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Multi-Level Depth and Image Fusion for Human
Activity Detection

Bingbing Ni, Yong Pei, Pierre Moulin, and Shuicheng Yan

Abstract —Recognizing complex human activities usually requires the detection and modeling of individual visual features and the
interactions between them. Current methods only rely on the visual features extracted from two-dimensional images, and therefore
often lead to unreliable salient visual feature detection and inaccurate modeling of the interaction context between individual features.
In this paper, we show that these problems can be addressed by combining data from a conventional camera and a depth sensor
(e.g., Microsoft Kinect). We propose a novel complex activity recognition and localization framework which effectively fuses information
from both grayscale and depth image channels at multiple levels of the video processing pipeline. In the individual visual feature
detection level, depth based filters are applied to the detected human/object rectangles to remove false detections. In the next level of
interaction modeling, three dimensional spatial and temporal contexts among human subjects or objects are extracted by integrating
information from both grayscale and depth images. Depth information is also utilized to distinguish different types of indoor scenes.
Finally, a latent structural model is developed to integrate the information from multiple levels of video processing for activity detection.
Extensive experiments on two activity recognition benchmarks (one with depth information) and a challenging grayscale + depth human
activity database which contains complex interactions between human-human, human-object and human-surroundings demonstrate
the effectiveness of the proposed multi-level grayscale + depth fusion scheme. Higher recognition and localization accuracies are
obtained relative to previous methods.

Index Terms —action recognition and localization, depth sensor, spatial and temporal context.

✦

1 INTRODUCTION
Video based human activity analysis has attracted significant
interest in recent years given its promising applications such as
smart video surveillance, video event retrieval and video based
human computer interaction (HCI). In a realistic setting, it is
required to not onlyrecognizebut alsolocalizecertain action
of interest in the video sequence spatially and temporally.
Action recognition and localization is a difficult task due to
the individual variations of people in terms of posture, motion,
clothing, view angle, camera motion, illumination changes,
occlusions, self-occlusions, and the complex and cluttered
background.

Various methods have been proposed for action recognition.
These methods include human key poses [1], [2], motion
templates [3], silhouettes [4], and space-time shapes [5].
Recently, spatiotemporal interest points (STIPs) [6], [7], [8]
and dense motion trajectories [9], [10] have become more
popular due to their good performance in action recognition.
Recognizing more complex human activities that involve hu-
man/human, human/object or human/surrounding interactions,
often requires a combination of individual human appearance,
relative motion, and contextual information (i.e., the encoding
of the pairwise relationships among individual human subjects
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or objects in the scene) [11], [12].
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Fig. 1. Motivation of the proposed multi-level depth and
image fusion framework for activity detection.

However, the performance of this individual visual fea-
ture + context model heavily relies on the quality of the
visual feature detection and the accuracy of the contextual
information encoding. On the one hand, using state-of-the-
art techniques in computer vision, very accurate detection
of salient image or motion features such as human key
poses, spatial-temporal interest points, motion trajectories etc.,
is not achievable, due to the complex background. Current
methods usually model the pairwise contextual information
between individual visual features (e.g., two human key pose
detections) based on their spatial and temporal displacement
and relative velocity, however, as these quantities are measured
in 2D using conventional video cameras, ambiguity could arise
and therefore the context encoding could be imprecise. For
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example, human subjects with large displacement in the depth
direction could be spatially very close in the 2D image due to
perspective projection.

The recent emergence of depth sensors (e.g., Microsoft
Kinect) has made it feasible and economically sound to
capture in realtime not only color images, but also depth maps
with good spatial resolution (e.g., 640 × 480) and accuracy.
The data provide information about the 3D structure of the
scene as well as the 3D motion of the subjects/objects in
the scene. Therefore ambiguity of the conventional camera,
i.e., projection of the 3D physical world onto the 2D image
plane, could be circumvented. A comprehensive review on
the applications of Kinect can be found in [13]. Intuitively,
utilization of depth images can alleviate the above-mentioned
problems (i.e., inaccurate individual visual feature detection
and context modeling) and eventually benefit activity detec-
tion. First, the depth image provides layered information about
the scene, therefore detection of the salient foreground visual
features,e.g., human key poses, could be more reliable, even
in the presence of severe background clutters. Second, as the
registered depth + image directly provides the 3D coordi-
nates of each scene point, accurate modeling of 3D spatial
and temporal relationship for representing various interaction
becomes feasible. In addition, the depth map contains very rich
3D structural information about the scene, therefore the scene
type can be represented more accurately by using depth map
than by using conventional image. Note that the global scene
contextual information is also an important cue for activity
recognition.

Motivated by these observations, we propose a novel frame-
work which effectively integrates depth information with the
conventional grayscale image at different levels of the pro-
cessing pipeline including: 1) individual feature extraction;
2) pairwise contextual information encoding; and 3) global
scene representation. We show that using depth informationin
these processing stages can boost the performance of complex
activity recognition and localization (i.e., activities contain
various human/human, human/object, or human/surrounding
interactions). More specifically, in the individual visualfea-
ture extraction step, the depth image is combined with the
grayscale image for more robust human detection. During
the pairwise context modeling step, 3D spatial and temporal
human/human, human/object, or human/surrounding relation-
ships are directly obtained based on the registered grayscale
and depth image. Also, depth information is utilized to extract
3D structure features for representing and classifying different
types of indoor scenes. Finally, we integrate these feature
representations from different levels using a latent structural
support vector machine (SVM) model to form a discriminative
activity detection framework. Extensive experiments on two
activity recognition benchmarks (one with depth information)
and a challenging grayscale + depth human activity dataset
demonstrate the effectiveness of the proposed multi-leveldepth
and image fusion scheme and the activity detection accuracy
improvement over the previous art. The motivation for this
work is illustrated in Figure 1.

The rest of this paper is organized as follows. First, we
discuss related work in Section 2. Section 3 presents the

proposed multi-level depth and image fusion framework for
activity recognition and localization. Extensive experimental
results on two activity recognition benchmarks (one with
depth information) and a challenging grayscale + depth human
activity dataset are given in Section 4. Section 5 concludesthe
paper with discussions on future work.

2 RELATED WORK
Li et al. [14] presented a method to recognize human actions
from sequences of depth maps. An action graph is employed
to model explicitly the dynamics of the actions and a bag
of 3D points to characterize a set of salient postures that
correspond to the nodes in the action graph. This technique
has been successfully applied in recognizing a set of actions
such as waving hands, jumping etc, for the purpose of human
computer interaction.

Ni et al. [15] developed two color-depth fusion schemes
for feature representation from the most representative feature
representation methods in human action recognition. They
first extended the spatio-temporal interest points methods
(STIPs) into a depth-layered multichannel representation; then
they augmented the motion history images (MHIs) with two
depth-change-induced motion history channels. Superior per-
formance is obtained by fusing color and depth information for
human daily activity recognition. Liu and Shao [16] presented
a learning method for selecting discriminative spatio-temporal
features from RGBD sensor for video analysis.

It is generally agreed that knowing the 3D joint position is
helpful for action recognition. Based on the depth data and
the estimated 3D joint positions, Yuanet al. [17] proposed
a new translational invariant local occupancy pattern feature,
associated with each 3D joint as the depth appearance of this
3D joint. They defined a particular conjunction of the features
for a subset of the joints, indicating a structure of the features
asactionlet. A data mining solution to discover discriminative
actionlets was also proposed. Then an action is represented
as a linear combination of actionlet ensemble. Extensive
experimental results show that the proposed method is able to
achieve significantly better recognition accuracy than thestate-
of-the-art methods. Sunget al. [18] detected and recognized
human activities for the purpose of making personal assistant
robots useful in performing assistive tasks. They used a RGBD
sensor (Microsoft Kinect) as the input sensor, and presented a
hierarchical maximum entropy Markov model (MEMM) based
learning algorithms to infer the activities. The features they
used include the 3D joint orientation matrix, hand positionand
the motion information of the joints, obtained from the depth
images. To achieve view-point invariance, the measurements
are with respect to the center of torso.

Note that our work is not a competitor to these previous
works. Rather, our proposed framework can be regarded as
complementary to them. While the previous methods mainly
work on how to extract low level visual features and represen-
tation e.g., the movement of the 3D joints [17] or 3D human
pose and shape [14] using the depth image, our work focuses
on effective integration of the depth information into multiple
stages of the activity recognition processing pipeline. These
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stages include individual visual feature extraction, pairwise
contextual encoding, and global scene representation. Our
purpose is to improve the accuracy and robustness of these
intermediary processing steps and to eventually boost the final
activity detection performance. Also, we believe combining
our proposed framework with previously developed depth
based 3D motion or shape features can further boost activity
detection performance.

3 METHODOLOGY
3.1 Motivation

Our approach is motivated by the observation that depth
information can be well utilized to enhance the quality of rep-
resentations in three stages of the action recognition pipeline,
including: 1) human centric action features (i.e., key poses);
2) human to human (object) interaction contextual features;
and 3) global scene contextual features. These stages of
feature representations have been widely used in the action
recognition literature, however, previous works only utilize
2D images/videos to obtain these features and often result
in imperfect representations since real actions occur in 3D.
Therefore, our contribution is to enhance the feature extraction
and representation in all three stages by using depth images.
In particular, depth information is utilized to:

1) improve the accuracy of human key pose detection since
the depth image provides good foreground/background
segmentation cues;

2) measure human to human (object) interaction contexts
including relative distance, velocity, and temporal order-
ing directly in 3D, as this can remove the measurement
ambiguity by using 2D images only;

3) directly measure the 3D scene structure, as it helps to
improve the action recognition accuracy for these scene-
dependent actions.

3.2 Overview of the Multi-Level Depth and Image
Fusion Scheme

Our basic idea is to integrate the depth information into multi-
level processing pipeline for detecting human activities that
involve human/human, human/object or human/surrounding
interactions. Figure 2 illustrates our proposed processing
pipeline for activity recognition and localization. Depthinfor-
mation at various processing stages is utilized and integrated in
the following way. In the visual feature extraction step, wede-
tect human key pose and object of interest in every input frame
of the grayscale image sequence and the corresponding depth
maps provide further constraints to filter out false detections.
These human key pose and object detections are afterwards
spatially and temporally matched throughout frames intotrack-
lets by applying the motion constraints in both grayscale and
depth channel. As a byproduct, invalid detections without
sufficient temporal durations are further filtered out at this
stage. In the next stage, we model the 3D spatiotemporal
interaction/contextual attributes using combined grayscale and
depth information. In the third stage, depth information is
utilized for classifying the indoor scenes into different scene

categories. Finally, the obtained spatial-temporal interaction
attributes, key pose attributes of the tracklets and the scene
classification results are integrated by a latent structural SVM
for discriminatively recognizing and localizing activities.
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Fig. 2. Overview of the proposed action detection frame-
work.

