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Executive Summary/Abstract
Objectives:






To develop novel methods for supervised salient object segmentation task that provides
many industrial applications such as camera autofocusing, advertisement assessment, etc.
To provide general trainable segmentation systems to the industrial partners such that each
partner can train its own network in accordance with their application of interest.
To research novel Neural Network structures and to investigate the feasibility and
effectiveness of the proposed models for salient object segmentation task.

Methods:
The supervised salient object detection task was pursued in several approaches.

A Convolutional Segmentation Network (CSN) was proposed in order to learn to segment
salient objects. This approach discards the subsampling layers and the fully connected MLP
layer of a regular Convolutional Neural Network (CNN) so that the output of a CNN is an
image with a reasonable resolution.

A generalized Multilayer Perceptron (MLP) structure, namely Generalized Operational
Perceptron (GOP), was proposed by using a larger set of operations than the ones that are
used in MLP. With the motivation of the success of GOPs in classification od 1-D signals,
GOPs were generalized to Operational Neural Networks (ONNs) for image classification and
finally to Operational Segmentation Networks (OSNs) for salient object segmentation tasks.
The feasibility of ONNs and OSNs for these tasks was investigated.

The powerful abilities of CNNs and a state of the art unsupervised salient object detection
method Quantum Cuts (QCut) were combined by an end-to-end trainable system that is
constructed by concatenating a Convolutional Kernel Network (CKN) and QCut. Such a
system effectively learns to predict pairwise image region affinities to be used in QCut such
that QCut will produce good saliency maps.
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Results:






The initial experiments with the Convolutional Segmentation Networks were motivating in
the sense that we have observed the ability of such architecture to predict reasonable
saliency maps.
Despite the success of GOPs in 1-D signal classification over MLPs, due to the infeasible
computational complexity of the straightforward training procedure of OSNs, we had to skip
this approach until we come up with a more feasible training strategy.
The system obtained by combining a 1-layer CKN and QCut achieved a significant
performance improvement over the QCut baseline.

Conclusions and Future Work:
Based on the experimental investigation of several supervised salient object segmentation
methodologies proposed in this project, one can draw the following conclusions.

Deep fully convolutional network based structures are powerful in the sense that they can
produce good salient segments.

For the CNN based segmentation networks, a global inference layer concatenated to the
CNN acts as a complementary block that exploits global information that cannot be covered
by the hierarchical local convolutions performed by CNNs.

The individual performances of CSNs and 1-layer CKN-QCut system, motivates us for future
studies of investigating a deep end-to-end trainable system with combining CSNs and QCut.

