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Abstract—In robotics and computer vision, saliency maps are
frequently used to identify regions that contain potential objects
of interest and to restrict object detection to those regions
only. However, common saliency approaches do not provide
information as to whether there really is an interesting object
triggering saliency and therefore tend to highlight needless
background as potential regions of interest. This paper addresses the problem by exploiting histogram features extracted
from saliency maps to predict the existence of interesting
objects in images and to quickly prune uninteresting images. To
validate our approach, we constructed a database that consists
of 1000 background and object images captured in the working
environment of our robot. Experimental results demonstrate
that our approach achieves good detection performance and
outperforms an existing existence detection approach [1].
Keywords-Existence detection, histogram features, saliency
maps, robotics

I. INTRODUCTION
Image processing is increasingly gaining importance for
applications in robotics. Examples include visual perception
and servoing, object detection and recognition, and obstacle
avoidance among others. Images captured in the working
environment of a mobile robot contain a huge amount of
visual information that can be subdivided into task-relevant
and task-irrelevant. Extracting task-relevant information is of
great importance in robotics, and involves the enhancement
of image regions that contain task relevant information
(e.g., interesting objects), and the inhibition of irrelevant
regions such as background. As an example, the performance
of object detection can be improved significantly when
applied to regions containing interesting objects only. Hence,
saliency detection for information selection in images has
attracted a lot of attention. Saliency detection is the concept
of highlighting those regions in images which stand out
with respect to their neighborhood and which are unique
in attributes – such as color, texture, etc. – relative to other
regions. This forms an important first step in various tasks
such as image segmentation [2], object detection [3], and
object recognition [4].
Although the generation of saliency maps is an intensively
studied field in image processing and robotics, most saliency
approaches do not check whether there really exist interesting objects in images that trigger saliency measures. For

example, robots performing search tasks in large areas rarely
see objects of interest. In the case of images containing background only, existing saliency approaches tend to highlight
regions with unique attributes, yet irrelevant information.
These regions may lead to large false positive detection rates
when fed into object detection approaches. As such, we are
interested in quickly pruning uninteresting images containing only background information, and in keeping those that
are crucial to the task of a robot. The challenging aspect
associated with explicitly pruning uninteresting images is
the choice of an appropriate representation for distinguishing
whether there exist interesting objects in a saliency map or
not.
Prior work has attempted to address this issue by segmenting saliency maps using thresholds and by keeping pixels
whose saliency is above a given threshold (e.g., [5],[6]). The
approaches presume that pixels associated with interesting
objects have high, and pixels associated with background
low saliency values. However, finding appropriate thresholds for suppressing background images is difficult since
pixels associated with cluttered background may have strong
saliency values as well.
As an alternative, the approach of Wang et al. [1] predicts
the existence of interesting objects in thumbnail images by
exploiting global features and geometrical information from
multiple saliency maps. This is based on the assumption
that most thumbnail images contain single objects located in
the center of an image. However, this assumption might not
be valid for applications in robotics where multiple objects
may be spread over the entire image, or a single object
may be located at one image border. Therefore, an efficient
method to quickly judge the existence of interesting objects
based explicitly on features that do not rely on geometrical
information or on a priori information would be of great
interest.
The main contribution of this paper is the introduction
of a simple yet effective approach to existence detection
based on global features extracted from the probability
distribution function (PDF) of saliency maps. A histogram
of saliency values (PDF) is constructed to effectively remove
geometrical information such as the object location in the
saliency map data. By exhibiting the largest variance across

