
Multimedia Tools and Applications
https://doi.org/10.1007/s11042-022-13717-y

Maximum entropy scaled super pixels segmentation
for multi-object detection and scene recognition
via deep belief network

Adnan Ahmed Rafique1,2 ·Munkhjargal Gochoo3 ·Ahmad Jalal1 ·Kibum Kim4

Received: 25 January 2021 / Revised: 3 March 2022 / Accepted: 24 August 2022
© The Author(s), under exclusive licence to Springer Science+Business Media, LLC, part of Springer Nature 2022

Abstract
Recent advances in visionary technologies impacted multi-object recognition and scene
understanding. Such scene-understanding tasks are a demanding part of several technologies
such as augmented reality based scene integration, robotic navigation, autonomous driving
and tourist guide applications. Incorporating visual information in contextually unified seg-
ments, super-pixel-based approaches significantly mitigate the clutter, which is normal in
pixel wise frameworks during scene understanding. Super-pixels allow customized shapes
and variable size patches of connected components to be obtained. Furthermore, the com-
putational time for these segmentation approaches can significantly decreased due to the
reduced number of super-pixel target clusters. Hence, the super pixel-based approaches are
more commonly used in robotics, computer vision and other intelligent systems. In this
paper, we propose a Maximum Entropy scaled Super-Pixels (MEsSP) Segmentation method
that encapsulates super-pixel segmentation based on an Entropy Model and utilizes local
energy terms to label the pixels. Initially, after acquisition and pre-processing, image is
segmented by two different methods: Fuzzy C-Means (FCM) and MEsSP. Then, to extract
the features from these segmented objects, the dynamic geometrical features, fast Fourier
transform (FFT), blob extraction, Maximally Stable Extremal Regions (MSER) and KAZE
features are extracted using the bag of features approach. Then, to categorize the objects,
multiple kernel learning is applied. Finally, a deep belief network (DBN) assigns the rel-
evant labels to the scenes based on the categorized objects, intersection over union scores
and dice similarity coefficient. The experimental results regarding multiple objects recogni-
tion accuracy, precision, recall and F1 scores over PASCAL VOC, Caltech 101 and UIUC
Sports datasets show a remarkable performance. In addition, the evaluation of proposed
scene recognition method over these benchmark datasets outperforms the state of the art
(SOTA) methods.
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1 Introduction

Scene understanding in intelligent systems [39] is very challenging task and it has gained
much interest in the research community particularly in relation to vision based systems.
These systems have achieved remarkable attention due to their potential in real-world appli-
cations [20] like autonomous driving [6], drone targeting systems [50], healthcare [55],
artificial eye for blind people [4], global positioning system based location finder [44],
human activity recognition [29] and unmanned aerial vehicles. Understanding scenes cor-
rectly and analyzing behaviors within them are still critical tasks and challenging which
demand reasoning from low-level features to high-level scene labels. These scene labels are
used to classify items out of large numbers of scene classes as they are described directly by
using scene descriptors such as GIST, and CENTRIST. Therefore, scene understanding and
recognition methodology are generally divided into two stages: i) converting features into
objects and ii) converting objects to scenes. Such methodology recognizes the scenes by
concatenating the low-level features with high-level object detectors. Then, detected objects
are analyzed for their semantic relationships. Finally, the scenes are labeled by the informa-
tion attained from semantic relationship analysis in order to better discriminate each scene
class.

The key task of the object detection and scene recognition system (ODSR) is to recognize
and label the scene based on the recognition of all the objects present in the scene. Numer-
ous researchers have proposed different models to understand and accurately label the
scene, however, still there are several challenges such as complex backgrounds, occlusion,
scaling, and illumination variations, that need to be addressed to get the best possible recog-
nition accuracy. Therefore, we proposed a robust model that deals with these challenges
by segmenting images via unique Maximum Entropy scaled Super-Pixel (MEsSP), merg-
ing multiple local and global features by incorporating the bag of features technique fused
with multiple kernel learning to categorize the objects. Hence, compared to conventional
approaches, our novel approach produces superior performance results.