Related Work and Differences of the Proposed Methods
GOPs, ONNs and OSNs:
The Generalized Operational Networks proposed in this project, differentiate from the common
Multilayer Perceptrons in the sense that they exploit a higher diversity of operations. GOPs are
self-organized, self-adaptive neural networks with a generalized set of operations, pooling and
activation functions. Contrary to MLPs, each neuron in GOPs can perform a distinct operation
over its input signal each with a certain weight. In the pooling stage, unlike MLPs, GOPs can use
any proper integration operator besides summation. Similarly, activation stage can also be
utilized by any proper activation function. As a generalization of GOPs; ONNs and OSNs also
differentiate from their counterparts CNNs and CSNs in their generalized set of operations
within the networks. Such distinctness allows GOPs, ONNs and OSNs to perform the tasks that
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are achieved by their counterparts with much less number of neurons and with a higher
efficiency.
CKNs:
Convolutional Kernel Networks were originally proposed as networks that learn the similarities
between images. The structure of CKNs was modified in this project in order to exploit them to
learn similarities of image regions. Furthermore, CKNs were originally proposed to approximate
a Gaussian Kernel in each layer with unsupervised training. In our proposed model we have
trained the CKNs so that they will predict affinities that produce good saliency maps when
exploited by QCut. The novelty of this approach is the fact that we add a global inference layer
on top of CKN and exploit both the powerful capabilities of CKN and QCut in an end-to-end
trainable system. This approach provides much better results than applying QCut on outputs of
CKNs that are trained separately in unsupervised fashion. It should be noted that in this
structure, we make use of CKNs as a block for affinity learning which serves as an input to QCut.
Similar efforts have recently been made on affinity learning for image segmentation, all with
their drawbacks when compared to our approach. Turaga et al. [1] proposed a convolutional
neural network (CNN) based affinity learning scheme for 3-D biomedical images. The method
proposed in [1] is not a complete system that learns image segmentation; it rather learns to
detect edges and relies on other methods for image segmentation. Briggman et al. [2] proposed
an end-to-end trainable system for maximin affinity learning for image segmentation. This
method makes use of a very simple segmentation method; however, usually such simple
methods cannot solve complex segmentation problems. Cour et al. [3] address this problem by
resorting to the segmentation with normalized-cuts, which is a much more powerful method
compared to connected component labeling over thresholded affinity masks. There are two
drawbacks of this method: (1) normalized-cuts is not necessarily suitable for foreground
segmentation (2) the capacity of affinity evaluation function is very limited. Ranftl et al. [4]
address both shortcomings of [3] by using a 5-layer CNN for affinity estimation with an
inference layer on top, which employs a convex variational relaxation of the minimum s-t graph
cut problem. However, the method in [4] has a serious shortcoming: it is not possible to model
graph weights corresponding to higher-order relations. In other words, it is able to learn graph
weights only for a 4-connected graph.
Our approach addresses all shortcomings of the related work in affinity learning for
segmentation. Unlike [1], our method is trainable in an end-to-end fashion. Unlike [1], [3] and
[4] we can learn to predict affinities of graphs that have any connectivity rule. Finally, unlike [2],
the affinity generating block of our method has a very high capacity and our global inference
layer is suitable for foreground extraction.
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Results
Methods (System architecture with components added or improved new approaches)
A. Convolutional Segmentation Networks
Convolutional Neural Networks (CNNs) are Artificial Neural Networks (ANNs) designed to scale
to images by weight sharing and a connectivity rule limited by a defined neighborhood in each
layer. CNNs have obtained a paradigm shifting success in many computer vision tasks recently
such as image recognition. A classical CNN layer composes of three main operations:
convolution, non-linear activation and pooling (subsampling). As the CNN goes deeper, i.e. the
number of layers increase, the semantic information related to the image becomes more
evident; however, the localization information gets shallower as the size of the outputs of
deeper layers are smaller due to many subsampling operations.
In order to keep both semantic and localization information, we skip the pooling layers and
train a CNN with only convolution and activation layers. We refer to this network as
Convolutional Segmentation Networks (CSNs). To this end, we exploit a 3 layer CSN that takes
input images of size 56-by-56 and exploits 3-by-3 convolutions in each layer. The resulting
output of such network is 50-by-50. An illustration of a CSN is given in Figure 1.
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Figure 1. Convolutional Segmentation Networks
Another contribution of our proposal is the novel divide-and-conquer learning methodology
that we name as Self Data Organization (SDO). The aim of Self-Data Organization (SDO) is to
create minimal number of CSNs that can segment faces with the desired accuracy. For this
purpose, each expert CSN should be trained over its (homogeneous) data that it can perform
the segmentation with the utmost accuracy. Without any CSN at the beginning, this is a typical
“Chicken-Egg” problem. The solution is an iterative approach for training and partitioning the
data block for each network, as follows:
1. Initialization: Start with a random data chunk with a practical size (e.g. 10% of the block)
2. Online data adaptation (ODA): During training, rank the current data block and select the
best chunk (i.e. those images that the current CSN can extract their objects with the highest
accuracy).
3. Specialization: Once the initial training is over, filter out the images where CSN cannot
achieve certain segmentation accuracy and perform incremental training the CSN over the
homogenous data left for the CSN.
4. Data Expansion: Expand the CSN’s homogenous data over the rest of the training block by
the segmentation accuracy assessment with respect to a specified level. Those images over
which the CSN can successfully segment the salient object can then be inserted to its
homogenous data collection.
5. Repeat Until: Subtract the homogenous data collection of the CSN from the training data
block and repeat steps 1-4 for the next CSN until the entire data block is entirely depleted
(covered).
B. Operational Segmentation Networks
Generalized Operational Perceptrons (GOPs) -that are proposed in this project- are a
generalization of the regular Multilayer Perceptrons (MLPs). In human neural system, the
functions that the neurons utilize are of great variety. Therefore, MLPs provide only a limited
approximation of the human neural system as they are solely based on linear transformation
followed by a non-linear activation. In order to better approximate the human neural system,
we propose GOPs that can exploit many linear and non-linear functions both in nodal and
pooling layers. Specifically, each layer of a GOP is able to utilize a different operator. These
operators and their derivatives for backpropagation procedure are given in Table 1 and Table 2
for nodal and pooling operators respectively.
Table 1. Nodal Operators and Derivatives
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Table 2. Pooling Operators and Derivatives