training samples using PCA, the probabilities of the saliency
values that best discriminate between object and background
images are selected and stacked into a feature vector. A
binary classification approach is then applied to robustly
predict the existence of interesting objects in images. Finally,
feature vectors extracted from saliency maps of new input
images are fed into a trained classifier to quickly discard
background images and to better enable a robot to focus on
object images. The use of saliency histogram features is also
an important difference to the existence detection approach
of Wang et al. [1] that uses saliency values for the feature
vector directly.
The rest of the paper is organized as follows. In Section II,
some selective attention models and existence detection
approaches are presented. We introduce our framework
for predicting the existence of interesting objects in input
images in Section III. Experimental results are presented and
discussed in Section IV. The paper ends with a conclusion
and some directions for future work in Section V.
II. RELATED WORK
Saliency approaches have been introduced to improve
information selection and object detection in natural images.
These approaches are either purely bottom-up (no information about target objects is required) or use a priori known
object features or scene context for saliency computation
and saliency map refinement (top-down approaches). Recent
methods extend the concept of salient region detection
through sliding windows to better suppress background
regions by evaluating the probability of the windows containing interesting objects. Some of these approaches are
briefly introduced here.
Walther and Koch [7] presented a saliency detection
method for forming and attending to objects in natural
scenes. This work is based on the approach of Itti et al.
[8] and relies on a global and local analysis of low-level
features such as edges, orientation of edges, motion and
color in natural images. Other approaches use band pass
filtering [9], or take into account the global color contrast
[10] and the luminance contrast [11] of images for saliency
computation. The approach of Hou et al [12] extracts
the image’s residuals by analyzing its log-spectrum, which
makes saliency computation robust against local illumination
changes and noise. However, since all these approaches are
purely bottom-up and do not consider object properties, it is
difficult to assess whether saliency is triggered by interesting
objects or needless yet strong background.
To address this limitation and to better highlight object
regions in saliency maps, Frintrop et al. [13] extended a
bottom-up saliency approach by a top-down component. The
top-down component uses previously selected features of
target objects as weights to weight object features more
than background for saliency computation. Ban et al. [14]
presented a human-inspired saliency approach that is based

Figure 1: From top to bottom: Background images captured
from our robot, and useless bounding boxes generated by
the approach of Alexe et al. [16].
on incremental object learning and selective attention techniques. Their approach uses techniques from neuro-science
to learn and memorize features from a priori known objects,
which are also used to highlight salient regions containing
the target objects. As an alternative, Shen et al. [15] incorporate high-level semantic, color and location priors into
saliency computation to better consider target object properties. Finally, Xu et al. [6] tailored the concept of bottom-up
attention and top-down information to a multi-focal vision
system on a mobile robot. For that purpose, they propose to
use features extracted from target objects to better select
salient regions belonging to target objects, and to adapt
the bottom-up saliency model to the current environment.
These approaches help to find regions containing the target
objects in saliency maps very quickly, but are impractical
for application where little or almost no information about
target objects is available.
Sliding window approaches overcome the limitation of a
priori known object information, and aim to detect interesting, yet unknown objects in saliency maps by combining
local cues and evaluating the probability of the window
containing a foreground object or not. Luo et al. [17] use
heuristic methods for evaluation, but successful detection
cannot be guaranteed [1]. As an alternative, Alexe et al.
[16] proposed to combine various cues such as multi-scale
saliency, edge density and color contrast into a Bayesian
framework to evaluate the probability of a window containing an object. However, these approaches do not attempt to
judge whether there really exist interesting objects in images
at all, and may lead to unexpected results when applied to
background images. Fig. 1 illustrates example background
images and needless bounding boxes generated by the
approach of Alexe et al. [16]. Moreover, sliding window
approaches are computationally expensive and might not be
feasible for applications on mobile robots where resources
such as computing power is limited.
More related to our definition of predicting the existence
of interesting objects in images is the approach of Wang
et al. [1]. The proposed scheme exploits global features
extracted from multiple saliency maps to judge the existence
of interesting objects in thumbnail images. To consider
geometrical and location information of an object, Wang et
al. [1] proposed to individually partitioning four saliency