In this paper, we proposed a novel idea that integrates the MEsSP Segmentation with a
bag of features to categorize the objects and then by employing deep belief network (DBN),
predicts the scene labels. Our method is comprised of the following steps: Primarily, we
remove the noise, smooth the image and apply filters using the ideal low pass filter. In
the next step, two different segmentation techniques such as FCM and MEsSP are applied.
The segments obtained are further examined for the extraction of dynamic multiple features
using a bag of features approach in the third step. Then, we incorporate multiple kernel
learning for the categorization of objects. Finally, based on object’s categories, IoU scores
and dice similarity coefficient (DSC), DBN predicts the scene label.

Our contributions are as follows:

1. Two approaches namely, FCM and MEsSP segmentation for single or multi-objects
are applied. The MEsSP method performs better compared to FCM, so MEsSP based
results are forwarded for the extraction of features using a bag of features technique.

2. To extract geometrical features, an algorithm is proposed that extracts the key points
of an object and then connects these points to form different geometrical shapes for
geometrical features extraction.

3. Multiple kernel learning is applied to the features extracted from the bag of features
technique for the categorization of the objects.

4. DBN is applied to predict a scene based on categorized objects, their IoU scores and
DSCs.
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The Remainder of the paper is organized as follows: Related work on scene understanding
and recognition is discussed in Section 2. Section 3 addresses the proposed methodology
of single/multi object detection for scene understanding using bag of features. Section 4
presents experimental evaluation of segmentation and recognition accuracy using DBN
compared with other state of the art (SOTA) methods. Section 5 presents the conclusion and
future work.

2 Related work

ODSR are demanding tasks which have gained a lot of interest over the last couple
of decades in multimedia and visual technologies. The current era of these studies and
technologies has manipulated the ODSR in diverse environments such as action recogni-
tion, GAIT-recognition, pedestrian tracking and the diagnosis of diseases using biomedical
imaging.

Multi-object recognition is more complicated since one image consists of several
instances with a cluttered environment and complicated backgrounds in various locations.
Numerous researchers have focused on multi-object recognition while some others have
used traditional systems to explore scene understanding and labeling. These traditional sys-
tems compute different features to recognize the objects and to classify scenes. A detailed
overview of these systems is described in Tables 1 and 2.

In the above table, multiple authors did not consider the traditional models while com-
paring their proposed approach. A few researchers used low-quality features while building
their model for classification or recognition. Similarly, some of the researchers did not com-
pute the computational time to verify the effectiveness of their proposed model while some
others only consider the accuracy as an evaluation metric. Based on the above analysis, we
have proposed a novel method that incorporates the effective segmentation mechanism inte-
grated with a diverse set of features to categorize the objects and recognize the scenes. We
also evaluated our model on several metrics including accuracy, precision, recall, F1 Score,
computational time, and compare the results with other well-known SOTA methods as well
as traditional models. The comparison results demonstrated the effectiveness of our model.

3 Design framework for object detection and scene recognition

Initially, the proposed ODSR System acquires data as input for the pre-processing steps.
Secondly, for segmentation, two approaches, MEsSP and FCM, are employed. To extract
features effectively, using bag of features, different features are computed such as geomet-
rical features, FFT, blobs, MSER, and KAZE. Then, the computed feature vector via bag of
features is forwarded to MKL for the categorization of the objects. After categorization, IoU
scores and DSC are computed. Finally, DBN is applied to these object categories, IoU score
and DSC for scene recognition and understanding. The schematic view of our proposed
system is presented in Fig. 1.

3.1 Data acquisition and preprocessing

During preprocessing, an image is acquired as an RGB color image with different file for-
mats. Initially, all the images are converted into 213x320 pixels. These resized images are
then transformed from RGB to grayscale. Then, the median filter [3, 46] is used to remove
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Table 2 Main contributions of various researchers on mulit-object and scene recognition

Reference Main Contributions

A. Ahmed et al. [1] They proposed a novel method to recognize multi-objects in a scene based on
object categorization. They segmented the image by employing improved FCM
and mean-shift segmentation techniques. Later, local descriptors are extracted
and multiple kernel learning is applied for object categorization. Additionally,
they incorporated intersection over union (IoU) scores and multi-class logistic
regression for scene classification.

U. Asif et al. [7] They presented a hierarchical cascade forests model that uses computed prob-
abilities at different phases of an image based on which unknown objects and
classes are recognized. They introduced an objective function that extracts fea-
tures from the point clouds of RGB-D objects for object recognition and grasp
detection.