3.3 Depth Constrained Human/Object Detection and
Tracking

The first step in action recognition is to extract meaningful
and representative visual features to measure the motion,
shape, pose etc. of the human subject(s) performing a certain
activity. Although there exist various complex representations
of human actions, human can easily recognize what a person
is doing even by looking at a single frame without examining
the whole sequence. Therefore, in this study, we use human
key pose as a primitive representation for human actions. The
advantages of this representation are as follows: 1) key pose
based representation is more compact and therefore it reduces
the computational complexity; and 2) it is robust to variations
in execution styles of the same action.

Human key poses are represented by a histogram of oriented
gradient (HOG) features [19] extracted from grayscale image.
In this work, we use8× 8 blocks for calculating the gradient
histogram, as in [20]. Neighborhood blocks are considered
when pooling the gradients for the current block. Different
actions are associated with different key poses. To obtain
representative key poses, we cluster the given ground truth
annotations of human subjects into different groups via theK-
means algorithm, and each cluster is used to represent a key
pose prototype. Note that the same key pose can be shared
among multiple actions. For key pose detection, we train a
linear SVM detector based on HOG features [19] (HOG-SVM)
using the training samples associated with each cluster (group,
or key pose prototype). Similarly, we also detect objects of
interest using the above method. Each detection instancex is
assigned to a key pose typek, k = 1, 2, · · · ,K, i.e., K key
poses, via nearest cluster center assignment.

Using the grayscale image alone for human key pose or
object detection often results in high false alarm rate, dueto
the background clutter and individual variations. Depth based
constraints can be used to effectively remove false detections.
In this work, we utilize two heuristic depth based constraints.

1) The first constraint is that the area-to-median-depth ratio
for a human subject should be within a certain range.
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For human subject detectionx, denote byArea(x) and
dm(x) the area and median depth, respectively. Then the
constraint is given by

rl ≤ r(x) =
Area(x)

dm(x)
≤ ru, (1)

wherer(x) denotes the area to median depth ratio andrl
andru denotes the lower and upper bounds, respectively.

2) The second constraint is that the median human body
depth value should be smaller (i.e., closer to the camera
center) than the depth values surrounding the human
body in the horizontal direction. To enforce this con-
straint, we denotedm(lbx) anddm(rbx) as the median
depth value of the image stripe located on the left
and right side of the human detection bounding box,
respectively. The constraint can be expressed as

dm(lbx) > dm(x), dm(x) < dm(rbx). (2)

These two constraints are illustrated in Figure 3. All the
parameters can be estimated from the training data. In the
experiment, we note that many false detections can be filtered
out using these two depth based constraints.

h

w

Area = h * w

dm(x) dm(x) 

dm(rbx) dm(lbx) 

Fig. 3. Depth induced constraints for human detection.
The left and right diagrams illustrate (1) and (2), respec-
tively.

Once the candidate per frame subject/object detections are
obtained, we temporally track them into human or object
sequences namedtracklets. The tracklet extraction process is
based on pairwise detection matching over consecutive frames.
The tracking process is as follows. First, once we detect a new
human key pose or object at some frame, we start from this
detection (suppose the start frame number isi) and search
its matched instance from all the detections obtained in the
next framei + 1, i.e., we establish all the key pose or object
detection matches between framesi and i+ 1. The matching
score between a detectionx in frame i and a detectiony
in frame i + 1 is denoted asdist(x,y). Two detections are
considered as matched if theirdist(x,y) is smaller than some
threshold valuetdist. Also, we impose that for any detection in
framei, there can be maximally one candidate match in frame
i+ 1. This matching process is continued over frames until a
stopping criterion is satisfied. The stopping criterion is defined
as: no match is found in the subsequent three frames. The
motivation for this stopping criterion is that due to occlusion
or inaccuracy of HOG detector, there exist random missed
detections at some frame. Therefore checking three subsequent
frames for a valid match instead of a single frame improves

tracking robustness. Each matched detection sequence then
forms a motion trajectory of the key poses or objects, which
is a tracklet. Missed detections within a tracklet are linearly
interpolated. Second, to remove possible noisy tracklets,we
restrict the lengthL of any valid tracklet to be betweenLmin

andLmax. In this work, we setLmin = 5 andLmax = 200,
which correspond to0.2 to 8 seconds in duration.