Figure 2: The proposed framework of our existence detection
scheme. The light-red blocks show the training, and the
light-blue boxes the detection procedure.
maps into blocks and to fuse the average saliency values of
each block into a single feature vector. The generation of
this vector is based on the assumptions that salient content
in background images is always scattered and a single
object produces a compact salient region [1]. However, this
assumption may be violated when a robot sees multiple
interesting objects spread over the entire image or when
an object is closely located to one of the image borders.
Moreover, in thumbnail images, most of the objects are
located in the image center, and the approach in [1] tends
to learn the location of a bright salient object rather than its
compactness.
In contrast to existing approaches that rely on a priori
known features extracted from target objects, histogram features extracted from saliency maps can be used to efficiently
detect the existence of interesting objects in images without
prior information about target objects such as color or
texture needed. Histogram features also remove geometrical
information such as object location or rotation, which makes
existence detection feasible for a wide range of applications
in robotics.
III. PROBABILITY-BASED EXISTENCE
DETECTION
To quickly discard uninteresting images and to retain
images with interesting objects, we developed an existence
detection system as shown in Fig. 2 that helps a robot to
focus on object images. After computing the saliency map of
new input images, our framework computes the probability
distribution of saliency values. A previously trained PCAbased feature extraction approach selects the probabilities
of saliency values that best discriminate between object
and background images. The selected probabilities are then
stacked into a feature vector and fed into a binary classifier
for existence prediction. In order to test our system, we
trained our system on a database that consists of 1000
background and object images captured in the working

Figure 3: Example background image (1st row) and object
images (3rd row) captured in the working environment of
our robot. The corresponding saliency maps (FT [9] saliency
approach, 2nd and 4th row) show significant differences with
respect to contrast and saturation, and are, hence, used for
existence detection.
environment of our robot. The database includes images
taken from single and multiple objects located at the image
center and at the image borders with background containing
trees, sand, soil and lawn. Fig. 3 shows example images
from our database.
A. Saliency Approaches Used For Evaluation
Since various saliency approaches produce saliency maps
of different quality, we discuss and present our existence
detection scheme based on five state-of-the-art saliency
approaches, which are frequency-tuned (FT [9]), visual
attention (IT [8]), global contrast (RC [10]), luminance
contrast (LC [11]) and spectral residual (SR [12]). These
approaches are briefly summarized below. The saliency
approach proposed by Itti et al. [8] (IT) is frequently applied in robotics, and evaluates image saliency with respect
to small neighborhoods using features at different scales.
The frequency-tuned (FT) saliency detection approach [9]
uses band-pass filtering to produce full-resolution saliency
maps. Its low computational complexity makes it highly
suitable for real-time applications on a mobile robot. The
region-contrast (RC) saliency approach [10] takes the global
contrast of images for saliency detection into account, and
produce accurate saliency maps in terms of Recall and Precision. Another global contrast approach uses the luminance
contrast (LC) [11] to compute saliency maps. Finally, the
spectral residual (SR) approach [12] extracts residuals of
an image by analyzing its log-spectrum and is robust against
local illumination changes and noise.
B. Existence Detection Using Saliency Features
Feature Extraction: Fig. 3 illustrates computed saliency
maps from example images containing background and
interesting objects. It can clearly be seen that saliency
maps produced from background and object images show
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Figure 4: From left to right: Example background and
foreground image (selected for illustrative purposes), and
the corresponding saliency map using the Frequency-Tuned
(FT) saliency approach [9]. The probability distribution
function for images with (w) and without (w̄) salient objects,
determined using 1000 test images captured by our robot.
significant differences with respect to contrast and saturation. Hence, the probability distribution function (PDF) of
saliency maps computed from object and background images
should reflect this fact, no matter whether single or multiple
objects exist in an image and where the objects are located.
Also, for our test scenarios, experiments based on saliency
maps evaluating the global contrast of images showed that
saliency maps from object images are dominated by low
saliency values. Fig. 4 illustrates that the saliency-based PDF
of object images has a peak at low saliency values in contrast
to the PDF for background images. Hence, the probability
distribution function is feasible for identifying the different
types of input images, and can effectively remove geometrical information such as the object location. According to
these observations, we used the histogram (PDF) of saliency
values as the feature vector X for existence detection.
To build a feature vector X for predicting the existence
of interesting objects, we first normalize a saliency map
S into [0, 1], using m = 256 discrete saliency values. Let
further i, i ∈ {w, w̄} be the type of an input image, where
w denotes images with, and w̄ images without interesting
objects, and Ωi the corresponding image class. We then
compute the probability distribution function pdf (S|Ωi ) of
a saliency map S to determine the probabilities p(sj |Ωi )
of the saliency values sj , with j ∈ {1, ..., m} the m
discrete saliency values. We then stack the the probabilities
p(sj |Ωi ) of the pdf into an m-dimensional feature vector
Xi = [xi,1 , ..., xi,m ]T Xi ∈ Rm×1 , such that
Xi = pdf (S|Ωi ) with xi,j = p(sj |Ωi )

FT
3
0

(1)

with xi,j the j-th entry of a feature vector Xi .
The probability distribution functions pdf (S|Ωi ) computed for the saliency maps of several saliency approaches
(see Fig. 5) show that the PDF for object images has a
peak at certain saliency values. As an example for FT-based
saliency maps, Fig. 5a shows that the PDF has a significant
peak at the saliency values 1, 2 and 3, with high probabilities
p(s1 |Ωw ), p(s2 |Ωw ) and p(s3 |Ωw ) for object images i = w,
respectively. Hence, these saliency values might be best
to discriminate between object and background images,

and might hence be suitable for robust existence detection,
whereas the probabilities of other saliency values might lead
to worse classification, e.g., s > 20. In order to select
the saliency values that best discriminate between object
and background images, we applied Principal Component
Analysis (PCA) [18] to exhibit the most variance across the
feature vectors Xi for each type i. The advantage of PCA is
in transforming a set of possibly correlated variables into a
set of values of uncorrelated variables. This is important for
existence detection, when histograms are correlated through
scaling.
In order to automatically select the saliency values and the
corresponding probabilities that best discriminate between
object and background images, we build a feature matrix
M, M ∈ Ri·N ×m for the two image types i ∈ {w, w̄}
M = [Xw,1 , ... , Xw,N , Xw̄,1 , ... , Xw̄,N ]

(2)

where N is the total number of training samples (training
vectors), and m is the dimension of a feature vector X. Applying PCA to the feature matrix M provides the projection
matrix Pm , Pm ∈ Rm×m , containing the m eigenvectors
(principal components) E, E ∈ Rm×1
PM = [E1 , ... , Em ]

(3)

associated with the corresponding m eigenvalues λ. In order
to obtain the saliency values with the highest variance across
the training data, we determine d, d << m, principal
components by selecting their corresponding eigenvalues
λu , u ∈ [1, ..., m], which represent 95% of the variance
of the data. This reduces the dimensionality of a feature
vector Xi from m to d, and the new projection matrix
Pd , Pd ∈ Rm×d for dimensionality reduction is described
as follows:
Pd = [E1 , ... , Ed ]
(4)
Once the projection Pd has been determined, every feature
vector Xi of type i is transformed into Zi as follows:
Zi = Pd T · Xi

(5)

Tab. I presents the number of principal components after
applying PCA to the feature vectors obtained from saliency
maps of five state-of-the-art saliency approaches, using 1000
test images. We used 10-fold cross-validation to determine
the average and the standard deviation of the numbers of
principal components.
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Figure 5: Probability distribution functions PDF of salient values from saliency maps of five state-of-the art saliency
approaches which are FT [9], IT [8], RC [10], LC [11] and SR [12], averaged over 1000 test images. We computed
the saliency maps for both images with (w/) and without salient object (w/o). We chose logarithmic axes and a range of the
salient values of [1, 256] for illustration purposes (The area under each curve is 1.0).
Classification: Once we have obtained the transformed
feature vectors Zi containing the probability values p(sj |Ωi )
of the saliency values sj that best discriminate between
object and background images, we use a Bayes classifier to
distinguish between the two classes Ωi , with i, i ∈ {w, w̄}
the type of an input image with (w) and without (w̄) interesting objects. Experiments based on our test data showed
that the probability distribution of the feature vectors Zi
used for training follows a Gaussian distribution. Hence,
we can model the probability distribution p(Zo |Ωi ) of the
test vectors (observations) Zo as multivariate normal, i.e.,
p(Zo |Ωi ) ∼ N (µi , Σi ) [19]:
p(Zo |Ωwi )