M. Rashid et al. [48] They designed a model based on a Deep Learning (DL) technique that rec-
ognizes objects by selecting multi-layer deep features. They used three steps
namely, Inception V3 for feature extraction, DL architecture for feature fusion,
and Deep CNN for recognition, to accurately recognize the objects. More-
over, they also optimized their system by applying logistic regression controlled
entropy variance.

S. Zia eta al. [67] Suggested a solution for object recognition using a deep convolutional neural
network (CNN). They designed a hybrid 2D/3D CNN that used a pre-trained
network. They train their CNN over a small RGB-D dataset. They combined the
features extracted from both RGB only and depth only models, in their hybrid
model, to produce more accurate results.

L. Zhang et al. [62] They proposed a framework that relies on the traversing of total pixels to make
the status of objects understandable as an object bank. Scene classification is
performed by a normalized sum match kernel.

X. Song et al. [52] Following the semantic manifold model, they extended the model to recognize
the scenes by employing semantic illustrations and confined contextual relation-
ships. They trained the model to discriminate multiple complex scenes, which
have numerous classes.

R. Kachouri et al. [33] They introduced a segmentation method that depends on the unsupervised learn-
ing technique (i.e., clustering) to identify the significant regions. They used color
and textures as features to separate out the clusters or regions for the retrieval of
scene information.

H. Zhao et al. [26] They proposed a Pyramid Scene Parsing Network that takes an image as input
and extracts the features by using a pre-trained convolutional neural network.
Then, by using pyramid pooling, they accumulate visual features via a multiple-
level pyramid. Finally, they predict scene labels with the help of a convolution
layer.

N. Hussain et al. [64] Introduced a hybrid mechanism that combines features based on both classical
and deep learning techniques. After making the database balanced, two classi-
cal features pyramid histograms of gradients and central symmetric local binary
patterns are fused with the deep learning features which are extracted from the
pre-trained Convolutional Neural Network model. To choose the best features,
they used joint entropy with the K-nearest neighbor. J. Feng et al. proposed
a probabilistic topic model that uses latent Dirichlet allocation to extract the
features to make scene semantic recognition. They used deeper training latent
Dirichlet allocation for features training.

S. Xia et al. [58] They discussed unique regions rendering using neural nets and designed a
combined architecture in which they build a semantic manifold on top of multi-
scale CNN. Then, they employed Markov random fields to concatenate various
features such as multi scales and spatial relations to detect the appropriate
scenes.
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Fig. 1 Flow architecture of the proposed ODSR Model

the noise from the image and an ideal low pass filter is applied to smooth the image. The
following transfer function of ideal low pass filter is used for smoothing:

F(u, v) =
{

1 if S(u, v) ≤ S0

0 otherwise
(1)

where S(u, v) denotes the distance of (u, v) to the center of pixels in an object.

3.2 Segmentation framework

Numerous visual technologies exploit image segmentation as a fundamental step to ana-
lyze scenes. To perform the segmentation process, images are partitioned into homogeneous
regions. Thus, the role of segmentation is significant in different applications including
autonomous vehicles, surveillance systems [27], medical imaging, and virtual reality. Var-
ious algorithms for object segmentation have been proposed by different researchers, such
as region-growing [31], watershed transform [31], k-means clustering [15], graph-cuts
[66], conditional random fields [63] and other advanced deep learning (DL) methods. To
find the optimal solutions of objects for segmentation during scene recognition, we pro-
pose two different segmentation methods for the object detection, scene understanding and
recognition.

3.2.1 Maximum entropy scaled super-pixels segmentation

As a graph partitioning problem, we take into consideration clustering. To divide the image
into K super-pixels, we seek a graph configuration that has K associated sub-graphs and
boosts the objective function implied [37].

To represent an image over a graph (G = V,E) having vertices that denote the pixels,
and edge weights represent similarities in terms of a similarity matrix. We need to pick out
group of edges (A) to a limit of E so that the resulting equation (G = V,A). We note that a
self-loop is maintained by each edge within the graph, but it is not sufficient to sort out the
problem of graph partition. When the edge of the related vertices is not included in A, we
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improve the edge weight for the self-loop to such a degree that each vertex has a constant
incidence.