To match two detectionsx and y in consecutive frames,
we calculate the matching score which is the weighted com-
bination of the 3D spatial displacement between consecutive
frames, the difference of detection bounding boxes and the
appearance similarity as,

dist(x,y) = α‖p(x)− p(y)‖2

+ β
‖Area(x)−Area(y)‖2
‖Area(x) + Area(y)‖2

+ γ‖ghist(x) − ghist(y)‖2, (3)

wherep(x) denotes the 3D coordinate of the center of the
detectionx, i.e., p(x) = (x, y, z)T , and ghist(x) denotes
the normalized grayscale histogram of the detectionx. The
first term measures the distance proximity; the second term
measures the normalized size difference of the detections;
and the last term measures the appearance similarity. The
weighting parametersα, β, γ and the distance threshold value
tdist are set by grid search and two-fold cross validation based
on the training data. In our experiment, we setα = 0.4, β = 10
andγ = 20, respectively.

As mentioned previously, key pose is a good indicator
for action category, therefore, for each type of key posek,
we calculate its probability of representing action classj as
m(k, j). This value could be estimated empirically from the
training dataset as:

m(k, j) =
|{x : x ∈ Pose(k)

⋂
x ∈ Action(j)}|

|{x : x ∈ Pose(k)}|
. (4)

Here x ∈ Pose(k) means the detectionx belongs to key
pose typek; x ∈ Action(j) means the detectionx is
contained in some instance of action classj. |{}| denotes
the number of elements in the set. Estimation is performed
over all the training instances of key pose detections and
the ground truth action bounding boxes. Therefore, each key
pose prototypek can be represented as aC-dimensional
vector (i.e., the number of action classes isC) as m(k) =
[m(k, 1),m(k, 2), · · · ,m(k, C)]T , k = 1, 2, · · · ,K, which
indicates its action class association probability. For a tracklet
T , we then calculate its class probabilityfu by averaging the
detections over the whole tracklet as:

fu(T ) =
1

|{x ∈ T }|

∑

x

m(k(x)). (5)

Here |{x : x ∈ T }| denotes the number of elements in the
trackletT , andk(x) denotes the type of key pose for detection
x. We refer fu(T ) as the single tracklet based attribute for
trackletT in our integrated formulation for activity detection
that will be introduced in Subsection 3.6.
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3.4 3D Spatial-Temporal Contextual Encoding

It is widely recognized that modeling spatial and tem-
poral contextual information is important for representing
human/human, human/object or human/surrounding interac-
tions [11]. Current methods mostly utilize conventional 2D
images therefore the contextual information such as relative
distance, relative speed etc. can only be measured in 2D, and
therefore inaccurate measurement and ambiguity exists due
to perspective projection. When a depth image is available,
spatiotemporal contextual information for interaction can be
measured directly in 3D. We now develop a set of 3D spa-
tiotemporal contextual attributes between tracklets of human
key poses or objects, by explicitly utilizing the combined
information from grayscale and depth images. The advan-
tage of modeling 3D spatiotemporal contextual interaction
attributes between two tracklets is obvious. For example,
the actiondiscussion between two peoplerequires that two
human subjects stand nearby within a relatively fixed distance
over a sequence of frames, and their relative speed is ap-
proximately zero. However, the actual distance between two
human subjects inferred from a conventional image could be
ambiguous as their displacement in the depth direction is not
considered. Using the depth image solves this problem easily.
More specifically, we define the following 3D spatiotemporal
interaction attributes between two trackletsT1 andT2:

1) Relative 3D distance: The relative distance between two
tracklets is defined as the mean value of the 3D displace-
ment between two temporally overlapping tracklets over
their common frames as:

fd(T1, T2) =
1

|tce(T1, T2)− tcs(T1, T2) + 1|
×

tce(T1,T2)∑

i=tcs(T1,T2)

(p(xT1

i )− p(xT2

i )). (6)

Here tcs(T1, T2) (i.e., stand fortime for common start)
and tce(T1, T2) (i.e., stand for time for common end)
mean the start and end frame number of the temporally
overlapping portion of trackletsT1 andT2. If we denote
ts(T ) and te(T ) as the start and end frame numbers
of tracklet T , then tcs(T1, T2) and tce(T1, T2) can be
computed astcs(T1, T2) = max(ts(T1), ts(T2)) and
tce(T1, T2) = min(te(T1), te(T2)) respectively.xT1

i de-
notes the human subject/object detection ini-th frame
(with respect to the starting frame:tcs(T1, T2)). Relative
distance is useful for identifying some types of interac-
tions such asdiscussion between two people, when the
3D displacement between two human subjects has high
discriminative capability. We note thatfd is a 3D real
vector.

2) Relative 3D velocity: Similarly to previous works [21],
[22], we define the mean relative velocity between two
overlapping tracklets over their common frames as the

following 3D vector:

fv(T1, T2) =
1

|tce(T1, T2)− tcs(T1, T2) + 1|
×

tce(T1,T2)∑

i=tcs(T1,T2)

(v(xT1

i )− v(xT2

i )). (7)

Here v(xi) denotes the 3D velocity of the detection
x in consecutive framesi and i + 1, i.e., v(xi) =
p(xi+1)− p(xi). Relative 3D speed is useful for some
types of interactions such asA person unlocks an office
and then enters it, which typically involves a phase of
fixed relative speed between human and door (approach
the door), a phase of zero relative speed (i.e., unlock
the door) and another phase of fixed relative speed (i.e.,
enter).