1

·


1
T −1
·exp − (Zo − µ) Σ (Zo − µ) (6)
2

=

(2π)(d/2) det(Σ)( 1/2)

with µ a d-component mean feature vector, and Σ the
corresponding d-by-d feature covariance matrix. To distinguish between the two classes Ωi , i ∈ {w, w̄}, we use the
discriminant function
g(Zo ) ≡ gw (Zo ) − gw̄ (Zo ),

(7)

that assigns Zo to class Ωw if gw (Zo ) > gw̄ (Zo ), and vice
versa. Following the Bayesian classification theorem, we use
the minimum-error-rate discriminant function that can be
written as follows [19]:
g(Zo ) = ln

P (Ωw )
p(Zo |Ωw )
+ ln
p(Zo |Ωw̄ )
P (Ωw̄ )

(8)

with the prior probabilities P (Ωw ) and P (Ωw̄ ). Based on
Eqs. 6 and 8, we can derive the final discriminant function
gi (Zo ) for a class Ωi as follows:
1
(Zo − µi )T Σ−1
i (Zo − µi ) . . .
2
d
d
− ln(2π) − ln det(Σi ) + ln P (Ωi ) (9)
2
2
with d the dimension of an observation vector Zo , and µi
the d-dimensional mean vector and Σi the d×d dimensional
covariance matrix observed from training data for each class
gi (Zo )

=

−

Ωi . Experiments showed that decreasing the number of
histogram bins to m = 40 and grouping six histogram values
into one bin decreases the sensitivity of existence detection
to image noise and improves the classification accuracy
for all saliency approaches. We obtained an classification
accuracy of 88.1% for the FT-based saliency approach, using
10-fold cross-validation for testing and assume equal prior
probabilities P (Ωw ) = P (Ωw̄ ) = 0.5 (for more results,
see Section IV).
IV. RESULTS
In this section, we describe the experiments and discuss
the results obtained for our existence detection approach
(see Section III-B). We conducted experiments based on five
state-of-the-art saliency approaches, which are frequency
tuned (FT [9]), visual attention (IT [8]), region contrast
(RC [10]), luminance contrast (LC [11]), and spectral residual (SR [12]). In a first experiment, we evaluated the overall
performance of our approach for the different saliency maps
using Precision, Recall and F-Measure. We then discuss the
varying performance of our existence detection approach
when using different saliency maps for generating feature
vectors. Finally, we compare the performance of our method
with the existence detection approach proposed by Wang et
al. [1]. For all our experiments, we use our test database that
consists of 1000 object and background images captured in
the working environment of our robot.
Performance Evaluation: In order to evaluate the overall
performance of our approach, we conducted experiments
using different saliency maps for feature vector generation. To quantitatively analyze the performance of existence
detection, we apply 10-fold cross-validation to compute
the mean classification accuracy, Precision, Recall and Fmeasure as well as their standard deviation. Precision and
Recall are formulated as follows
TP
TP
Precision =
, Recall =
(10)
TP + FP
TP + FN
while the overall classification accuracy is formulated as
follows:
TP + TN
Accuracy =
.
(11)
TP + TN + FP + FN
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Figure 6: Precision, Recall and F-measure. We computed
Precision, Recall and F-measure for five saliency approaches
with are FT [9], IT [8], RC [10], LC [11], and SR [12] using
10-fold cross validation based on 1000 test images.
Algorithm