To get dense and consistent clusters, we use the entropy scale of the random walk
(RW) criteria on the graph. The distribution of RW remains unchanged and probability set
functions probx,y are symbolized as follows:

probx,y(A) =

⎧⎪⎨
⎪⎩

Wx,y
Wx

if x �= y and ex,y ∈ A

0 if x �= y and ex,y /∈ A

1 −
∑

y :ex,y∈AWx,y

W
if x = y

(2)

Therefore, the entropy scale of the RW on (G = V,A) may be formulated as a function:

H(A) = −
∑
x

μx

∑
y

probi,j (A)log(probx,y (A)) (3)

We employ a balancing function that inspires clusters with equivalent dimensions. Let A
set of edges , NA as linked pixels (connected components), and ZA is the membership
of diffused clusters. For example, suppose the graph partitioning for set of edges A be
SA = S1, S2, S3, . . . , SNA

. Then the diffusion of ZA can be expressed as:

pZA
(i) = |Si |

|V | , i = 1, ..., NA (4)

and the balancing function may be written as:

B(A) = H(A) − NA = −
∑

i

pZA
(i)log(pZA

(i)) − NA (5)

Entropy H(A) supports clusters having similar dimensions; while NA support a couple of
clusters.

The objective function based on composition of rate of entropy and balancing func-
tion, encourages versatile, symmetric, and organized clusters. By optimizing the objective
function with respect to set of edges, the clustering is attained:

maxAH(A) + B(A) (6)

subject to A is subset of E and NA is greater than or equal to K , where weight of balancing
term is considered as 0. Figure 2 illustrates the results of MEsSP.

Fig. 2 A few examples of MEsSP Segmentation on PASCAL VOC 2012
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Fig. 3 FCM segmentation on PASCAL VOC 2012. The upper row represents the original images and
segmentation results are illustrated in the lower row

3.2.2 Fuzzy c-means segmentation

FCM is a technique where clustering is performed in such a way that a single element
belongs to two or more clusters [1, 41]. Hence, based on these coinciding elements, pix-
els that belong to more than one cluster are supposed to depict the fuzzy logic. The FCM
segmentation process is accomplished by optimization of the objective function through
iterations. In addition, the membership pkl

R and cluster center bk are updated accordingly.
The weighted sum of the distance between the cluster center and the elements of the corre-
sponding fuzzy cluster is computed by performance index FM(P,Q) and it is formulated
as follows:

FM(P,Q) =
c∑

k=1

m∑
l=1

pR
kl |al − bk|2 (7)

Table 3 Computational time (CT) comparison for MEsSP and FCM segmentation algorithms over PASCAL
VOC 2012

Class MEsSP FCM Class MEsSP FCM

HS 91.0 101.2 TN 103.6 141.5

BD 107.1 123.5 CR 109.1 139.2

PR 95.7 99.0 MB 131.3 157.9

CW 98.4 107.3 BC 111.5 123.1

SH 132.0 155.2 BL 137.8 154.0

AP 75.5 91.1 CH 81.0 98.5

CT 127.2 129.3 DT 94.5 115.6

DG 83.1 97.9 PP 117.9 129.9

BT 119.2 135.3 SF 106.2 137.0

BS 160.9 175.2 TV 127.0 151.7

Average CT of the MEsSP = 107.13 s

Average CT of the FCM algorithm = 131.69 s

HS = horse; BD = bird; PR = person; CW = cow; SH = sheep; AP = aeroplane; CT = cat; DG = dog; BT =
boat;

BS = bus; TN = train; CR = car; MB = motorbike; BC = bicycle; BL = bottle; CH = chair; DT = dining table;

PP = potted plant; SF = sofa; TV = television
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where the number of clusters is represented by c, data points m and real numbers R in kth

cluster illustrating the fuzziness of resulting cluster, the association of al pixels in kth cluster
can be expressed pR

kl , and bk is cluster center;

pR
kl = 1∑c

h=1(
|al−bk ||al−bk |

2
)

1
R−1

(8)

the pkl belongs to [0, 1] for k = [1, ..., c]

bk =
∑

l = 1mpR
klXj∑m

k=1 pR
kl

(9)

Hence, if FM(P,Q) results in the smallest distance from the relevant pixel to the cluster
center, the higher membership value is assigned to the relevant pixel. The FCM results are
shown in Fig. 3.