The training of GOPs is not straightforward as the type of the operators that each layer utilize is
a hyper parameter. Therefore, as a special learning scheme, we propose Progressive
Operational Perceptrons (POPs). POPs are based on heterogeneous GOPs which will have one
operation set per layer. While learning, we first form networks with only 1 hidden layer each
utilizing a single operation. Each network is trained on the training dataset and the best
performing network has been chosen. This would give us the operation type that will be used in
the first layer. Next, with this primitive learned network as a fixed input layer, we form another
layer cascaded to this. Again, the type of the operation that added layer has is optimized to give
the best performance overall. This process continues until no more layers are left from the
initial design.
GOPs and POPs can be easily generalized to Operational Neural Networks (ONNs) with the
same analogy of MLPs and CNNs. Furthermore, segmentation task –which is the main
application task in this project- can be achieved by converting ONNs to Operational
Segmentation Networks (OSNs) similar to the conversion of CNNs to CSNs. The structure of
OSNs are similar to that of CSNs, however the operations that are applied in each layer is not
limited to convolutions only. A representative figure of OSN structure is provided in Figure 2.
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Figure 2. Operational Segmentation Networks
C. Convolutional Kernel Networks
Mairal et al. proposed a hierarchical kernel reproducing neural network structure in [5]. The
input layer of CKN, or the layer-0, is assumed to be a finite dimensional map ξ0 : Ω′0 → ℝp0
where Ω0 denotes the image coordinates and Ω′0 = Ω0 + P0′ with the patch shape P0′ , for
example a 3x3 square. Next, a patch extraction from ξ0 is defined as follows: φ0 : Ω0 → ℋ0 ,
′

ℋ0 = ℝp0 |P0 | . Here for all points z0 in Ω0 , φ0 (z0 ) is a patch of ξ0 centered at z0 . A simple
example to the layer-0, ξ0 , can be given as the input image, with p0 = 3 corresponding to RGB
data. In this simple example Ω′0 = Ω0 and patch size is 1x1. The layer-0 is followed by
convolutional, pointwise nonlinearity and down-sampling layers following the traditional
approach of Convolutional Neural Networks (CNNs). Let us consider these three layers as a
block and denote ξk−1 : Ω′k−1 → ℝpk−1 as the map obtained by the (k − 1)-th block. When
k = 1, ξ0 is the input data or the layer-0. Then, the output of the convolutional and the nonlinearity layers is given as follows:
ζk : z → ‖ψk−1 (z)‖2 [√ηkl

2 pk
1 ̃
− 2 ‖ψ
k−1 (z)−μkl ‖2
σ
e k
]

(1)

l=1
pk
pk
In (1), Μk = [μkl ]l=1
, Νk = [ηkl ]l=1
and σk are the layer parameters representing filters, filter
importances and the standart deviation of the Gaussian nonlinearity respectively. ψk−1 (z)
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′
̃ k−1 (z) is obtained by ℓ2
represents a patch from ξk−1 centered at z with shape Pk−1
and ψ
normalization on ψk−1 (z).

Next, the pooling layer is applied. Ω′k−1 is subsampled by a factor of βk and the output of the
k th block ξk : Ω′k → ℝpk is obtained by linear pooling using Gaussian weights from ζk as follows:
1

− 2 ‖u−z‖22
2
√
ξk : z →
∑ e βk
ζk (u)
π

(2)

uϵΩk−1

With the above network, a kernel of feature maps φk−1 (z ) and φ′k−1 (z ) can be approximated
as follows:
K(φk−1 (z ), φ′k−1 (z )) ≈ 〈ξk , ξ′k 〉

(3)

In [5], it is shown that the expression in (3) is obtained by the finite dimensional approximation
of the Gaussian kernel where the approximated kernel is the following:
K(φ, φ′ ) = ∑ ∑ ‖φ(z)‖H ‖φ′ (z ′ )‖H e

