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Abstract—This paper presents a system-on-chip ﬁeld gate
programmable array (FPGA)-based, real-time video processing
platform for human activity recognition in 3D scenes. The study
details the hardware implementation of real-time human action
recognition in 3D scenes, with the idea of iterative computing of a
histogram of oriented 4D surface normal with an FPGA circuit.
Recently, the rapid growth of modern application-based computer vision algorithms has further improved research and implementation. Especially, various accelerators such as histogramoriented gradient (HOG), histogram-oriented ﬂow (HOF), and
histogram-oriented gradient depth (HOD) have been proposed
based on the FPGA platform because it has the advantages of
high performance and parallel operation. Although proposed
FPGA accelerators have good performance in 2D scenes, the
accelerator design space has not been well-exploited in 3D scenes.
This study details the hardware implementation of a real-time
human action recognition algorithm in 3D scenes, including the
capture, processing, and display stages.
Keywords—Real time video processing, ﬁeld programmable
gate array, embedded vision, action recognition.

I. I NTRODUCTION
Recently, embedded vision platforms have become prevalent
for applications in video content analysis (VCA). VCA is
a relatively new ﬁeld in video processing. It is generally
implemented using two chips, with the image signal processing
(ISP) part in a digital signal processor (DSP) or ﬁeld programmable gate array (FPGA) and the VCA part executed by
a processor. However, a new generation of SoC FPGAs that
incorporates a processor and FPGA into a single chip (Zynq)
makes it possible for a single chip to perform as both an
ISP and VCA. The primary constraints in an embedded vision
application are power management, computational operation,
and the number of utilized resources (cells). As such, these
deﬁne the efﬁciency of the designed system.
One of the active research areas in VCA is human activity
recognition, where many researchers aim at developing an
algorithm for a better rate. However, few researchers have
focused on developing a hardware circuit for implementing the
entire process in an embedded system to achieve a real-time
system for human activity recognition. Besides, in the past,
detailed comparisons of computation speed between embedded
vision platforms and personal computers still have not been
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discussed. In addition, one of the keys to realizing the beneﬁts
of FPGA, developing a parallelism algorithm, or trying to
optimize the algorithm to execute in parallel is to obtain the
results of unrolling and pipelining in order to provide better
comparison.
In this study, human activity recognition was successfully
implemented on an embedded vision platform to reduce the
system cost and size. Our proposed system combines the following submodules: foreground and background identiﬁcation,
human detection, and feature descriptor, together with support
vector machine (SVM) classiﬁcation.
We make the following contribution in this study:
• We present a uniﬁed pipeline architecture for a feature
descriptor in 3D science: one that is used for recognition.
• We efﬁciently utilize resources to allow for parallel
processing.
The rest of the paper is organized as follows: in section 2,
we introduce related works that have covered both the proposed action recognition algorithms and the implementation
of vision algorithms on hardware; in section 3, we describe
our proposed method for human action recognition; in section
4, we present the design of modules for an embedded videoprocessing platform; in section 5, we discuss the results of the
implementation and an evaluation; and in the last section, we
present the conclusion.
II. RELATED WORK
This section discusses related work on human action recognition and the methodologies that have been used to implement
recognition algorithms in embedded systems.
A. Human Action Recognition
The algorithms that were proposed for human action recognition can be categorized as either model-[1] or appearancebased. Since a large degree of variability exists in human
motion, model-based methods are extremely challenging: they
require high-dimensional models because of the highly articulated nature of the human body. Appearance-based methods
rely on interest points that are extracted from 2D and 3D
images and then employ classiﬁers to categorize the actions.
The advantage of this approach is that it does not rely on
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human models but rather is deﬁned on the basis of motion
characteristics. Separable linear ﬁlters [2] or spatiotemporal
Harris corners [3] are two early interest point-detection methods that are encoded in several ways such as SIFT, SURF,
FREAK, BRIEF, ORB, pixel gradients, or jet descriptors [4],
which utilize 2D data. Since depth data are lost because of
projection, some of the researchers have tried to include depth
data, where the two main approaches are stereovision [5] or
depth camera [6][7] (Microsoft Kinect and SoftKinect). Li et
al. [8] proposed a bag of 3D points from a depth image and
modeled the posture by the Gaussian mixture model (GMM).
An action graph was used for classiﬁcation [9]. Lv and Nevatia
[10] used the 3D information of joints with a state-based
model, hidden Markov model (HMM). A similar approach was
proposed by Han et al. [11], where a 3D joint position was
described by a conditional random ﬁeld (CRF). Adopting local
interest point-based methods to operate in depth sequences was
proposed by Hadﬁeld et al. [12]. with two popular feature
descriptors in 2D scenes: bag of visual words (BOWs) and
relative motion descriptor (RMD), which were extended for
use in 3D scenes. Other approaches tried to extract the human
skeleton [13] by using a local occupancy pattern and pairwise
distance features. The features were extracted from each
frame, and then, a Fourier transform was used to describe the
temporal variations. Linear discriminant analysis (LDA) [14]
was used to select sub-volumes, and the most discriminative
sub-volumes were retained. Utilizing global features is another
popular method for human action recognition. In [15], the
depth video is summarized in one image, which is obtained
by averaging the differences between depth frames. However,
this approach is only robust in applications with stationary
cameras, and its detection is uninformative when a dynamic
background or camera motion exists.
B. Embedded Vision System
Image and video processing applications mostly require
considerable data processing and sometimes complex mathematical operations, requiring a high-performance CPU or
even a multi-core system. However, the new portable vision
applications, which have requirements of power efﬁciency,
cost, and stability, provide an embedded system solution to the
designer. At present, the options for implementing a computer
vision algorithm on hardware include DSPs, FPGAs, mobile
PC processors, and SoC FPGAs. Of course, each of these
implementations is highly application-dependent. However,
most of the embedded vision applications are classiﬁed as
follows:
• Image acquisition: whereby a digital 2D/3D image is
captured by one or multiple image sensors.
• Preprocessing: whereby basic enhancement techniques
such as noise reduction and lens distortion are employed
in pre-processing.
• Feature extraction: whereby the interest points such as
edges, corners, and blobs are detected.
• Segmentation: is an option that depends on the type of
application.