Average Accuracy

Standard Deviation

FT
IT
SR
LC
RC

0.881
0.691
0.683
0.622
0.610

0.020
0.121
0.172
0.109
0.091

Table II: Classification accuracy: Existence detection based
on FT saliency maps proves to have the highest average
accuracy in the tested images as well as the lowest standard
deviation between results.
We compute F-measure as the harmonic mean of Precision
and Recall as follows:
F-Measure = (1 + β 2 ) ·

β2

Precision · Recall
· Precision + Recall

(12)

with T P , T N , F P and F N the true positive, true negative,
false positive and false negative classifications, respectively.
In our application, we are interested in obtaining high
Recall, and chose β 2 = 2.0 to weight Recall more than
Precision. Clearly, background images falsely classified
as object images (F P ) can be ignored in a later stage of
an object detection framework, while objects can not be
detected at all when object images are falsely discarded as
background images (F N ). Fig. 6 illustrates the Precision,
Recall and F-measure results and Table II the overall
classification accuracy for the selected saliency approaches.
Both Fig. 6 and Table II demonstrate that frequency-tuned
saliency maps used for generating feature vectors yield
the best classification accuracy for existence detection,
and result the most consistency in terms of Precision and
Recall. While our approach performs best on saliency maps
from the FT-based saliency approach with an accuracy
of ≈ 88.1% ± 2%, the saliency maps obtained from
the RC saliency approach might not be suitable due to
a much lower accuracy of ≈ 60.1%±9% in our test images.

(b) FT

(c) RC

Figure 7: From left to right: Background and object images
(a), and the resulting saliency maps. While there exist
obvious distinctions between the FT saliency maps (b),
almost no distinctions in terms of contrast and saturation
exist between the RC saliency maps (c).
Algorithm

Class Discriminatory Information

Std. Deviation

FT
IT
SR
LC
RC

1.931
0.572
0.808
0.553
0.516

0.157
0.075
0.093
0.102
0.049

Table III: Fisher criterion as a measure for class discriminatory information: Training samples extracted from FT
saliency maps demonstrate to have the largest class discriminatory information in the tested images.
Separability of Training Samples: In order to explore the
lower performance of the other saliency maps for existence
detection, we conducted further experiments to study the
class discriminatory information (separability) between the
training feature vectors Zi , i ∈ w, w̄ (samples) from images
with (w) and without (w̄) interesting objects. For this purpose, we compute the Fisher criterion F C as a measure for
the class discriminatory information as follows:
FC =

|µw − µw̄ |2
s̃2w + s̃2w̄

(13)

with µw and µw̄ the mean vector of N training samples,
and s̃2w + s̃2w̄ the within-class scatter of the N samples Zi
for each class, with the scatter
X

T
s̃2i =
Zi − µi Zi − µi , i ∈ {w, w̄}.
(14)
Zi

Table III illustrates the average class discriminatory for the
training samples generated from the five different saliency
maps. It can clearly be seen that feature vectors generated
from the FT-based saliency maps have the largest class
discriminatory information, which is almost two times larger
than the second largest class discriminatory information
for training samples obtained from IT-based saliency maps.
Fig. 7 also provides a visual assessment of saliency maps
with low class discriminatory information, examplified for
RC saliency maps. While there exist obvious distinctions
between the FT saliency maps obtained for background and
object images (see Fig. 7b), it is difficult to assess a strong

Classification Accuracy
1.0
0.9
0.8
0.7
0.6

Task

Mean execution time

Std. Deviation

Saliency Computation
Classification

12.627 ms
0.902 ms

0.871 ms
0.032 ms

Total

13.529 ms

0.0912 ms

Table V: Execution time of existence detection on a 2.67GHz
Intel I5 CPU (C-implementation).
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Figure 8: Classification performance using a Bayesian classifier, Random Forest classifier and Support Vector Machine.
Approach

LBED [1]