−

2
1
2
‖z−z′ ‖2 − 1 ‖φ
̃ (z)−φ
̃ ′ (z′ )‖2
2β2
e 2σ2

(4)

z∈Ω z′ ∈Ω

In this project, we use convolutional kernel networks with some modifications to make the
formulation suitable to our problem. We wish to make use of the CKN structure as a color
affinity learning system. Therefore, our zeroth layer is a color feature extracted from an image
region. While measuring the similarity between two images, contrast normalization may be
useful. However, in this project the aim is to learn color similarities within an image, where the
contrast also contributes. Therefore, we have not normalized the feature maps. Furthermore,
since our input data contain no spatial information from the image, spatial information of the
features does not have any meaning as they have in image patches. This makes pooling
unreasonable. Without pooling and feature normalization, the proposed kernel for color affinity
K c is given by:
K c (φ, φ′ ) = ∑ ∑ ‖φ(z)‖H ‖φ′ (z ′ )‖H e

−

2
1
‖φ(z)−φ′ (z′ )‖2
2σ2

(5)

z∈Ω z′ ∈Ω

Similar to approximation of (4) by (3), this kernel in (5) can be approximated by
̅ k 〉 where ζ̅k is formulated as follows:
K c (φk−1 (z ), φ′k−1 (z )) ≈ 〈ζ̅k , ζ′
ζ̅k : z → ‖ψk−1 (z)‖2 [√ηkl

pk
1
− 2 ‖ψk−1 (z)−μkl ‖22
σ
e k
]

(6)

l=1
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Since we will use this modified network throughout the paper, we will refer the above network,
i.e. the one without feature normalization and pooling layers, as CKN for simplicity.
As one can observe from (6), the output of one layer CKN gives a feature vector of similarities to
a color represented by the filters μkl with smoothing factor σk and each similarity is weighted
by an importance factor √ηkl . Then, the kernel approximation corresponds to affinities that are
obtained by the dot product of these features [5]. In [5], these parameters were learned in an
unsupervised fashion by approximating the Gaussian kernel. This approach is assumed to
produce a dataset based approximation of the Gaussian kernel. We also follow the same
unsupervised training to obtain an initialization of CKN parameters. However, our final goal is to
generate salient maps and, therefore we fine-tune this network with backpropagation via a
global inference layer which produces saliency maps.
With 1-layer CKN, we can interpret this process as dataset-based color affinity learning for
salient object detection. Next we briefly review the global inference layer QCut and provide
backpropagation equations for the entire system.
Quantum-Cuts [6] (QCut) is an automatic state-of-the-art salient object detection technique
based on the following spectral graph-cut optimization:
̅)
cut(A, A
(7)
,
area(A)
A
where A is a collection of foreground nodes (image regions) in a graph representation of an
̅ is the collection of the remaining graph nodes, and area(A) is the number of nodes in
image, A
̅ ) = ∑i∈A,j∈A̅ wi,j . Here, the graph
A. The well-known cut formulation is expresed as cut(A, A
A∗ = argmin

weight wi,j is a similarity measure between regions i and j. In [6], it is shown that a spectral
approximation to the optimization in (7) is given as follows:
∗
yQcut
= ψ ∘ ψ, Hψ = λψ

(8)

∗
In (8), yQcut
is a real valued approximation of a foreground indicator vector, z∗ is the

eigenvector of matrix H with smallest eigenvalue λ. H is formulated as H = D − W + V where
W is constructed from affinities wi,j , D is a diagonal degree matrix whose elements are
obtained by row-wise summation of W. Finally, V is a non-negative diagonal matrix of
background priors for each node. The solution of QCut exhibits significant similarity with the
solution of Schrödinger’s Equation, which is used to determine the energy states of particles in
Quantum Mechanics [6]. Due to this relation and the connections to graph cut, the method was
named as Quantum-Cuts.
In this project, we have made used the extended version of QCut (EQCut) proposed in [7].
However, instead of the hand-crafted affinity measures used in [7], we will learn the affinities
with CKN. In other words, the affinity measure between two color vectors ci and cj are
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calculated as follows:
wi,j =

1
,
ε + 1 − 〈ζ̃i , ζ̃j 〉

ζi = [√ηkl

pk
1
− 2 ‖ ci −μkl ‖22
e σk
]

(9)

l=1

Following the intuitions given in the previous subsection, we use a one-layer CKN and represent
the final feature vector obtained by the output layer as ζi for a given color vector ci . The color
vectors are simply obtained by the mean Lab color vector from region i. In order to calculate
affinities, instead of the approximation of (5), we give a similar measure in (9). This type of
affinities is observed to work better for QCut [6]. In affinity evaluation we use ζ̃i , the ℓ2
normalized version of ζi . We would like to point out here that the normalization is made on the
CKN output, i.e. the learnt feature vectors. This approach was also adopted in [5]. Thus, we do
not use the color contrast as a multiplicative factor as in (6), since we have already included this
information in the exponential term as explained in the previous subsection.
In the proposed training strategy, first, CKN parameters are initialized by the unsupervised
learning strategy proposed in [5]. Then, from the unsupervised CKN output, we construct the
affinity matrix W and the corresponding H matrix with the affinities calculated by (9). Next, we
solve for the eigenvector ψ of H corresponding to the minimum eigenvalue. The error vector
can be represented as follows:
e = f(y, g)

(10)

where y = ψ ∘ ψ is the l1 normalized EQCut saliency map and g is the l1 normalized version of
the original ground truth vector. The error corresponding to node i, ei , can be back-propagated
to each element of H using the chain rule as follows:
∂ei
∂ei ∂yi ∂ψi
= ( )(
)(
)
∂H
∂yi ∂ψi ∂H

(11)

∂e

The first term, (∂yi ) is dependent on the selection of the loss function. In this study we will
i

analyze the following loss functions:
f1 (y, g) = |y, g|2 ,
f2 (y, g) = DKL (g||y),

(12)

g

where DKL (g||y) = ∑i g i log (yi ) is the Kullback-Leibler (KL) divergence. Since both g and y are
i

l1 normalized and positive, we can think of these vectors as probability distributions. This is the
motivation behind using the KL divergence, f2 (y, g), as a loss function. On the other hand,
f1 (y, g), Euclidian distance between saliency map and ground truth, is a very intuitive and
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widely used loss function. The corresponding partial derivatives with respect to y are given as
follows:
∂f1 (y, g)
= 2(y − g),
∂(y)

(13)

∂f2 (y, g)
= −g ⊘ y
∂(y)

.
.
.

CKN

.
.
.

CKN

.
.
.

CKN

.
.
.

CKN

.
.
.

CKN

.
.
.

CKN

H

EQCUT

Figure 3. The proposed salient object detection method: Mean colors of superpixel regions
are fed to CKNs and extracted features are used to construct the input for EQCut.
Note that ⊘ is the element-wise division operator. The second term in (11) is straightforward;
∂yi
∂ψ(i)

= 2ψ(i). The third term on the other hand is a difficult eigenvector differentiation.

However, for real and symmetric matrices, this derivative exists in a closed form and the
formulation is as follows:
∂ψ
= [ψ⨂(λI − H)† ]Dpl,
∂h

(14)

where λ is the corresponding eigenvalue for ψ, which is an eigenvector of H, h is the vectorized
version of H by row-wise raster scan, (. )† denotes the Moore-Penrose pseudo-inverse, Dpl is
the duplication matrix which converts the half-vectorizations of symmetric matrices to full
vectorizations, I is the identity matrix and ⨂ is the Kronecker product. Hence, one can rewrite
(11) as follows:
∂ei ∂ei
(2ψ(i))([ψ(i)(λI − H)+ ]Dpl),
=
∂H: ∂yi

(15)
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∂e

where ∂yi is given by (13) depending on the adopted loss function. Since we wish to update W
i

∂e

of the H matrix entries, we need ∂Wi . This can be obtained as follows:
∂ei
∂ei
= −1T dei,H − dTei,H 1 + 2 ,
∂W
∂H
where dei,H is a vector obtained by the diagonal elements of

(16)
∂ei
∂H

. Finally, the derivative for the

average error e̅ per node can be calculated as follows:
∂e̅
1
∂ei
= ∑
∂W N
∂W

(17)

i

Next, we need to compute the partial derivatives of the affinities with respect to the CKN
parameters. In this study, we will only focus on one layer CKN which corresponds to datasetbased color space learning as previously explained. By the multivariate chain rule, we can write
the partial derivatives of the error with respect to the filter weights as follows:
∂AvgErr
∂AvgErr ∂wij
= ∑∑
,
∂μl
∂wij ∂μl
i

j

∂wij
ηl
−
= 4wi,j 2 2 (ci + cj − 2wl )e
∂μl
σ

(18)

2
2

‖ci −μl ‖22 +‖cj −μl ‖
σ2

Similarly, the partial derivatives with respect to the filter importance weights can also be
written as follows:
∂AvgErr
∂AvgErr ∂wij
= ∑∑
,
∂ηl
∂wij ∂ηl
i

j

∂wij
−
= 2wi,j 2 e
∂ηl

(19)

2
2

‖ci −μl ‖22 +‖cj −μl ‖
σ2

Finally, the partial derivatives with respect to the Gaussian smoothing parameter are given as
follows:
∂AvgErr
∂AvgErr ∂wij
= ∑∑
,
∂σ
∂wij ∂σ
i

j

∂wij
4
2
−
= 3 wi,j 2 ηl (‖ci − μl ‖22 + ‖cj − μl ‖ ) e
2
∂σ
σ

2
2

‖ci −μl ‖22 +‖cj −μl ‖
σ2

(20)

The partial derivatives given in (18), (19) and (20) are easily derived following from the
definitions in (9). With the equations in (14)-(20), one can back propagate the error from an
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image ground truth to update the CKN parameters.
During training, first, an image is abstracted by a super pixel extraction method. Next, average
color values for each super pixel are extracted as a feature vector for the corresponding region.
Then, the initial parameters of CKN are trained in an unsupervised manner so that the dot
product of two output vectors of CKN corresponding to two input color vectors will be able to
approximate (5). With this initialization, these parameters are trained via error
backpropagation by the rules defined in the previous subsection in (18), (19), and (20). This
procedure is conducted for a selected training dataset for salient object detection with given
ground truth maps. An online stochastic gradient descent approach is adapted for minibatch
size of 1. An epoch is completed when the entire dataset is covered. Training is stopped after
100 epochs and the parameters corresponding to the best performing epoch are selected as
the learned parameters. During the test stage, the super pixel abstraction and feature vector
construction step is utilized, then, each feature pair’s affinity is calculated by (9) with the
learned CKN parameters. Next, the affinity matrix is constructed by these affinities and using
this matrix, EQCut can then extract the saliency map for the test image. The flowchart of the
overall method for a sample image is illustrated in Figure 3. Here, it should be stated that the
neighborhood definitions and affinity normalizations with respect to spatial neighborhoods are
fixed to those in [7]. However, since a symmetric affinity matrix is needed during
backpropagation, a symmetric version of the affinity matrix in [7] is used, by simply averaging
this matrix with its transpose.

Experimental Results
In this section, we first briefly review the salient object detection datasets and evaluation
measures. Next we share the results of each approach that is proposed in this project.
Datasets
SOD [8] dataset contains 300 images from the Berkeley Segmentation Dataset [9]. Seven
subjects were asked to label the salient object in each image from the collection segments
labeled in [9]. The dataset includes many salient objects and a high background clutter. JUDD
[10] dataset is the most challenging dataset containing 900 images in total with multiple salient
objects and high background clutter. This dataset was adopted from the eye fixation dataset in
[11]. Two subjects were asked to label the objects in a given image and the most salient objects
were selected as the ones including the most eye fixations. MSRA10k [12] contains 10k images
from the dataset in [13] with pixel-wise annotations. Compared to the other datasets, MSRA10k
contains relatively easier examples with large objects having high contrast. Dut-OMRON [14]
contains 5168 images with one or more salient objects per image and high background clutter.
The images were collected from the Web and annotated by 25 subjects.
Experimental Results
15

A. Convolutional Segmentation Networks
The convolutional segmentation networks were trained for salient object segmentation and
face segmentation tasks. Some test results for salient object detection and face segmentation
have been provided in the figures Figure 4 and Figure 5 respectively. It can be observed that
CSNs achieve a considerable success in highlighting the salient regions effectively.

Figure 4. Salient Object Detection by CSNs
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Figure 5 Face Segmentation by CSNs
B. Convolutional Kernel Networks
In our experiments, we have employed two super pixel granularities, i.e. 150 and 300, and
three different numbers of filters for CKN, i.e. 100, 250 and 500. The network was trained using
the two loss functions (l2 -norm and Kullback-Leibler divergence) as performance metrics. In
total we have trained 12 different networks corresponding to all combinations of number of
filters, superpixel granularities and loss functions.
During the training, we have used SOD as the training dataset to learn the CKN parameters. We
have tested the performance of the trained network on JUDD, MSRA10k and Dut-OMRON
datasets. During the unsupervised training when initializing the CKN parameters, we have also
used SOD dataset for consistency. However, later in this section, we also show that
unsupervised training can be conducted by any set of images, since this process finds CKN
parameters that approximate the Gaussian kernel in (5) and should have less dependency to
the training dataset.
17

Table 3. Comparison of Euclidian Loss (l2 ) and Kullback–Leibler (KL) divergence performances
of EQCut, EQCut with unsupervised CKN (UCKN) and with supervised CKN (SCKN). F and SP are
abbreviations for filter number and super pixel granularities respectively. Training set is colored
in light green and test set is colored in light blue.
BSD-𝑙2