Figure 1: Image (left), probabilty Image (middle) and human detection
result (right)

High-level processing: which generates the ﬁnal results
that could be the result of the recognition algorithm.
Other studies [16] [17] [18] [19] [20] discuss the FPGA
implementation of GMM, whereas [21][22] discuss the results
of implementation on a graphics processing unit (GPU). A
human detection algorithm is discussed in [23][24]. Realtime video segmentation is covered by [25]. Feature-based
processing with SoC FPGA (Zynq) is discussed in [26], and
ﬁnally, [27] discusses gender and age classiﬁcation with an
FPGA development system.
•

III. ALGORITHM
The proposed system consists of two preprocessing steps:
foreground probability, which identiﬁes the pixels that belong
to the foreground, and a second preprocessing step, which
identiﬁes humans in the scene. These two preprocessing steps
remove unimportant parts of the scene, which improves the
results of interest point detection. Next, a computing feature
descriptor, histogram of oriented 4D surface normal (HON4D),
is used in the region of interest (ROI) of human detection, and
ﬁnally, SVM is used to categorize the action.
A. Foreground Probability
As discussed earlier, in order to reduce the computation
process, one solution is to ﬁlter out the unnecessary parts. This
preprocessing takes advantage of local texture features and
depth data that are represented by local binary patterns (LBPs)
and photometric invariant color measurements in the RGB
space. Details of the mathematical operations and hardware
implementation have been previously presented [28]. The
output of this module gives the foreground probability (Figure
1) for each point, which can be used in the next step to
determine the ROI.
B. Human Detection
The results of foreground and background identiﬁcation are
determined by the ROI in complex streams that consist of
humans with other objects; therefore, we need more ﬁltering
to reduce the ROI to the area that contains humans. Since this
research focuses on a real-time system, the detection algorithm
should be computationally efﬁcient and require few resources.
The extended algorithm in this section is based on extending a
previously proposed method that used features extracted from
the Riemannian manifold of the region covariance matrices
computed from 2D data [29]. The proposed method considers
both 2D and depth data (3D). The LogitBoost classiﬁer is
employed to detect humans. The details of the implementation
and algorithm are presented in [30].
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C. Histogram of Oriented 4D Surface Normal

D. Classiﬁcation

The results of the two above mentioned preprocessing steps
used to identify the ROI can also be used to extract the pixels
that have rich information. The next step is to compute the
4D surface normal [31]. Consider pixel x in depth image D
in a 3D space. We can extract each pixel depth at location
z = IDepth (x, y, t). Let n represent the normal to the surface
S, which is deﬁned as

The classiﬁcation was performed using a multi-class SVM
with a kernel radial basis function (RBF). The decision function and kernel are given as follows:

n = ∇S
∇Dxt (x, y)
∇Dyt (x, y)
∇Dtt (x, y)

=

(∇Dx , ∇Dy , ∇Dz , −1)T

=

t
t
IDepth
(x + d, y) − IDepth
(x − d, y)
t
t
IDepth (x, y + d) − IDepth (x, y − d)
t+1
t
IDepth
(x, y) − IDepth
(x, y)

=
=



∇Dx (x, y, t) + ∇Dy (x, y, t) + ∇Dt (x, y, t)

ι


yi αi K(xi , x) + b)

(7)

i=1

K(xi , xj ) = exp(−γxi − xj 2 )

(8)

(1)
(2)

The weight vector, w, and the bias, b, are determined during
the training phase.

(3)

IV. IMPLEMENTATION

(4)

A schematic diagram of the SoC FPGA-based human action
recognition scheme for 3D natural scenes is shown in Figure
2. The architecture of the SoC FPGA provides an excellent acceleration platform because of the concurrent data processing
that can be achieved by a programmable logic (PL) block and
the sequential processing that can be executed with a system
processor (PS), both of which are fabricated into a single
chip. The main challenge facing hardware implementation is
to be able to take advantage of these features and provide the
data from memory when needed at the required bandwidth.
Figure 2 illustrates the generic SoC FPGA-embedded vision
architecture used in this study. It includes a dual Advanced
RISC Machines (ARM) processor, video input, video preprocessing, video processing, and video output, and is connected
to the HDMI driver. The implementation consists of three
preprocessing submodules:
• Preprocessing 1: Captures an input stream from a camera
or storage memory. In this study, all of the videos stored
in the SD card are transferred by the ﬁrst processor (PS1)
to the two blocks of the VDMA to store RGB and depth
data. The value of luminance for each pixel is determined
by the circuit implemented based on equation 9. The
luminance values are stored in 8-bit blocks in the RAM.

where d is the shifting position in the x- and y-directions.
By normalizing the computed normal, the unit length normal
n̂ is obtained. It has richer information, which makes the
corresponding distribution over the bin signiﬁcantly different.
It is included with the magnitude of gradient, which can be
used to select bins:
m(x, y, t) =

sign(ω T φ(x) + b) = sign(

(5)

In order to compute the histogram of the normal, it is
necessary to quantize the corresponding space into speciﬁc
bins. Traditionally, in histogram-oriented gradient, it is obtained by quantizing a circle in order to obtain the bins
of the histogram, whereas in [32], the resulting predeﬁned
orientation vector is used to ﬁnd the corresponding response
per direction. In this research, the 4D space is quantized
by utilizing polychorons [33] [34]. A polychoron is a 4D
extension of a 2D polygon, and divides the 4D space uniformly
with its vertices. In this work, we used polychorons with 600
cells {3, 3, 5}(Schlafti symbol). They were constructed using
the golden ratio φ = (1+2√5) on the edge of an octahedron.
All sides were composed of tetrahedrons, where 20 sides
meet at each vertex. According to [33], the origin of 4D
space can be obtained according to the edge length ( 12 , 1, φ1 ).
By permutation, this is done as follows: 8 vertices of the
form (0, 0, 0, ±1), 16 vertices of the form (± 12 , ± 12 , ± 12 , ± 12 ),
and 96 vertices (±1, ±φ, ± φ1 , 0). The 120 vertices quantized
the 4D space, where each vertex vector was considered as
a projector that was used to obtain the component of each
normal from the inner product of a corresponding projector.
As a result, the distribution of 4D normal orientation can be
obtained as follows:

nˆj , pi 
j∈η


P (pi |η) =
(6)
nˆj , pv 
pv ∈P j∈η

where P and η are the sets of projectors and unit normal,
respectively. The depth sequence is divided into w × h × t
spatiotemporal cells and is employed for each HON4D cell,
and the result of each cell is collected to generate the ﬁnal
descriptor.



y=

⎤
66
R G B × ⎣129⎦ + 128 >> 8 + 16
25





⎡

(9)

Preprocessing 2: As discussed earlier, to ﬁlter out unimportant changes and objects and distinguish foreground
from background, we developed a foreground and background identiﬁcation scheme. The details of the hardware
implementation are explained in [28].
• Preprocessing 3: The next preprocessing step is used to
further ﬁlter out objects in the scene to detect humans.
The mathematical operations and implementation are
discussed in [30].
The results of these three preprocesses generated a mask image
that can be used in the depth image to identify the scenes
that include humans. The advantages of these three processes
are more useful in complex streams such as Hollywood
datasets. The next step is computing the HON4D descriptors,
where algorithms 1 and 2 summarize the parts of sequential
operation for computing the normals and histogram that could
be optimized for parallel processing. In order to optimize the
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Algorithm 1 Compute dx ,dy and dt in the depth image
1:
2:
3:
4:
5:
6:
7:
8:
9:
10:
Figure 2: SoC FPGA block diagram showing video devices in the FPGA
fabric that accelerates vision algorithms.

Figure 3: The algorithm 1 computation circuit.

algorithm and parallelize the operation, the types of loops need
to be studies. By identifying an unrolled loop, we can improve
the utilization of massive computation resources in the FPGA.
The types of the loops can be classiﬁed as:
• Irrelevant: If the loop index is not used in any function
of array I, it is considered irrelevant to array I.
• Independent: If the union of data spaced on array A is
completely separable along the loop index, it is called a
loop index independent of array I.
• Dependent: If the union of data spaced on array A is not
separable along the loop index, it is called a loop index
dependent on array I.
Considering algorithm 1, which consists of two loops, all
of the arrays are dependent on the loop iterators i and j.
However, the results of each operation that are independent of
each other can be processed in parallel. The appropriate circuit
for algorithm 1 is illustrated in Figure 3, which consists of a
dv × dh ×8-bit shift register that is accessible by each cell in
parallel and a w × (dv − 1)×8-bit block of RAM, where dv
and dh are the vertical and horizontal step sizes. The interested
pixels values are passed to the arithmetic logic unit (ALU) to

t+1
t
function G RADIENT(Idepth
, Idepth
)
for i ← 1 to h do
for j ← 1 to w do
t
t
dx (i, j) ← Idepth
(i + d, j) − Idepth
(i − d, y)
t
t
dy (i, j) ← Idepth
(i, j + d) − Idepth
(i, j − d)
t+1
t
dt (i, j) ← Idepth
(i, j) − Idepth
(i, j)
end for
end for
return dx , dy , dt
end function