Modified LBED

Ours

Accuracy

81.2% ± 3.1%

85.4% ± 2.6%

88.1% ± 2.0%

Table IV: Classification accuracy of our FT-based Bayesian
classifier approach (Ours), and the location-based existence
detection approach (LBED) of Wang et al. [1]. Removing
geometrical information makes LBED more robust (Modified LBED), and results good classification accuracy in our
test images.
difference between the RC saliency maps for foreground and
background images (see Fig. 7b). These types of saliency
maps lead to similar saliency histograms which make a
clear classification of input images into object or background
images difficult.
We also conducted experiments to study whether more
advanced classifiers would improve the classification accuracy of existence detection, in particular, for saliency maps
whose low class discriminatory information results in low
classification performance. In our experiments, we replaced
the Bayesian classifier with both a Support Vector Machine
(SVM) with Gaussian kernel [20] and a Random Forest
classifier [21], and determined the overall classification
accuracy of our approach for the five saliency maps. Fig. 8
shows the performance of existence detection using the
originally proposed Bayesian classifier, the Random Forest
classifier and the Support Vector Machine. It can be seen
that more advanced classifiers such SVM or Random Forest
can increase the performance of existence detection using
RC and SR saliency maps of up to 10%, while only a slight
increase in performance can be achieved for the FT and
IT saliency approaches. This means that SVM and Random
Forest can better cope with training samples with poor
separability, while no increase in the performance can be
achieved for training samples with larger separability.
Comparison with State of the Art Approach: Finally,
we compared the performance of our existence detection
approach with the existence detection approach of Wang et
al [1].They propose to create a feature vector by individually

partitioning four saliency maps into N blocks and fusing the
average saliency values of each map into a final feature vector, thereby retaining the location of interesting objects. This
vector is the basis to predict the existence of interesting objects in images using a random forest classifier. We will call
this approach location-based existence detection (LBED).
Table IV illustrates the performance of our approach and
LBED. It also shows that our FT-based Bayesian existence
detection approach results larger classification accuracy
(88.1% ± 2.0%) when compared to the LBED approach of
Wang et al. [1]. For test purposes, we also replaced the
scheme for generating the feature vectors in LBED with our
feature generation approach (Modified LBED). Experiments
showed that effectively removing geometrical information of
saliency maps increases the classification performance of the
original LBED from 81.2% ± 3.1% to 85.4% ± 2.6%, and
is, hence, important for robust existence detection. Finally,
Table V shows the execution times for the C-implemented
existence detection on a standard laptop with a 2.67GHz
Intel I5 CPU.
V. CONCLUSIONS AND FUTURE WORK
In this paper, we present a novel approach to existence
detection based on the probability density function (PDF)
of saliency maps. First, a histogram of saliency values is
constructed to effectively remove geometrical information
of saliency maps. By identifying the largest variance across
training examples using PCA, the saliency values that best
discriminate between images with and without interesting
objects are selected and stacked into a feature vector. Given
a training set of feature vectors extracted from images
with and without interesting objects, a binary classification
approach is trained to robustly predict the existence of
interesting objects in new input images, and to quickly
discard images containing background only. This enables
a robot to focus on images containing task relevant objects
only. Our method proposed here is a general concept, which
can be applied for a variety of scenarios for applications in
both robotics and computer vision. Experiments showed that
our approach outperforms an existing existence detection
approach.
As a part of future work, we plan to extend our technique
in several main areas. First, test images showed that salient
content in background images is scattered, while foreground
objects produce saliency maps with a compact salient region.
Incorporating the compactness of salient regions into the

feature vector, yet still removing information about the
object’s location in the saliency map would increase the
robustness of our existence detection approach. Another
interesting direction to explore may be the consideration of
the extent of potential salient objects. Since the object size
influences the probability distribution of saliency maps, a
new classifier may consider three classes of image types,
namely 1) no salient objects in input images at all, 2) the
existence of a salient object covering 10% − 30% or 3)
30% − 60% of the pixels in input images.
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