3) Relative temporal ordering: Temporal ordering rela-
tionship between two tracklets are also very important
for distinguishing actions which involves certain tempo-
ral ordering pattern. For example, the actionA person
tries to enter an office unsuccessfullycontains three
sequential events: approach the door, try to unlock the
door, and leave the door. We define three types of tempo-
ral ordering relationship between two tracklets, namely,
overlap, precedeor succeed. T1 andT2 is considered as
overlapwhen the portion of their overlapping frames is
significant as (we assume there are overlapping frames,
otherwise the value is zero):

min(te(T1), te(T2))−max(ts(T1), ts(T2)) + 1

max(te(T1), te(T2))−min(ts(T1), ts(T2)) + 1
> tol.

(8)
T1 is considered as precedingT2 whente(T1)−ts(T2) <
tp and vice versa.tol and tp are the corresponding
threshold values, which are estimated from the training
data using grid search and two-fold cross validation.
We refer tofo(T1, T2) as the temporal ordering attribute
between trackletsT2 andT2. This is a 3D binary vector.

3.5 Depth Based Scene Classification

Knowing the type of the scene can also benefit action recog-
nition. For example, the actionA person types on a keyboard
usually does not occur in an outside-office scene (e.g., cor-
ridor). Similarly, the actionA person unlocks an office and
then enters italways occurs in a scene that contains a door.
We note that when a depth image is available, we can use
the 3D geometric attributes for modeling the scene type. In
particular, we can use 3D plane orientations. To model the
geometric scene structure, we first transform the depth image
into a normal map. The normal map is composed of values
of each cell plane’s (patch) 3D normal, which is a normalized
vector that indicates the orientation of a plane. 3D normalscan
be directly computed by fitting a plane to 3D points sampled
from a local image patch which are assumed to be planar. For
each pixel in the depth map, we use its7 × 7 neighborhood
pixels’ 3D coordinates to fit a plane, and compute the plane’s
normal. After calculating the normals, we project the 3D plane
directions onto the 2D image plane. Finally, we represent the
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scene by 1) the histogram of four major orientations (up, down,
left, right) and 2) 2D coordinates of the center of gravity ofthe
four projected directions. These two types of feature vectors
are concatenated to represent the scene, and linear SVMs [23]
are trained to classify the scene. In this work, we define5
types of indoor scenes corresponding to typical scenarios of
office environment. More scene types could be added for any
new given tasks. An example of plane orientation map is given
in Figure 4. We refer tofs as the scene type attribute, which
is represented as a5-dimensional binary vector.

Fig. 4. Example scene type (depth image) and its cor-
responding projected normal map. Red, green, blue, and
cyan represent up, down, left, and right, respectively.

3.6 Latent SVM Model for Activity Detection

We are now able to describe how we model an activity (i.e.,
which contains interactions) in a video sequence, similarly to
the previous part-based model [24] for action recognition.For
a video segment containing an activity instancet, we denote
by T t be set ofnt extracted tracklets and scene type attribute
feature,i.e., T t = (T t

1 , T
t
2 , · · · , T

t
n, fs). We denote bya the

corresponding class label of this activity instance. We treat the
activity detection problem as one-against-all, thereforea = 1
denotes the activity of interest, anda = −1 means other
activities. Our task is to learn a mapping fromT to a. For
each activity instance, as in the part based action recognition
model [24], we assume there exists a vector of hidden partvari-
ablesh = {h1, h2, · · · , hm}, where eachhi takes values from
a finite setH of possible parts (corresponding to the set of
tracklets detected in the video segment). The number of hidden
parts m varies for different activity classes. Eachhi then
assigns a part label to the trackletTj, wherej = 1, 2, ..., nt.
For example, for the activitydiscussion between two people,
these parts may correspond to the tracklets of the left and right
people (i.e., m=2). Then the single tracklet based attributes,
pairwise tracklet contextual attributes and the global scene
type attributes can be all modeled in a discriminative latent
structural model, as in [24].

We denote byHm the set of all possible labeling ofm
hidden parts. It follows that:

φ(T ,h|θ) =
∑

i

wT
u,iφu(T (hi), hi)

+
∑

(i,j)

wT
b,i,jφb(T (hi), T (hj), hi, hj)

+ wT
s fs

+ b. (9)

φu(T (hi), hi) is the feature vector depending on the hidden
variablehi as:

φu(T (hi), hi) = fu(T (hi)), (10)

where T (hi) means the tracklet assigned byhi.
φb(T (hi), T (hj), hi, hj) is the feature vector depending
on the pairwise contextual attributes of(hi, hj), as:

φb(T (hi), T (hj), hi, hj) = [fd(T (hi), T (hj))
T ,

fv(T (hi), T (hj))
T ,

fo(T (hi), T (hj))
T ]T . (11)

As mentioned before,fs is a feature vector that depends on the
global scene attributes.θ denotes the set of parameterswu,is,
wb,i,js, ws, and the biasb.

The goal is to learn the model parameters and construct
the classifiers. Analogously to classical SVMs, we train from
labeled examplesD which are partitioned into a positive
sample setP and a negative sample setN by solving the
following optimization problem:

min
θ,ξ

1

2
‖θ‖22 + C

N∑

t=1

ξt,

s.t. max
h

θTφ(T t,h) ≥ 1− ξt, ∀t ∈ P ,

(−1)θTφ(T t,h) ≥ 1− ξt, ∀h, ∀t ∈ N ,

ξt ≥ 0, ∀t, (12)

whereN denotes the number of training samples, andξ =
(ξ1, ξ2, · · · , ξN )T denote the set of slack variables.C de-
notes the weighting factor for the constraints, which is set
empirically based on the training data. We adopt the efficient
approximation and optimization method proposed in [24] to
solve this typical latent structural SVM problem. We see
that h = (h1, h2, · · · , hm) forms a tree-structured graphical
model. Therefore in testing, to search for the optimal valueof
h for each activity instance, we adopt the Viterbi dynamic
programming algorithm for trees. The activity is localized
by the smallest video volume that contains the tracklets
T (h1), T (h2), · · · , T (hm).

4 EXPERIMENTS
4.1 Activity Recognition on Cornell Activity Dataset

Our first experiment is performed on the Cornell RGB-D
human activity dataset [18]. The video dataset is captured
using the Kinect sensor, which produces640 × 480 color-
depth image sequences with human 3D motion sequences,
namely, each activity sample can be represented as a sequence
of 3D joint positions (or angles). The dataset consists of
five scenarios: office, kitchen, bedroom, bathroom, and living
room. Three to four common activities were identified for each
location, giving a total of twelve unique activities collected
from 4 subjects (with an additionalneutral activitycategory).
We use the leave-one-subject-out scheme, hence subjects in
the testing samples do not occur in the training samples. We
compare the precision and recall values for various algorithms
including (the results for the comparing algorithms are cited
from [25]):
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1) the hierarchical MEMM method proposed by Sunget
al. [18];

2) the method based on object affordances proposed by
Koppulaet al. [26];

3) the eigenjoints method proposed by Yang and Tian [27];
4) our method. Note that this dataset do not contain

human interactions and therefore our terms based on
3D spatiotemporal contextual representations are not
applicable. Also we do not apply the scene classification
term and only the term for single tracklet based attribute
(i.e., first term in Eqn. 9) in our method is used. For our
method, we report both results by using color image
only and using color + depth images. The number of
key pose types isK = 25.

The precision and recall values of the detection results from
all comparing methods are summarized in Table 1. Note that
all compared methods except ours use the estimated 3D joints
information output by Kinect. This is a very strong feature for
action representation however it cannot be reliably obtained
in an uncontrolled and realistic environment, which limits
the applicability of these methods. In contrast, our method
achieves comparable results without using 3D joints data. We
also note that using depth images improves action detection
performance.

4.2 Activity Recognition on Collective Activity
Dataset

To evaluate our method’s capability in contextual information
modeling, we test our algorithm on the collective activity
dataset [28]. The dataset contains over40 short video clips
of crossing, waiting, queueing, walking and talking action
categories. The videos are640 × 480 pixels in size and
were recorded using a consumer hand held camera. Every
tenth frame of all video sequence was manually labeled with
pose, activity and bounding box information. Following [28],
a leave-one-out scheme was used to assess performance.
We compare classification accuracies achieved by the video
codewords method proposed in [29] and the spatiotemporal
relationship method proposed in [28]. Since the evaluation
settings are same for all methods, we directly cite the cor-
responding accuracy values reported in [28]. Note that this
dataset does not contain depth images, therefore, all the
contextual terms in our method are measured in 2D. Also,
we do not apply the third term of Eqn. 9 corresponding to
scene contextual attribute. For this dataset, we use eight key
pose types (K = 8) corresponding to: right, front-right, front,
front-left, left, back-left, back and back-right human poses.
Table 2 compares average detection accuracies and we see
that our method outperforms the others. This demonstrates our
algorithm’s capability in encoding contextual information.

4.3 Activity Recognition and Localization on ICPR
2012 HARL Contest Dataset

We use the HARL 2012 competition dataset [30] for an action
recognition and localization experiment. The HARL 2012
competition focused on complex human behavior involving
several people in the video at the same time, on actions

TABLE 2
Average detection accuracy comparison on collective

activity dataset.

Method Niebleset al. [29] Choi et al. [28] Ours
Average Accuracy 31.8% 65.9% 67.4%

involving several interacting people, and on human-object
interactions. The goal was not only to classify activities,but
also to detect and localize them. The dataset was shot with
two different cameras: a moving camera mounted on a mobile
robot delivering grayscale videos in VGA resolution, and
depth images from a consumer depth camera (Kinect). The
resolutions of both grayscale and depth image are640× 480
pixels. The dataset contains grayscale/depth videos (D1) show-
ing people performing various activities taken from daily life
(discussing, making telephone calls, giving an item etc.) The
dataset is fully annotated, and the annotation not only contains
information about the action class but also about its spatial and
temporal positions in the video (bounding boxes). The dataset
consists of10 classes. Each class can be a normal activity,
a human-human interaction, a human-object interaction, ora
combination of the latter two types. These actions include:DI:
Discussion of two or several people, GI: A person gives an
item to a second person, BO: An item is picked up or put down,
EN: A person enters or leaves an office, ET: A person tries to
enter an office unsuccessfully, LO: A person unlocks an office
and then enters it, UB: A person leaves baggage unattended,
HS: Handshaking of two people, andKB: A person types on
a keyboard, TE: A person talks on a telephone. In total, the
training set has305 action samples and the testing set has156
samples. On this dataset, we cluster the training human/object
samples into28 types of key poses.

We use the action detection performance evaluation metric
defined in [30]. The goal is to measure a match between the
annotated ground-truth and a result,i.e., between: 1) a listG of
ground truth actionsGv,a, whereGv,a corresponds to thea-th
action in thev-th video and where each action consists of a set
of bounding boxesGv,a

b marked with the same class; and 2) a
list D of detected actionsDv,a, whereDv,a corresponds to the
a-th action in thev-th video and where each action consists
of a set of bounding boxesDv,a

b marked with the same class.
The measure first finds the best match for an action in a list
of potential candidate matches. It maximizes the normalized
overlap between the two actions over all frames:

Rec(G,D) =

∑
v

∑
a IM(Gv,a,BM(Gv,a,Dv))∑

v |G
v|

,(13)

Prec(G,D) =

∑
v

∑
a IM(BM(Dv,a,Gv),Dv,a)∑

v |D
v|

.(14)

Here theBest Match(BM) is defined by:

BM(Xv,a,Yv) =

argmaxa′=1···|Yv|

2×Area(Xu,a
⋂
Yu,a′)

Area(Xu,a) + Area(Yu,a′)
. (15)

The Is Matched (IM) criterion is defined as follows. We
abbreviate the ground truth action byg = Gv,a and the
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TABLE 1
Precision and recall values (%) on Cornell RGB-D human activity dataset.

Method Sunget al. [18] Koppulaet al. [26] Yang and Tian [27] Ours (wo./w. depth)
Precision 67.9 80.8 71.9 72.3/75.9

Recall 55.5 71.4 66.6 67.1/69.5

detected action byd = Dv,a′

. We denote byg|d the set
of bounding boxes of the ground truth actiong restricted to
uniquely the frames that are also part of detected actiond. In
a similar way, we denote byd|g the set of bounding boxes
of the detection actiond restricted to uniquely the frames that
are also part of ground truth actiong. Then,IM(g, d) = 1
when the following conditions are all satisfied (otherwise
IM(g, d) = 0, i.e., IM(., .) can only takes the values one or
zero):

Area(g
⋂
d)

Area(g|d)
> tsr,

Area(g
⋂
d)

Area(g|d)
> tps,

NoFrames(g
⋂
d)

NoFrames(g)
> trt,

NoFrames(g
⋂
d)

NoFrames(d)
> tpt,

class(g) == class(d) (16)

where Area(X) is the sum of the areas of the bounding
boxes of setX and

⋂
is the intersection operator returning

the overlap of two bounding boxes.NoFrames(X) is the
number of frames in setX . By varying these constraints
tsr, tps, trt, tpt while keeping the other ones fixed at a very low
value(ǫ = 0.1), we obtain four sets of precision-recall curves.
Recall and precision are combined into the traditional F-score
asF = 2×Precision×Recall

Precision+Recall . The F-score is defined byF (, , , )
to make explicit its dependency on the quality constraints.We
obtain

Isr =
1

N
F (tsr , ǫ, ǫ, ǫ) (17)

Ips =
1

N
F (ǫ, tps, ǫ, ǫ) (18)

Irt =
1

N
F (ǫ, ǫ, trt, ǫ) (19)

Ipt =
1

N
F (ǫ, ǫ, ǫ, tpt) (20)

where N is the value specifying the number of sam-
ples for numerical integration. The final performance in-
dicator is the mean over these four values and is de-
noted by Iall. For more details of the evaluation met-
ric, please visit the ICPR HARL competition website:
http://liris.cnrs.fr/harl2012/evaluation.html.

We first show that using the depth induced constraints
introduced in Subsection 3.3, human subject/object detection
can be made more accurate. To demonstrate this, we randomly
choose1000 human subject detection results with groundtruth
manual labels by directly applying the HOG-SVM detector
without depth constraints from the testing video sequences.
We then set to zero the detection scores for those samples
that violate any of the two depth constraints defined in Subsec-
tion 3.3. The comparison of the ROC curves with and without
depth constraints is illustrated in Figure 5. We note that using
the depth constraints, large portion of the false detections is
removed. Two examples of human subject tracking results are

shown in Figure 6. For each example, the upper row shows the
bounding boxes of the detections before tracking and the lower
row shows after temporal matching and tracking, spurious
detections are removed. Some removed spurious detections are
highlighted by yellow boxes.
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Fig. 5. ROC curves for human subject detection results.
Red: without the depth constraints; Blue: using the depth
constraints.

Second, we show that modeling 3D spatiotemporal contex-
tual information improves the action detection performance es-
pecially for actions that involves interactions. We demonstrate
this capability by taking the actionDI: discussion between two
peopleas an example. For recognizing and localizing this ac-
tion, we apply both the 3D spatiotemporal contextual attributes
introduced in Subsection 3.4 and their counterpart,i.e., only
the 2D position, distance and velocity are considered using
the grayscale image only. The precision-recall curves and the
corresponding F-score values are shown in Figure 7. We note
that using the 3D spatiotemporal contextual information, the
false alarm rate is reduced and the detection performance is
significantly boosted.

In Figure 8, we show example frames of the directional
maps (calculated from the depth maps) of five representative
scenes, their corresponding centers of gravity of the left,
right, up, down directions, and the corresponding directional
histograms. We note that different scenes have distinctive
patterns of directional histograms and spatial distributions of
different directions. The information obtained from the depth
maps is very useful for scene classification.

Figure 9 shows the precision-recall curves for the results
of all the 10 action classes. In addition, we also show in
Figure 10 the traditional confusion matrix which illustrates
the pure classification performance by removing the spa-
tiotemporal matching constraints defined above. Note that the
confusion matrix ignores actions that have not been detected,
and actions with no result. Therefore, unlike in classification
tasks, the recognition rate (accuracy) can not be determined
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Fig. 6. Example of the tracking results. Row 1 and 3: before tracking. Row 2 and 4: after tracking. Blue boxes indicated
per frame detections (without temporal matching). Red and green boxes indicate two tracked sequences. Yellow boxes
highlight some noisy detections. For better view, please zoom in the original pdf.
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Fig. 7. For action DI: Discussion of two people: precision-recall curves by varying the parameter tsr, tps, trt, tpt
and the corresponding Isr, Ips, Irt, Ipt values. The upper row results are obtained without the depth image (apply
2D spatiotemporal contextual attributes). The bottom row results are obtained with the depth image (apply 3D
spatiotemporal contextual attributes). Note that the Iall scores given by 2D and 3D methods are 0.464 and 0.602,
respectively.

from its diagonal. For this reason the confusion matrix mustbe
accompanied by precision and recall values shown in Figure 9.
We also compare the performance with the state-of-the-art
action detection and localization methods including: 1) The
method proposed in [31], where spatiotemporal interest points
(STIP) are extracted from representing actions and subvolume
mutual information maximization is used to effectively search
the best activity volume,i.e., localization; and 2) The part-
based action recognition method proposed in [24]. For both
methods, the best parameters are empirically tuned based on
the training data. The comparisons are shown in Table 3.
We note that the proposed method greatly outperforms the
previous art. Several example frames of the action localization
results are given in Figure 11. We have several observations:
1) For most examples, the activity spatial localization results
are precise; 2) Different instances of activities have verylarge
scale variations; 3) Multiple activity instances can be detected
simultaneously in the same frame. For the last three examples

which are highlighted by red bounding box, the predicted
activity class labels are incorrect. This is due to the fact that
the current tracklet based features cannot well distinguish the
cases such as: stand together vs. discussion, pass object vs.
shake hand. In the future, fine-grained local motion features
should be developed to handle these cases. In addition, we
also study the effect of the tracklet extraction parametertdist
on the final action detection performance. Figure 12 shows
different Iall scores obtained using differenttdist values. We
observe thattdist = 5.0 is a reasonable choice which we fix
throughout all experiments in this work. Largertdist values
result in unreliable tracking and therefore the final action
detection performance is affected.

5 CONCLUSION

We have presented an activity detection framework that inte-
grates multi-level depth information in the video processing
pipeline to boost detection accuracy. Experimental results on
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Fig. 8. Upper row: directional maps calculated from the depth maps (with centers of gravity for different directions
marked by circles). Lower row: corresponding directional histograms. Note that red, green, blue, cyan represent up,
down, left, right, respectively.
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Fig. 9. For all action classes: precision-recall curves by varying the parameter tsr, tps, trt, tpt and the corresponding
Isr , Ips, Irt, Ipt values. Note that the Iall score is 0.372.

1:DI 2:GI 3:BO 4:EN 5:ET 6:LO 7:UB 8:HS 9:KB 10:TE

1:DI 20 4 0 0 0 0 1 0 0 0

2:GI 10 9 2 0 0 0 0 19 2 0

3:BO 8 0 14 1 0 0 2 3 5 6

4:EN 0 0 0 28 0 1 0 1 0 0

5:ET 0 0 2 0 7 0 0 1 0 0

6:LO 0 1 1 0 1 8 0 0 0 0

7:UB 1 0 0 0 0 0 7 1 0 0

8:HS 17 9 2 0 0 0 0 30 2 0

9:KB 4 0 0 0 0 0 0 0 9 1

10:TE 4 0 0 0 0 0 0 0 2 8

Fig. 10. Confusion matrix of the activity classification re-
sults (without spatial and temporal matching constraints).

TABLE 3
Comparisons of performance (F-scores for action

recognition and localization) with the state-of-the-art
methods.

Measure Isr Ips Irt Ipt Iall
Yuan et. al [31] 0.214 0.367 0.225 0.358 0.291
Wang et. al [24] 0.192 0.308 0.245 0.316 0.265

Ours 0.317 0.448 0.295 0.430 0.372

two activity recognition benchmarks (one with depth infor-
mation) and a challenging depth + grayscale activity dataset
demonstrate the effectiveness of the proposed scheme of fusing
depth and grayscale images for robust individual visual feature
extraction, accurate 3D spatial and temporal interaction con-
textual modeling, and the high detection accuracy for complex
activity and interaction.
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Fig. 12. Effect of tdist on ICPR 2012 HARL dataset.
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