compute dx and dy . To compute dt , the depth value of the
next frame is needed, which is accessible from the block of
the RAM with size w × h × 8.
The result of the square root is extracted by an arithmetic
unit, and in order to compute the normalized n, the obtained
normal is stored in a buffer to compute the normalized value.
The result of the histogram is obtained by algorithm 2, which
consists of six loops: the ﬁrst three determine the location
of cells, and the remaining three deﬁne the positions of the
interested pixels in a cell where a value for the gradient
is needed. Since the sizes of the cells remain constant, the
values of xmin , xmax , ymin , ymax , zmin , and zmax can be
precomputed for each cell, Furthermore, because the operation
of each cell is independent of the others, the operation of
each cell can be executed in parallel.After the optimization
of the three outer loops, the range of the three inner loops
can be constant, and pipelining optimization can be employed.
The last module of implementation is classiﬁcation, and in
this study, SVM is used. SVM takes a vector as an input
and returns the class of the vector as the output. It works
with a few steps, which are repeated for each support vector.
Algorithm 3 describes these steps. According to the algorithm,
most of the time is consumed by the main loop as it iterates
many times while performing complicated operations such as
multiplication and exponential operations. To parallelize the
operation, the shared data S are duplicated, and at the end
of the operation, the duplicated values of S are merged. The
second loop, deﬁned on the basis of the number of classes,
can be run in parallel. The results of the summation and
comparison can also run in parallel by defying the duplicate
of the vote counter, which is needed to merge at the end. The
SVM classiﬁer is optimized as above for parallel operation,
except for the main loop. The weight vector wi and the bias
b (Equation7) are constant for all evaluations loaded by the
processor.
V. IMPLEMENTATION RESULTS AND EVALUATION
The proposed hardware acceleration for human activity
recognition was implemented on a Xilinx XC7Z020 board
equipped with an XC7Z020-1CLG484C device with an FPGA
clock running at 140 MHz and an ARM clock running at 866
MHz. The circuit was synthesized on the FPGA using Vivado
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Algorithm 2 Compute the histogram of each cell
1:
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:

Algorithm 3 Support Vector Machine (SVM)
Require: V vector to classify

function H ISTOGRAM(D, R, C, dx [], dy [], dz [])
for d ← 1 to D do
for r ← 1 to R do
for c ← 1 to C do
xmin ← cellwidth × c
xmax ← xmin + cellwidth × c
ymin ← cellheight × r
ymax ← ymin + cellheight × r
tmin ← cellheight × r
tmax ← ymin + cellheight × d
for t ← tmin to tmax do
for x ← xmin to xmax do
for y ← ymin to ymax do
dx ← dx [x] = {. . .}
dy ← dy [y] = {. . .}
dt ← dt [t] = {. . .}
h ← H(dx , dy , dt ) + h
end for
end for
end for
end for
end for
end for
return h
end function

1:
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:

TABLE II: Performance comparison to CPU (3.40 GHz) in ms

2015.2. The results of our implementation are summarized
in Table I. We tested the proposed system using a publicly
available action recognition database of unconstrained stereoscopic 3D videos obtained from Hollywood movies [12] and
MSR Action 3D datasets [34]. Our embedded human action
recognition system performed at 12 fps and provided a mean
precision [35] of 19.6% for Hollywood datasets and 75% for
MSR Action datasets. The results of a performance analysis
TABLE I: FPGA Consumed Resources
Zynq 7020
BRAM 18K
DSP48E
FF
LUT

Design
109
121
48944
38304

Available
140
220
106400
53200

function SVM(V )
for xi ← 1 to V do
ci ← the class of x
ki ← the class of K(xi , x)
for All c class do
if ci = cj then
d ← index of ci and cj
Sd ← Sd + yd,i × αd,i × ki
end if
end for
end for
for All decision d do
if Sd − bd > 0 then
Vi ← Vi + 1
else
Vj ← Vj + 1
end if
end for
return cn with the highest Vn
end function

Utilization
78%
55%
46%
72%

Function
Foreground Probability
Human Detection
HON4D
Total

1thd
40
77
547
664

16thd
14
24.30
103
141.30

FPGA
1.91
3.79
21
26.7

action recognition. The experimental results for all tested
datasets indicate that the proposed method improves average
precision over conventional methods in both recognition and
speed. Future work should focus on improving the hardware
architecture, involve both ARM processors, and study power
consumption. Also, polychrons with more cells should be used
to improve the recognition results.
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VI. C ONCLUSION
In this paper, an SoC FPGA-based video processing system
is presented. The proposed algorithm employs parallel processing and pipeline architecture to perform real-time human
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