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ABSTRACT
Bottom-up spatio-temporal saliency detection identifies perceptually important regions of interest in video sequences. The center-surround model proves to be useful for visual saliency detection. In this work, we explore
using 3D FFT local spectra as features for saliency detection within the center-surround framework. We develop
a spectral location based decomposition scheme to divide a 3D FFT cube into two components, one related to
temporal changes and the other related to spatial changes. Temporal saliency and spatial saliency are detected
separately using features derived from each spectral component through a simple center-surround comparison
method. The two detection results are then combined to yield a saliency map. We apply the same detection
algorithm to different color channels (YIQ) and incorporate the results into the final saliency determination. The
proposed technique is tested with the public CRCNS database. Both visual and numerical evaluations verify the
promising performance of our technique.
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1. INTRODUCTION
Bottom-up spatio-temporal saliency detection identifies perceptually important regions of interest in video sequences. Such detection may help video processing (e.g., coding, classification, summarization, etc.) to be more
effective and efficient. The center-surround model proves to be useful for visual saliency detection.1 According
to this model, for an object to be viewed as salient in a visual scene, it has to stand out from the surrounding
environment. To translate this into a computational model, features characterizing the object and its surroundings may be extracted. A comparison of the differences between the features of the object (i.e., the center) and
the environment (i.e., the surround) can then be performed to evaluate the saliency of a certain object. In other
words, the ”contrast of features” is used as a measure of the visual saliency.
Most existing saliency detection techniques extract features in the time-space domain. In this research, we
are interested in exploring with frequency domain local features, in an attempt to capture the intrinsic patterns
of the localized changes of the signal. For videos, the classical 3D fast Fourier transform (FFT) is no doubt the
most basic tool for examining the signals in the frequency domain. However, although 2D FFT has been applied
to saliency detection for images with success,2, 3 we notice that 3D FFT has rarely been used directly to detect
saliency for videos.
We believe that there is a reason behind this phenomenon. As we know, the human visual system (HVS)
may respond to temporal changes and spatial changes in a scene in different ways. Based on specific situations,
it may also pay more attention to one type of changes than to the other. As a typical example, people tend to
be attracted more to a moving object than to a static background it moves against. As such, it is reasonable
to evaluate temporal saliency and spatial saliency separately using different methods, and then combine them
possibly in a weighted manner. 3D FFT captures changes in the space-time domain with a 3D spectrum. If used
directly, this 3D spectrum does not differentiate between temporal changes from spatial changes. As we verified
in our study, employing a whole 3D spectrum as features does not yield satisfactory results.
However, if we can find an approach to separate the two types of changes mixed in a 3D FFT spectrum,
we may still accomplish an effective saliency detection for 3D signals like videos. If we succeed, there will be
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Figure 1. Illustration of (a) spectral locations and (b) spectral decomposition.

at least two obvious advantages with such an algorithm: 1) Application of 3D FFT to videos does not involve
complicated parameter settings, which is a common shortcoming many available techniques suffer from. 2) FFT
calculation can be very efficient and fast, with hardware implementation support available.
Therefore, in this paper, we develop a scheme that decomposes a 3D FFT spectrum into two components,
one being related to temporal changes and the other related to spatial changes. Based on this, we develop a
saliency detection algorithm that utilizes a very simple center-surround comparison of features derived from the
decomposed spectral components. Both temporal and spatial saliency are combined, from all available color
channels, to yield the final saliency maps. We note that our features are extracted by applying 3D FFT to
localized time-space cubes obtained via sliding windows, while in several previous techniques, FFT was typically
utilized in a global manner in 2D form.2, 3

2. METHODS
2.1 3D FFT Local Spectral Features
In this paper, we develop a scheme that decomposes a 3D FFT spectrum into two parts: a component related to
temporal changes and a component related to spatial changes. Our decomposition is based on spectral locations.
Our reasoning for this approach is illustrated in Fig. 1. Within a 3D spectral cube in a fx -fy -ft coordinate
system, if a spectral point is closer to the ft -axis, then it is more related to the temporal changes. While a
spectral point closer to the fx -fy plane is associated more with the spatial changes. Therefore, we decompose a
spectral point into the two associated components by applying two different weights calculated according to its
spectral location within the cube.
As illustrated in Fig. 1, for a given spectral point F (a0 , b0 , c0 ), we calculate its temporal component by
projecting the point onto the ft -axis as
Ft (a0 , b0 , c0 ) = F (a0 , b0 , c0 ) × sinθ = F (a0 , b0 , c0 ) ×

MN
c0
= F (a0 , b0 , c0 ) × p 2
.
OM
a0 + b20 + c20

(1)

Similarly, we obtain its spatial component by projecting onto the fx -fy plane using the following equation:
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Thus, the 3D FFT cube is decomposed into two cubes of exactly the same size, Ft and Fs , respectively. We
then calculate the absolute mean over each cube to obtain the corresponding features, Et and Es , based on
which temporal saliency and spatial saliency may be determined through the center-surround comparison. Fig.2
presents examples which demonstrate the effectiveness of our features. Obviously, The Et values help capture
the motions in the video, while the Es values reflect the spatial complexity of the signal.
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Figure 2. Examples demonstrating the effectiveness of our 3D FFT local spectra based features: (a) Original video frame
with eye fixation ground truth (small colored squares on the two moving cars); (b) Et values overlaid on the frame (red
and yellow denotes higher values); and (c) Es values overlaid on the frame.

The equations above for spectral decomposition do not work for a special case, i.e., a0 = b0 = c0 = 0. This is
the location for the center of the spectral cube. As we understand, the spectral center is associated with the DC
component of the spectrum, which does not reflect any changes in either the space domain or the time domain.
Therefore, we do not include the spectral center in calculating either one of the energy features.

2.2 Center-surround Based Saliency Detection
To perform center-surround based saliency detection, we follow a specific center-surround model based framework, i.e., saliency detection by self-resemblance (SDSR).4 However, as described below, we fit into the general
framework our own feature extraction and comparison schemes. We first apply the 3D FFT to localized timespace cubes obtained by using sliding windows. Then we decompose each 3D FFT cube into its two components
as described above. Energy features {Et } and {Es } are then extracted from the decomposed components. Comparison of features is a key step to the center-surround model. Because of the simplicity of our features, which
are in the form of a scalar, we are able to develop a simple yet effective comparison scheme as follows.
Assume a W × H × L video signal, with W being the frame width, H frame height, and L the total number of
frames. For the temporal components computed over all the video frames, we have a set of features {Et (i, j, k)},
where (i, j, k) is the center coordinates of each localized data cube (i = 1, 2, ..., H; j = 1, 2, ..., W ; k = 1, 2, ..., L).
We first normalize the features within each frame, obtaining a normalized set {Etn (i, j, k)}. Here,
Etn (i, j, k) =

Et (i, j, k) − Etmin (k)
,
Etmax (k) − Etmin (k)

(3)

and Etmin (k), Etmax (k) are the minimum and maximum values within each frame, respectively. After the normalization, saliency values for each location are determined by comparing the center against its surrounding
neighbors.
1 X
St (i, j, k) =
|Etn (i, j, k) − Etn (i + i0 , j + j0 , k + k0 )|
(4)
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Here, i0 , j0 , k0 are chosen such that point (i + i0 , j + j0 , k + k0 ) is in the immediate neighborhood of point
(i, j, k), such as within a 3 × 3 × 3 window centered at (i, j, k). N is the total number of points included in the
summation.
Spatial saliency Ss (i, j, k) is calculated similarly. Once the temporal saliency and the spatial saliency are
determined, the two maps can be combined to yield a final detection map. There are different ways available for
the combination. In this paper, we do not explore in this aspect as our focus is on the feature extraction. We
simply average the two maps to combine them together. As will be seen in the experiments, this already yields
promising results.

Figure 3. Examples applying our saliency detection algorithm to differnt color channels. (top) Original video frame with
eye fixation on the red helmet; (bottom) Saliency detection results with differnt color channels. First row: Temporal, Y;
temporal, I; temporal, Q. Second row: Spatial, Y; spatial, I; spatial, Q.