The two segmentation techniques namely, MEsSP and FCM algorithms are compared
and evaluated based on segmentation accuracies along with computational time. FCM
execution time is more than that of our proposed MEsSP. Additionally, our proposed algo-
rithm produces comparatively better segmentation results than FCM, therefore, we used
MEsSP results for ensuring the experiments. Table 3 describes the comparison of com-
putational time between the MEsSP and FCM on PASCAL VOC 2012. While, Tables 4
and 5 demonstrates segmentation accuracies over PASCAL VOC 2012 and Caltech 101
datasets respectively. Based on the computational time and accuracy of both the segmenta-
tion techniques, MEsSP is more effective and accurate. Therefore, the results from MEsSP
are considered for further processing i.e. feature extraction, object categorization and scene
recognition.

3.3 Bag of features methods

To describe the image, multiple features are extensively used in object detection, recogni-
tion and classification models. Various researchers considered effective feature extraction
techniques including ensemble machine learning approach [24]. Here, an idea referred to as
bag of features [43] has been used in various works. This has been derived from a widely
known idea used in text retrieval techniques known as bag-of-words [61]. This phenomenon
can be carried out in the case of images by splitting the image into meaningful patches, as

Table 4 Segmentation accuracy comparison for MEsSP and FCM algorithms over PASCAL VOC 2012
dataset

HS BD PR CW SH AP CT DG BT BS

MEsSP 95.23 92.71 93.88 94.54 91.63 88.87 89.91 94.19 86.55 88.25

FCM 93.65 91.11 93.06 93.88 90.91 87.25 90.15 93.75 83.57 82.66

TN CR MB BC BL CH DT PP SF TV

MEsSP 84.25 91.51 89.46 85.73 90.19 94.45 90.87 95.65 82.15 90.95

FCM 80.55 91.68 86.79 84.25 87.45 92.56 89.32 94.92 80.78 90.11

HS = horse; BD = bird; PR = person; CW = cow; SH = sheep; AP = aeroplane; CT = cat; DG = dog; BT =
boat; BS = bus; TN = train; CR = car; MB = motorbike; BC = bicycle; BL = bottle; CH = chair; DT = dining
table; PP = potted plant; SF = sofa; TV = television
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Table 5 Segmentation accuracy comparison for MEsSP and FCM algorithms over Caltech 101 dataset

HS KR AN MB KT CN CM DK FY HW

MEsSP 89.35 84.81 95.27 96.36 86.75 94.11 92.50 94.22 94.68 92.67

FCM 88.71 81.05 90.89 92.67 85.19 91.95 91.40 93.29 90.88 91.56

AP ET ZB LP HC TG TR DR BR DN

MEsSP 89.80 88.75 85.25 89.67 91.70 93.35 91.55 92.84 90.07 87.66

FCM 85.57 87.21 81.37 86.97 89.65 92.77 90.19 89.46 85.97 80.25

HS=Horse, KR=Kangaroo, AN=Anchor, MB=Motorbike, KT=Ketch, CM=Camel, DK=Duck, FY=Ferry,
HW=Hawksbill, AP=Airplane, ET=Elephant, ZB=Zebra, LP=Lamp,HC=Helicopter, TG=Tiger, TR= Tree,
DR=Deer, BR=Bear, DN=Dolphin

performed in segmentation. Many techniques can perform the segmentation process. More-
over, the detection and extraction of features have been commonly used in problems like
segmentation. Here, we have extracted multiple features to employ a bag of features tech-
nique such as fast Fourier transform (FFT), blob extraction, geometrical features, MSER,
and KAZE features.

3.3.1 Fast fourier transform

To represent an image into a frequency domain, the image is converted into real and imag-
inary parts by applying FFT to the image [42]. We can compute the FFT of the image
mathematically as follows:

F(u, v) =
x−1∑
x=0

y−1∑
y=1

f (x, y)e−(i ∗ 2 ∗ π(u
x

X
+ v

y

Y
)) (10)

f (u, v) = 1

X.Y

x−1∑
x=0

N−1∑
n=1

F(x, y)e−(i ∗ 2 ∗ π(u
x

X
+ v

y

Y
)) (11)

where f (x, y) represents the pixel at position (x, y), whereas F(u, v) is the function to
represent the image in the frequency domain pertaining to the position u and v. Here X × Y

represents dimension of the image, and i is sqrt (−1). