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Abstract. This paper aims at presenting an approach to recognize human activities in videos through the application of Zernike invariant
moments. Instead of computing the regular Zernike moments, our technique, named Pyramidal Zernike Over Time (PZOT), creates a pyramidal structure and uses the Zernike response at different levels to associate subsequent frames, adding temporal information. At the end, the
feature response is associated to Gabor filters to generate video descriptions. To evaluate the present approach, experiments were performed
on the UCFSports dataset using a standard protocol, achieving an accuracy of 86.05%, comparable to results achieved by other widely employed
spatiotemporal feature descriptors available in the literature.
Keywords: Activity recognition, Feature extraction, Zernike moments.
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Introduction

Over the previous years, a growing interest in video surveillance applications such
as elder care, home nursing and video monitoring, has been noticed, encouraging
researches related to the field of activity recognition [3]. These activities are connected with the time domain and important information is denoted by changes
in appearance and motion of elements over time [8]. In a simplistic way, they are
sequences of primitive sub-actions [3], in which spatial and temporal features are
associated to describe the whole event.
To describe activities in videos, features are extracted allowing a representation in a discriminative and compact way [2]. Due to the richness of spatial
information on every frame, 2D local feature descriptors are commonly applied
in this field. However, these descriptors do not consider the time contribution for
this task, making room for the use of spatiotemporal descriptors. In this context,
this work exploits Zernike Moments [9] and proposes a feature descriptor, called
Pyramidal Zernike Over Time (PZOT), that takes into account the temporal
information in the description video sequences containing human activities.
This paper proposes a novel spatiotemporal method to recognize activities
in videos based on a descriptor derived from the conventional Zernike invariant
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moments. To evaluate the method, experiments are performed on the UCFSports dataset, employing a standard visual recognition pipeline (Bag-of-Words
[17] followed by the SVM classifier), reaching an accuracy of 86.05%, which is
comparable to results achieved by other widely employed spatiotemporal feature
descriptors, demonstrating the viability of the proposed approach.
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Related Work

Due to the recent interest and large demand for activity recognition approaches,
many studies have been developed for this task. The main idea of using Zernike
invariant moments on the present approach regards the importance of spatial
information, making this technique suitable to recognize activities.
The application of Zernike moments derives from their ability to provide
information related to shapes in images. This fact was exploited by Tsolakidis
et al. [18] and Newton and Hse [13], where the technique was used for leaf and
digit recognition, respectively. Besides, the use of Zernike moments is desirable
due to their amplitude invariance to rotation and translation, the possibility of
changing their order and repetition parameters, and their ability to extract finer
or coarser information regarding shapes with no overlap or redundancy [9].
The present approach tackles the extension of conventional Zernike Moments
with the aim of adding temporal description. In this sense, the approaches proposed by Lassoued et al. [12] and Constantini et al. [4] deserve attention, since
both designed Zernike based methods that deal with time information. Lassoued
et al. [12] presented a temporal adaptation of Zernike moments to recognize human activities consisting on the extraction of 3D silhouettes over time on which
a variant of Zernike moments is applied. Although it also adapts the Zernike moments to the temporal context, the work proposed in [12] differs from the present
approach since it proposes a volumetric modeling of moments, changing their formulation to contemplate time. Similarly, the method proposed by Constantini
et al. [4] is based on a volumetric modeling of Zernike moments computed over
subsequent frames and associated to a spatial pyramid for matching.
Although presenting similarities with the aforementioned Zernike-based methods, the current approach presents a different idea since the temporal information is gathered from the combination of 2D Zernike responses. Moreover, the
pyramid applied on the proposed approach is different from the one proposed
in [4], since in [4] it consists of an arrangement of an image in different spatial
scales, which are considered for matching descriptor responses. In turn, here, we
create a pyramid by splitting the image in an increasing number of grids, used
to extract the finer shape information through the Zernike responses.
PZOT and the methods proposed in [4] and [12] modify a 2D spatial descriptor to incorporate temporal information. This strategy is followed by well-known
approaches, producing spatiotemporal descriptors from spatial descriptors, such
as HOG3D [10] or the temporal strands of SURF [20] and SIFT [15].
Nowadays, one can notice the increasing number of deep neural models used
for activity recognition, as the ones proposed by Simonyan and Zisserman [16]
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Fig. 1: Steps of the proposed approach.

and Feichtenhofer et al. [7]. However, this paper focuses on the proposition of a
handcrafted feature descriptor. These descriptors are valuable since they can be
associated to less complex classification models, which present a lower computational cost for training and require a smaller amount of training data. Hence, the
validation performed in this study is based on tests and comparisons between
the present method and state-of-art spatiotemporal handcrafted descriptors.

3

Proposed Approach

The present research proposes a novel spatiotemporal feature descriptor based on
the usage of Zernike invariant moments to be applied to the activity recognition
task. Thus, to operate correctly, some steps need to be taken, ranging from an
initial selection of key frames in the video to the feature extraction with Zernike
and Gabor descriptors. This section describes the steps of our approach, illustrated in Figure 1. It is important to mention that the descriptor proposed in this
work is intended to be applied over bounding boxes of the subjects performing
the activity in the scene, usually provided by the video datasets.
3.1

Key Frame Selection

The first step of the approach performs a key frame selection to find relevant frames and avoid redundancy and unnecessary processing. For every video,
the difference between subsequent frames is computed and those that satisfy
a threshold (empirically determined) are selected as relevant. This strategy is
based on the idea that similar frames do not contribute for the activity recognition. The feature extraction performed on PZOT occurs only on the key frames.
3.2

Computation of Pyramidal Zernike Over Time

To obtain information related to shapes on frames, a sequence of image processing techniques is employed before computing the Zernike moments. This step
intends to produce binary masks in which the subject contours (shape) are highlighted. In addition, internal contours tend to be discarded, resulting in images
containing silhouettes of the subjects. With that, the Zernike response for each
pair of parameters regards these silhouettes and, consequently, produces a more
accurate outcome, which is more related to subject postures and is less influenced
by background. This sequence of image processing techniques must be applied
on every bounding box region of every frame of the videos. Figure 2(a) illustrates
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(a)

(b)

Fig. 2: Preprocessing steps prior to Zernike moments computation. (a) sequence
of image processing techniques; (b) resulting binary masks.

the processing pipeline and Figure 2(b) exemplifies some obtained outputs. It is
worth mentioning that both Sobel and Gaussian blur operators are applied over
RGB images considering each channel independently. Furthermore, the dilation
operation is performed over binary images using a 4×4 disk structuring element.
Instead of computing regular Zernike moments, a temporal approach, named
the Pyramidal Zernike Over Time (PZOT) is assembled. This approach consists
of placing every selected frame in different pyramid levels, in which every level
is represented by the original image split in an increasing number of subimages.
The number of subimages ranges from 1 (level one at the top of pyramid) to 4n-1
(at the base of pyramid), where n represents the number of levels.
At every level of the pyramid, nine Zernike moments are computed (amplitude and phase) for each subimage. These moments differ one from another
according to the order and repetition parameters, making them able to represent
finer and coarser details of the shapes. The Zernike moments are obtained from
Znm =

(n + 1) X X
f (x, y)Vnm (x, y),
π
x
y

(1)

where Vnm (x, y) represents the complex Zernike polynomial of order n and repetition m projected in polar coordinates and f (x, y) represents a pixel of the
input image. The phase and amplitude are obtained from each value of Znm .
The goal of splitting in an increasing number of subimages is to capture
local shape information, obtaining responses to shapes of the entire image and
local regions, improving the descriptiveness of the technique. For a three-level
pyramid, for instance, 9 × (1) + 9 × (4) + 9 × (16) moments are computed,
resulting in 189 amplitude and 189 phase values.
Despite the increase of descriptiveness, the pyramid structure does not incorporate temporal information. To this end, it is necessary to create a relation
between the frames of the video, which is made by the difference of the amplitude and phase values of consecutive frames, generating coefficients that describe
distortions in the shapes (amplitude difference) and their positioning (phase difference). Therefore, the PZOT descriptor is composed by the computation of
Zernike Pyramid for the first frame (representing the base shape) and the difference of every pyramid level for each subsequent pair of frames, resulting in a
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descriptor with 189 (base frame) + (k − 1) × 189 values for both amplitude and
phase, where k represents the number of video frames. Section 4 describes a variation of this strategy that produced better results, in which Zernike responses
are computed for each frame and added to this feature descriptor.
3.3

Gabor Filter Bank Computation

PZOT describes a video sequence through the base shape and its variations on
subsequent frames. This strategy efficiently computes these variations, but does
not capture much information to describe each frame, not exploring an important
source of information for the task of activity recognition. Thus, Gabor filters have
been included on the approach to describe the contours at different frequencies
and orientations. These filters were intended to be applied over bounding boxes
provided by video datasets (not applied on binary masks). However, instead of
computing Gabor responses for every frame, we only compute for frames where
the amplitude difference of Zernike moments satisfy a threshold value, indicating
a strong variation on the silhouette (appearance) of the action subject.
To select the frames from which Gabor filters will be extracted, the Zernike
amplitudes are used to compose a curve at the first level of pyramid for each
frame. The difference of areas under these curves for a frame and the base shape
frame are compared to a threshold (20% of the area under the base shape curve).
Every time this value is satisfied, the frame is considered relevant (different from
its predecessor) and the Gabor responses are computed. It is important to mention that the difference is computed, initially, according to the first frame (first
base shape). Afterwards, this base shape is updated every time the threshold is
satisfied and every subsequent comparison is performed considering this update.
Figure 3(a) shows the responses for two subsequent frames for a diving activity
video (red and blue curves) of the UCFSports dataset.
An 8-degree polynomial (derived from nine amplitude responses of Zernike
moments) is applied to adjust the curves and after that, the difference is computed (showed in yellow in Figure 3). The degree of the polynomial enforces
a non-linear relation among amplitude values, which implicitly corresponds to
responses for different frequencies. Besides that, fitting a curve emphasizes the
difference between responses for subsequent frames. The degree of this polynomial was adjusted experimentally. For any degree smaller than 8, the curves were
not well adjusted to the 9 Zernike amplitudes, resulting in low accuracies.
The Gabor filter bank employed consists of filters with four different orientations and four different frequencies. Those filters are weighted according to the
difference obtained in the curve. Figure 3(b) shows a curve difference obtained
for two non-consecutive frames of a diving activity video of the UCFSports
dataset. It is possible to notice that the difference between curves (showed in
light and dark yellow) is more relevant at the high order moments, which indicate
a stronger variation on finer shapes. Such Zernike behavior may be associated
to high frequency responses, as low order moments may be associated to low
frequency responses. Thus, the curve difference is split into two regions and the
Gabor filters with the two lowest frequencies are weighted by the low order area,
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(a)

(b)

Fig. 3: Difference between Zernike curves (amplitude as a function of order/repetition). Both curves were fit by a 8-degree polynom. (a) difference for
two subsequent frames; (b) difference for two non-subsequent frames.

while the Gabor filters with the two highest frequencies are weighted by the high
order area, as shown on Figure 3(b). The weighting coefficients are computed by
the area of each region normalized by the total difference area.
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Experimental Results

The UCFSports dataset [14] was used to evaluate the approach. This dataset
is composed by 150 sequences representing 10 different sport activities. It also
provides, along with videos, bounding boxes detaching the subjects involved
in each activity. Furthermore, to homogenize the tests, a classification pipeline
described in [2] was employed. It uses SVM classifier with a RBF kernel and a
bag of 4000 visual words. The executed tests intend to evaluate the feasibility of
our descriptor, even if the obtained results depend on steps that precede its use.
The first step of the evaluation of our method regards the selection of Zernike
parameters, which were chosen by a preliminary study conducted on a Brazilian
Sign Language recognition dataset [1]. From this study, nine pairs of parameters
(order and repetition) were set, varying from lower to higher order moments:
(10,4), (9,3), (8,4), (7,3), (6,2), (5,3), (4,2), (3,3), and (2,2).
Once the Zernike parameters have been defined, we conducted a test with
the application of PZOT (without Gabor filters) on the video frames, computing
the base shape for the first frame and amplitude and phase distortions over time.
We achieved an accuracy of 63.64%. Then, a second test was conducted. Instead
of computing only the distortions regarding the base shape, the Zernike amplitude/phase responses (describing shapes of every frame) were added, reaching an
accuracy of 70.54%. Finally, the complete approach was tested (adding Gabor),
as described in Section 3.3. This test achieved an accuracy of 86.05%.
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Table 1: Accuracies of different approaches applied to the UCFSports dataset.
Approach
Acc (%)
HOG [5]
77.00
HOF [11]
84.00
HOG/HOF [11]
81.60
HOG3D [10]
85.60
Published Results
MBH [6]
90.53
DT [19]
88.20
OFCM [2]
92.80
PZOT with base shape and only distortions 63.64
Our Results
PZOT with shapes on every frame
70.54
Gabor with no PZOT
79.47
PZOT + Gabor (proposed approach)
86.05

Fig. 4: Binary masks with noisy shapes detached.

According to Table 1, PZOT provides results that are comparable to previous
researches applied to the UCFSports dataset. It is important to highlight that
the features extracted with PZOT contribute with the ones extracted by Gabor
filters in a complementary way, what is revealed by the increase of accuracy
obtained with the combination of techniques. Lastly, three pyramid levels were
applied, as they produced better results than two or four levels.
The Skateboarding and Running classes of UCFSports were the ones for which
the method obtained the lowest accuracies: 75.09% and 70.91%, respectively. For
these classes, the image processing pipeline generated noisy images, preventing
the Zernike moments from being properly extracted, as shown in Figure 4. One
can notice the amount of clutter and how human shapes are not well-segmented.
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Conclusions

This paper presented a temporal feature descriptor based on the Zernike invariant moments. Tests were conducted to evaluate this descriptor on the UCFSports
dataset, reaching an accuracy of 86.05%. Despite achieving a smaller accuracy
than some spatiotempotal descriptors, the present approach shows to be valuable since it achieved comparable results using a simple and inexpensive method.
For some activities of the UCFSports dataset, the number of extracted features
is approximately 1/3 of the ones extracted by the OFCM [2], the state-of-art
feature descriptor for this dataset. At last, studies should be directed to points
such as the simplicity of the image processing pipeline, application of few Zernike
pairs of parameters and evaluation of a different Gabor filter bank, representing
future directions for the present approach.
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