2.3 Colors
As commonly accepted, colors play very important role in saliency detection. Typically, color-related features
are extracted in the space domain.5 In this paper, we apply the same saliency detection algorithm to different
color channels, assuming that temporal and spatial changes can both be discerned in all channels. We employ
the YIQ color model for our initial study. As a result, we obtain altogether three saliency maps, one from each
color channel. In this paper, we simply average the three to obtain the final saliency map. As shown in Fig. 3,
the different color channels may complement each other, making the final detection more reliable.

2.4 Evaluation
To evaluate the saliency detection performance, both visual inspection and objective assessment are performed.
For the latter, two metrics are employed, i.e., the area under the receiver operating characteristics (ROC) curve
(AUC) and the Kullback-Leibler divergence (KLD).6 Both metrics are based on the detection theory. First of all,
two data sets are created from the saliency detection results. One set is about the true detections (TD), which
contains saliency values for the human eye fixation positions from the ground truth. The other set is about the
false positives (FP), which consists of saliency values for random positions other than the fixations. When a
threshold is set for the saliency values, rates of true detection and false positive can be calculated using each set,
respectively. By sweeping through the whole range of possible threshold values, pairs of true detection rate and
false positive rate are obtained to yield an ROC curve. The area under the curve is the AUC metric. To find

Table 1. Objective evaluation of saliency detection performance using the shuffled metric.

Algorithm

Chance

Bayesian Surprise

SUNDAy

Proposed

AUC

0.5

0.581

0.582

0.595

KLD

0

0.034

0.041

0.184

the KLD, the two sets (TD and FP, without applying thresholds) are considered as two random distributions.
Histograms are generated for each set and then compared to yield the KLD. For both metrics, a greater value
indicates better performance. AUC is ranged from 0 to 1, while KLD does not have an upper bound.
The most common method for generating the FP set is to randomly sample a saliency map. As revealed in
a recent research,7 such sampling introduces a so-called ”center bias” into the evaluation results. To avoid this
bias, a modified sampling method was introduced7 and well accepted. Denoted as ”shuffled metrics,” the AUC
and KLD are computed with FP set formed by using locations of human eye fixation in a different (or, shuffled)
frame of the same video. We use this shuffled scheme to generate AUC and KLD in our experiments.

3. EXPERIMENTS
We test our algorithm with the public CRCNS database.8 The database includes 50 videos, with the duration
ranging from 5 to 90 seconds. The video contents are of diversified nature, covering street scenes, TV sports,
TV news, TV talks, video games, etc. Ground truth data are provided with each video, which are eye fixations
recorded for a group of human subjects watching the videos under freeview condition.
For our experiments, we calculated 3D FFT on 5 × 5 × 5 cubes. Non-overlapping windows were used in
the space domain. Before FFT, we also downsampled the original video frames into 160 × 120 in size. For
center-surround feature comparison, a window size of 3 × 3 × 3 was adopted.
We compare the performance of our algorithm against those of the Bayesian Surprise9 and the SUNDAy,7
as shown in Table 1. We also include ”Chance” as a baseline in the comparison, which means saliency detection
is performed by random guessing. We note that the results for Bayesian Surprise and SUNDAy are the numbers
reported in the SUNDAy work.7 It appears that our numerical results are better. In Fig. 4, we provide
some example saliency maps for visual examination. As observed, although the overall visual appearances are
comparable, our method tends to identify the true target of attention better than the Bayesian Surprise.

4. CONCLUSIONS
In this paper, we developed a saliency detection algorithm for videos using features based on 3D FFT local
spectra. From our work, we can draw the following conclusions: 1) Separation of spectral components related to
temporal and spatial changes is important, and can be accomplished by the location based spectral decomposition
method we developed. 2) The spectral decomposition based approach can also be applied to different color
channels, making it unnecessary to process each channel differently. 3) The algorithm outperforms the popular
techniques in our experiments. At the same time, due to its simple feature extraction and comparison schemes,
the algorithm is promising especially in its efficiency and scalability. In the future, we plan to study various
approaches for combining the temporal and spatial saliency maps. We may also explore how to incorporate local
phase information to improve the detection performance.
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