100F-150SP

250F-150SP

500F-150SP

100F-300SP

250F-300SP

500F-300SP

EQCUT

0.0020

0.0020

0.0020

0.0022

0.0022

0.0022

UCKN

0.0018

0.0018

0.0018

0.0018

0.0018

0.0018

SCKN

0.0017

0.0017

0.0017

0.0017

0.0017

0.0017

BSD-KL

100F-150SP

250F-150SP

500F-150SP

100F-300SP

250F-300SP

500F-300SP

EQCUT

11.4371

11.4371

11.4371

10.8072

10.8072

10.8072

UCKN

6.0272

5.9782

5.9588

5.2497

5.2037

5.2025

SCKN

4.8895

4.1904

5.2950

4.3066

3.6315

4.5073

DUT -𝑙2

100F-150SP

250F-150SP

500F-150SP

100F-300SP

250F-300SP

500F-300SP

EQCUT

5.25 e-04

5.25 e-04

5.25 e-04

6.05 e-04

6.05 e-04

6.05 e-04

UCKN

2.21 e-04

2.20 e-04

2.19 e-04

2.10 e-04

2.09 e-04

2.08 e-04

SCKN

1.88 e-04

1.82 e-04

1.89 e-04

1.86 e-04

1.81 e-04

1.94 e-04

DUT -KL

100F-150SP

250F-150SP

500F-150SP

100F-300SP

250F-300SP

500F-300SP

EQCUT

8.2524

8.2524

8.2524

6.8130

6.8130

6.8130

UCKN

4.0099

3.9360

3.9223

3.3650

3.2888

3.2794

SCKN

3.5252

3.1810

3.6056

3.0547

2.8083

3.0208

JUDD-𝑙2

100F-150SP

250F-150SP

500F-150SP

100F-300SP

250F-300SP

500F-300SP

EQCUT

1.37 e-04

1.37 e-04

1.37 e-04

2.01 e-04

2.01 e-04

2.01 e-04

UCKN

0.70 e-04

0.70 e-04

0.69 e-04

0.75 e-04

0.74 e-04

0.73 e-04

SCKN

0.61 e-04

0.56 e-04

0.61 e-04

0.65 e-04

0.57 e-04

0.65 e-04

JUDD-KL

100F-150SP

250F-150SP

500F-150SP

100F-300SP

250F-300SP

500F-300SP

EQCUT

11.9165

11.9165

11.9165

11.1764

11.1764

11.1764

UCKN

6.6452

6.6014

6.5898

5.8876

5.8171

5.8116

SCKN

5.7560

5.1160

6.0583

5.1807

4.5858

5.3050

18

MSRA -𝑙2

100F1-50SP

250F-150SP

500F-150SP

100F-300SP

250F-300SP

500F-300SP

EQCUT

2.5 e-04

2.5 e-04

2.5 e-04

3.01 e-04

3.01 e-04

3.01 e-04

UCKN

0.74 e-04

0.69 e-04

0.68 e-04

0.63 e-04

0.57 e-04

0.56 e-04

SCKN

0.52 e-04

0.36 e-04

0.48 e-04

0.45 e-04

0.33 e-04

0.44 e-04

MSRA -KL

100F1-50SP

250F-150SP

500F-150SP

100F-300SP

250F-300SP

500F-300SP

EQCUT

5.4479

5.4479

5.4479

4.5386

4.5386

4.5386

UCKN

2.6206

2.4759

2.4427

2.0780

1.9410

1.9026

SCKN

2.3378

1.9152

2.2061

1.9311

1.5678

1.7118

Table 3 presents l2 and KL performances of EQCut, EQCut with unsupervised CKN (UCKN) and
supervised CKN (SCKN), respectively. The results are enlisted for all superpixel granularities,
number of filters and performance metrics. Performance on the training dataset is illustrated in
light green background, while performance on the test datasets is illustrated in in light blue
background. Since the number of filters is irrelevant in the baseline, EQCut performance
evaluation, the performance is replicated for all filters for each given superpixel granularity.
Based on Table 3, we observe the following:
a. UCKN always outperforms EQCut for all performance metrics and for all tested cases.
b. SCKN always outperforms UCKN for all performance metrics and for all tested cases.
c. UCKN always performs better for all performance metrics as the number of filters increases.
d. For SCKN, 250 filters yield the best performance for all superpixel granularities and
performance metrics.
The 1-layer CKN transforms a Lab color vector into a feature vector, which can be interpreted as
a color-space transformation. Recall that the baseline EQCut and UCKN differ in the features
used. Hence, observation (a) shows that affinities in the new transform domain lead to a better
salient object detection performance compared to the one obtained by using affinities
computed in the Lab color space. On the other hand, observation (b) shows that CKN trained as
explained before, can learn representations that enhance performance in the training dataset.
We also make the same observations for the test datasets, which means that the trained
network generalizes well on unseen images. Observation (c) states that, increasing the number
of filters in UCKN, leads to an enhanced performance. Increasing the number of filters leads to
a better approximation of the Gaussian kernel in (5) and, hence, this result is expected.
However, we make a contradicting observation in the SCKN performance: as observation (d)
states, using 250 filters achieve the best performance, not 500. This can be explained by
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analyzing the training process of the method when 500 filters are used. In this case, training
converges much quicker than the others. This can be interpreted as follows: As the number of
filters used is increased, although the network capacity increases, the search space also
increases and it is likely that this large network has more critical points. Therefore, there are an
optimal number of filters that takes advantage of the increase in the capacity, but does not
suffer from early convergence.

Functionality of Innovation(s)
The innovation of the first approach in this project, Convolutional Segmentation Networks, lies
within its specific design for exploiting deep convolutional networks for image segmentation.
Such architecture allows high success of CSNs with much less parameters than their
competitors. Furthermore, the novel divide and conquer training procedure with many CSNs
achieves a significant performance improvement. The innovation of the second approach,
Operational Segmentation Networks, lies within the higher variety of operations that are
exploited within the network. This allows a high capability of network to be trained with much
less parameters in a less deep structure. The results of 1-D version Progressive Operational
Perceptrons show that exploiting higher variety of operations in training achieves a huge
performance improvement in 1-D signal classification. The same result is expected for OSNs as
well, once we figure out a more efficient way of training it. Finally, the innovation of
Convolutional Kernel Networks based approach is concatenating CKNs with the state-of-the-art
salient object detection method Quantum Cuts. This way, we can train an end-to-end system
which can make use of high capability of CKNs for affinity prediction together with the globally
optimal salient object detection with QCut from these affinities.

Conclusions and Recommendations
In this project, we have employed three novel approaches to salient object segmentation task
from images. Our first approach Convolutional Segmentation Networks achieved a notable
success in effectively highlighting the salient objects. This network has much less parameters
than the state-of-the-art segmentation methods exploiting deep learning, yet it can learn to
produce segments that have similar performance. Our second approach Operational
Segmentation Networks, motivated by the success of Generalized Operational Perceptrons in 1D classification task, was found to be infeasible to train for the training procedure we have
adopted for Progressive Operational Perceptrons. Hence, although OSNs are highly promising,
we have left them for further research for a more computationally efficient training procedure.
Our third approach, 1-layer Convolutional Kernel Networks combined with Quantum Cuts
achieved great success over the baseline Quantum Cuts. This motivates us for further research
on combining deeper CKNs with QCuts.
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Impact and Uses/Benefits
The Convolutional Segmentation Networks and Convolutional Kernel Networks combined with
Quantum Cuts provide two trainable segmentation networks that have the capacity to achieve
state-of-the-art performance in salient object segmentation. The impact of such a generalized
segmentation network is the fact that, given the ground truths, an industrial partner can train
this system for any segmentation task that it desires. Such systems can serve the companies
that are dealing with computer vision problems such as camera auto-focusing, advertisement
assessment, face segmentation and many other applications basically including any
object/region segmentation task.
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