depth videos, which is
more suitable for24 hours monitoring, since the depth sen-
sor also works without visible lighting.

3.2. Database Construction

We utilize the recent released Microsoft Kinect sensor to
construct the RGBD-HuDaAct video database, collected in
a lab environment.There are minor variations in the cam-
era position and orientation due to repeated mountings of
the camera. The horizontal and vertical distances from the
camera to the center of scene under capture are about2 and
2 meters, respectively and the average depth of the human



Database Modality Resolution Sample# Category Descriptions

KTH [26] RGB 160 × 120 2391 6 classes: walking, jogging, running, etc.
Weizmann [4] RGB 180 × 144 90 10 classes: run, walk, skip, jumping-jack, side, etc.
Hollywood2 [23] RGB 600× 450 (in

average)
3669 12 classes: answering the phone, driving car, eating, etc.

UCF Sports [25] RGB 720 × 480 184 10 classes: swinging, golf swinging, walking, etc.
UCF YouTube [22] RGB 320 × 240 3040 11 classes: basketball shooting, biking, diving, etc.
MSR Action3D [21] Depth 320 × 240 4020 20 classes: high arm wave, hand catch, forward punch,

etc.
Indoor Activity [27] RGB-Depth 640 × 480 NA 12 classes: cooking, writing, working on computer, etc.
RGBD-HuDaAct RGB-Depth 640 × 480 1189 12 classes (plus background activity): drink water, eat

meal, make a phone call, etc.

Table 1.Comparisons of the RGBD-HuDaAct database over other benchmark activity databases.

subject in the scene is about3 meters (i.e., which is the op-
timal operation range of the depth camera). This geometric
setting is appropriate for home or hospital ward monitor-
ing. The resolutions of both color image and depth map are
640×480 in pixel. The color image is of24-bit RGB values;
and each depth pixel is an16-bit integer. Both sequences
are synchronized and the frame rates are30 frames per sec-
ond (FPS). The color and depth frames are stereo-calibrated
using the standard stereo-calibration method with a chess-
board pattern object available in OpenCV (four corners of
the chessboard object are used as corresponding points for
depth calibration, as in [2]). We repeat the camera calibra-
tion procedure at the beginning of each video capture ses-
sion and the camera is fixed throughout the session.

3.3. Database Statistics

We are interested in12 categories of human daily activ-
ities, motivated by the definitions provided by health-care
professionals [18], including: make a phone call, mop the
floor, enter the room, exit the room, go to bed, get up, eat
meal, drink water, sit down, stand up, take off the jacket
and put on the jacket. We also have a category named as
background activitythat contains different types of random
activities. We invite30 student volunteers to perform these
daily activities, which are organized into14 video capture
sessions. The subjects are asked to perform each activity
2 − 4 times. Finally, we capture about5, 000, 000 frames
(approximately46 hours long) for a total of1189 labeled
video samples. Each video sample spans about30 − 150
seconds. Note that the size of our database is still growing
to include more activity classes and video samples.

Two example frames from each activity category are il-
lustrated in Figure1, in terms of both color (left) and depth
(right) frames. We can make two observations from Fig-
ure 1: 1) There exist distinctive depth layers for the mov-
ing human body parts in different activities, which implies
that incorporating the depth layer information could bring
additional discriminating capability for activity feature rep-
resentation; 2) There exist rich intra-class variations for
each activity category. For example, for the activitiesmake
a phone callanddrink water, the subject could be either
standing still or sitting on the chair and either hand could be

used for phone answering and water drinking. Note that al-
though the background of the current database is of limited
variations and only single subject is present (i.e., compared
with those movie action or YouTube databases), we must
emphasize that for the application of indoor home monitor-
ing, using a fixed camera and the current background envi-
ronment is very typical.

4. Color-Depth Fusion for Activity Recognition

In this section, we introduce two feature representa-
tion methods for fusing color and depth information for
activity recognition, which are straightforwardly devel-
oped from two state-of-the-art action representation meth-
ods, i.e., spatial-temporal interest points (STIPs) and mo-
tion history images (MHIs). On the one hand, we derive
a Depth-Layered Multi-Channel STIPs (DLMC-STIPs)
framework which divides the spatio-temporal interest points
into several depth-layered channels, and then STIPs within
different channels are pooled independently, resulting ina
multiple depth channel histogram representation. On the
other hand, we propose aThree-Dimensional Motion His-
tory Images (3D-MHIs) approach which equips the con-
ventional motion history images (MHIs) with two addi-
tional channels encoding the motion recency history in the
depth changing directions. In the experiments, these two
color-depth based feature representation methods are com-
prehensively evaluated over their color-only counterparts.
It is demonstrated that by modeling the three-dimensional
spatial structure of the detected spatio-temporal feature
points as well as the three-dimensional motion history of
the human subjects, the discriminating capabilities of the
features are boosted.

4.1. Depth-Layered Multi-Channel STIPs (DLMC-
STIPs)

Spatio-temporal interest points (STIPs) are widely used
for action recognition. The most representative versions
of STIPs employ the Harris3D detector, which is pro-
posed by Laptev and Lindeberg in [19]. Harris3D de-
tector is a space-time extension of the two-dimensional
Harris detector [14]. At each space-time video point,
a spatio-temporal second-moment matrix is computed as:



Make a phone call Mop the floor Enter the room Exit the room 

Go to bed Get up Drink water Eat meal 

Stand up Sit down Put on the jacket Take off the jacket 

Figure 1.Example color and depth frames from each activity category.Note for the depth map, brighter pixels mean larger depth values. Some black regions correspond to
depth measurement errors due to surface reflections,i.e., the PC screen.

µ(.;σ, τ) = g(.; sσ, sτ)∗(∆V (.;σ, τ))(∆V (.;σ, τ))T (i.e.,
V is the video volume), in terms of different spatial and
temporal scale valuessσ, sτ . Namely, space-time gradi-
ents∆V are computed and smoothed by a separate Gaus-
sian smoothing functiong(.; sσ, sτ). The detected locations
of space-time interest points are given by local extremes of
H = det(µ)−κtrace3(µ), in terms of both spatial and scale
space. To characterize local shapes and motions, histograms
of oriented gradients (HOG) and histograms of optic flows
(HOF) are calculated within the space-time neighborhoods
of the detected interest points, see [19]. The HOG and HOF
feature descriptors are first quantized into visual words and
then each video sequence is represented as a bag of such
visual words [28] (i.e., as a histogram vector over the visual
word vocabulary).

However, the human subject is in essence a three-
dimensional structure and the detected spatio-temporal fea-
ture points are associated with local motions taking place
at different three-dimensional locations; however, the pre-
vious pooling methods of STIPs can only utilize this spatial
information up to two-dimensional,i.e., feature poolings
are performed within eachx − y − t sub-volume, and the
spatial information along the depth direction is totally lost.
The availability of depth map enables us to recover this lost
information. The most straightforward way to utilize the
spatial information along the depth direction is to perform
the feature pooling by dividing the entire scene into differ-
ent depth layers, and form a multi-channel STIPs histogram.

This basic idea is similar with the space partition in [19],
where STIPs are spatially pooled within eachx−y− t sub-
volume,i.e., the entire three-dimensional space-time video
volume is divided into severalx − y − t sub-volumes. Our
proposed framework is named asDepth-Layered Multi-
Channel STIPs (DLMC-STIPs), which is formulated as
follows.

Each video sampleV could be represented as a set of
(N ) STIP feature descriptors (i.e., HOG and HOF), which is
denoted asV = {x1,x2, · · · ,xN}. Each STIP feature de-
scriptor is denoted asxi = (x, y, z, t, σ,xT

HOG,x
T
HOF )

T .
Here,x, y, z, t, σ represent the3D coordinate(x, y, z),
temporal index and the scale of the detected feature point,
respectively.xHOG andxHOF are the72D HOG and90D
HOF feature vectors, respectively. We first perform unsu-
pervised clustering on the set of HOG and HOF feature de-
scriptors to construct a visual word vocabulary (codebook).
We denote the visual codebook encoded vector (by near-
est visual word assignment according to the Euclidean dis-
tance) of the feature descriptorxi asvi, i.e., vi is a K-
dimensional (K is the codebook size) assignment vector
with one of the element as1 and the others as0s. Then
the histogram representationh for the video sampleV is
given by,

h =
1

N

N
∑

i=1

vi. (1)

This aggregation process is usually referred asfeature pool-



ing, i.e., aggregating the set of local features into a global
representation vector.

We can also incorporate the spatial information in
the feature pooling process. In [19], the entire three-
dimensional space-time volumes are divided into several
x−y−t sub-volumes and pooling is performed within each
sub-volume. Then the pooled histogram vectors from all the
sub-volumes are concatenated to form a multi-channel rep-
resentation. When the depth value of each detected STIP
point is available, we can also form depth-layered multi-
channel representations. Namely, we introduce a set of
(M ) depth layersLz

1 = [zl1, z
u
1 ], L

z
2 = [zl2, z

u
2 ], · · · , L

z
M =

[zlM , zuM ], with lower and upper boundaries denoted aszlm
and zum for the m − th depth layer. Then, we can form
multi-channel histogramsh1,h2, · · · ,hM , as:

hm =
1

N

∑

z(xi)∈Lz
m

vi, ∀m = 1, 2, · · · ,M. (2)

These multiple channel histograms could be concate-
nated into anM × K-dimensional feature vectorh =
(hT

1 ,h
T
2 , · · · ,h

T
M )T , as the input to the classification

framework,e.g., support vector machines. The distance
metric for calculating the kernel matrix could beχ2 dis-
tance. Moreover, we can also use the spatial pyramid
matching kernel (SPM) proposed in [20] to better explore
the spatial information given in the depth axis. An illus-
tration of the DLMC-STIPs generation process is given in
Figure2. Note that: 1) The DLMC-STIPs method is not
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Figure 2.A diagram of the generation process of DLMC-STIPs representation.

fully 4D representation, since the interest point detection
and local volume representation are both performed in the
x− y− t space. However, improvement has been observed
when the local features are not distinctive with this naive ex-
tension (see Section5). We believe this trial idea (together
with the database) will inspire the research community to
develop more sophisticated approaches which represent ac-
tivities in a fully 4D manner. 2) The DLMC-STIPs frame-
work does not explicitly model the motion along the depth

axis, and a 3D-MHIs approach which explicitly models the
three-dimensional motion is introduced in the next subsec-
tion.

4.2. Three-Dimensional Motion History Images
(3D-MHIs)

Another widely used feature representation method for
action classification is motion history images (MHIs) devel-
oped by Bobick and Davis [5], which is capable of encoding
the dynamics of a sequence of moving human silhouettes.
In an MHI, each pixel intensity is a function of the motion
recency at that location, where brighter value corresponds
to more recent motion. This single image contains the dis-
criminative information for determining how a person has
moved (spatially and temporally) during the action. De-
notingI(x,y, t) as an image sequence, each pixel intensity
value in an MHI is a functionHI of the temporal history of
motion at that point, namely:

HI
τ (x, y, t) =

{

τ, if |I(x, y, t)− I(x, y, t− 1)| > δIth
max(0, HI

τ (x, y, t− 1)− 1), else.
(3)

Here τ is the longest time window we want the system
to consider andδIth is the threshold value for generating
the mask for the region of motion. The result is a scalar-
valued image where brighter pixels indicate more recent
motion. Statistical descriptions of the motion history im-
ages are then computed based on seven Hu moment-based
features [15], which are known to yield reasonable shape
discrimination in a translation- and scale-invariant manner.

However, using only RGB camera, MHIs can only en-
code the history of motion induced by the lateral compo-
nent of the scene motion parallel to the image plane. With
the additional depth sensor, we can now develop an ex-
tended framework which is capable of encoding the motion
history along the depth changing directions. In particular,
we propose two depth change induced motion history im-
ages named as DMHIs. DMHIs contain forward-DMHIs
(fDMHIs) which encode the forward motion history (in-
crease of depth) and backward-DMHIs (bDMHIs) which
encode the backward motion history (decrease of depth).
To generate fDMHIs, the following process is adopted,

HfD
τ (x, y, t) =

{

τ, if(D(x, y, t)−D(x, y, t− 1)) > δDth

max(0, HfD
τ (x, y, t− 1)− 1), else.

(4)

Here,HfD
τ denotes the forward motion history image and

D(x, y, t) denotes the depth sequence.δDth is the thresh-
old value for generating the mask for the region of forward
motion. The backward-DMHI (i.e., HbD

τ ) is generated in
a similar way with the thresholding function replaced by
(D(x, y, t) −D(x, y, t − 1)) < −δDth. The conventional
MHIs are combined with fDMHIs and bDMHIs to repre-
sent three-dimensional motion history and we denote the



combined feature representation as3D-MHIs . To repre-
sent each action video, similar to MHIs, Hu moments are
calculated for all three channels (i.e., MHIs, fDMHIs and
bDMHIs) and are concatenated to form a representation
vector. An example 3D-MHI is illustrated in Figure3 in
the context of asit downsequence. From Figure3, we
can notice obvious motion patterns in fDMHI in contrast to
bDMHI, which indicates the subject is moving away from
the camera. This example implies that by using fDMHIs
and bDMHIs, we can distinguish different actions which
present similar motion patterns in thex − y directions but
with distinctive motion patterns in the depth changing di-
rections.

MHI fDMHI bDMHI 

Figure 3.Illustration of the MHI, fDMHI and bDMHI in asit downsequence.

5. Experimental Evaluations

5.1. Evaluation Schemes

In this work, we use59% (i.e., by random sampling a
fixed number of samples from each category) of the video
samples in the RGBD-HuDaAct database for experiment.
The subset we use in the experiments include18 subjects
with 9 capture sessions, yielding a total of702 video sam-
ples belonging to13 activity classes, including theback-
ground activityvideos which are added to the existing12
activity classes to test how algorithms can recognize the
specified activities from some random daily activities such
as walk around, stand still, pick-up some object etc.

To test the generalization capability of the methods for
novel inputs, we use the leave-one-subject-out (LOSO)
scheme for algorithmic evaluations. In each run, we choose
the samples from one subject as the testing samples, and the
remaining samples from the database serve as the training
samples. The overall recognition performance is calculated
by gathering the results from all training-testing runs.

The evaluation results are reported in terms of classifica-
tion accuracy as well as class confusion matrix. We regard
our human daily activity recognition problem as a multi-
class classification problem and each video sample has one
and only one activity label (i.e., out of13 classes). For the
LOSO scheme, the classification accuracy is given by the
ratio of the correctly classified testing samples over the to-
tal number of testing samples, by gathering the classifica-
tion results from all testing runs. In our experiments, the
class confusion matrixC is a 13 × 13 matrix where each
elementCij denotes how many testing samples of thei-th
class are classified into thej-th class. Larger values for the

Setting K = 128 K = 256 K = 512

STIPs (χ2) 68.95 76.78 79.77
DLMC-STIPs (χ2, M = 2) 72.43 77.10 79.91
DLMC-STIPs (χ2, M = 4) 74.22 77.91 79.23
DLMC-STIPs (χ2, M = 8) 76.64 79.49 79.49

DLMC-STIPs (SPM) 77.64 81.05 81.48

Table 2.Comparisons of the classification accuracies (%) for STIPs and DLMC-
STIPs under different experimental settings.

diagonal elements and smaller values for the off-diagonal
elements indicate better discriminating capability.

Prior to feature extraction, we down-sample the original
color and depth video sequences in both spatial and tem-
poral dimensions by a factor of2, yielding320 × 240 pix-
els and15 FPS video samples (i.e., this setting is similar
with [21]). We use support vector machines (SVM) [6]
(one-against-onescheme for multi-class classification) for
all classification tasks with different kernels. The penalty
parameterC of SVM is optimized by cross-validation. The
bandwidth parameters forχ2 and RBF kernels are set as the
average of the squared distances (χ2 and Euclidean, respec-
tively) of the training sample pairs.

5.2. DLMC-STIPs vs STIPs

We compare the classification performances between the
proposed DLMC-STIPs and the conventional STIPs. We
perform K-means clustering to the set of HOG + HOF de-
scriptors, which yields codebooks with sizeK. We vary the
value ofK as128, 256 and512 for more comprehensive
evaluations. For the conventional STIPs, aK-dimensional
histogram vector is calculated for representing each video
sequence. Note that in order to better reveal the discriminat-
ing capability gained by depth-layered multi-channel repre-
sentation, we fix the setting of other configurations as sim-
ple as possible,i.e., we do not partition the STIPs into dif-
ferentx − y − t sub-volume as in [19]. Obviously, space-
partition in terms ofx− y− t for both methods could bring
more discriminative information on an equal basis. For
DLMC-STIPs, we divide the depth axis intoM = 2, 4, 8
equally-spaced layers according to the depth value distri-
butions of the SITPs. As both DLMC-STIPs and STIPs
are histogram-based representations, we useχ2 distance for
calculating the kernel matrix. We also explore the spatial
pyramid matching kernel (SPM) [20] for DLMC-STIPs rep-
resentations withl = 3 depth spatial levels. Various classi-
fication accuracies under different parameter combinations
are given in Table2. We also illustrate the class confu-
sion matrices for both methods in Figure4, at the setting
of K = 256.

It can be observed from Table2 that by using depth-
layered multi-channel histogram representation, the classi-
fication accuracies can be improved consistently; also, by
using the spatial pyramid matching kernel (SPM), the clas-
sification performances can be further boosted.
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.00 .00 .00 .04 .00 .94 .00 .00 .02 .00 .00 .00 .00

.19 .00 .00 .02 .00 .00 .76 .00 .04 .00 .00 .00 .00

.02 .00 .00 .00 .00 .00 .00 .98 .00 .00 .00 .00 .00

.01 .00 .00 .11 .00 .03 .07 .01 .75 .00 .00 .00 .01

.00 .00 .21 .15 .00 .00 .00 .00 .06 .58 .00 .00 .00

.00 .00 .00 .00 .00 .00 .00 .00 .00 .00 .89 .11 .00
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Figure 4.Class confusion matrices for STIPs (left) and DLMC-STIPs (right, SPM
kernel) under the setting ofK = 256. For better view, we use two characters to
represent each activity category,i.e., PJ:put on the jacket, TJ: take off the jacket,
EN:enter the room, EX: exit the room, SD:sit down, SU:stand up, DW: drink water,
EM: eat meal, MF: mop the floor, MP: make a phone call, GB: go to bed, GU: get up
and BG:background activity.

Kernel MHIs fDMHIs+bDMHIs 3D-MHIs

Linear 34.19 68.66 70.51

RBF 37.18 66.81 69.66

Table 3.Comparisons of the classification accuracies (%) for MHIs and 3D-MHIs
under different experimental settings.

5.3. 3D-MHIs vs MHIs

We also compare the classification performances be-
tween the proposed 3D-MHIs and the conventional MHIs.
For both methods, theτ value is chosen by cross valida-
tions. We further normalize the 3D-MHIs and MHIs by
multiplying a scale factor1

τ
to achieve scale invariance.

Note that the original implementation of MHIs as in [5]
uses a multiple view configuration. In this work, however,
we use a single view instead. For SVM classification, we
explore both the linear kernel and the RBF kernel, and the
classification results are given in Table3. We again show
the class confusion matrices for both methods in Figure5,
for the case of linear SVM.

.09 .00 .06 .00 .15 .00 .09 .43 .02 .00 .09 .07 .00

.02 .69 .00 .02 .15 .00 .00 .00 .02 .00 .04 .07 .00

.09 .07 .09 .11 .28 .02 .04 .02 .13 .06 .04 .06 .00

.00 .28 .01 .35 .07 .08 .08 .01 .07 .04 .00 .00 .00

.06 .17 .02 .00 .15 .00 .17 .35 .00 .02 .07 .00 .00

.00 .07 .06 .13 .00 .35 .00 .00 .37 .00 .00 .00 .02

.06 .00 .04 .00 .04 .00 .37 .48 .00 .00 .00 .02 .00

.04 .02 .00 .00 .04 .00 .26 .63 .00 .00 .02 .00 .00

.01 .11 .07 .14 .08 .10 .07 .06 .29 .01 .03 .01 .01

.02 .02 .06 .11 .13 .00 .21 .23 .00 .19 .00 .04 .00

.04 .00 .00 .00 .04 .00 .00 .04 .00 .00 .84 .02 .00

.09 .04 .02 .00 .31 .02 .04 .04 .09 .00 .16 .18 .00

.03 .00 .14 .00 .08 .00 .05 .35 .08 .00 .00 .00 .27
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.57 .00 .02 .07 .00 .00 .13 .15 .04 .00 .00 .02 .00

.00 .91 .02 .00 .00 .00 .06 .00 .00 .00 .02 .00 .00

.07 .02 .80 .04 .00 .00 .06 .00 .00 .00 .02 .00 .00

.07 .03 .00 .53 .00 .06 .06 .00 .22 .03 .01 .00 .00

.06 .00 .00 .00 .69 .00 .06 .07 .06 .02 .00 .06 .00

.00 .00 .00 .00 .00 .93 .00 .00 .07 .00 .00 .00 .00

.11 .02 .06 .04 .02 .00 .63 .11 .02 .00 .00 .00 .00

.04 .00 .00 .00 .00 .00 .06 .87 .02 .00 .02 .00 .00

.07 .00 .00 .08 .01 .08 .00 .10 .57 .00 .03 .03 .03

.00 .00 .02 .04 .11 .00 .04 .02 .00 .75 .00 .02 .00

.00 .02 .00 .00 .00 .00 .04 .07 .00 .00 .87 .00 .00

.02 .00 .00 .00 .07 .00 .00 .02 .07 .00 .00 .82 .00
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Figure 5.Class confusion matrices for MHIs (left) and 3D-MHIs (right), at the
setting of linear SVM.

From Table3 and Figure5, it is noted obviously that by
adding the two depth changing induced motion history im-
ages, the discriminating capability of the feature representa-
tion is significantly boosted (by nearly30%). Furthermore,
from Figure5, we can see that the activityenter the room
is quite easy to confuse with the activitiesexit the roomand
mop the floordue to their similar lateral motion patterns;
however, by using 3D-MHIs, these ambiguities are signif-
icantly eliminated, since bothenter the roomandexit the
room include abundant and distinctive depth changing in-
formation.
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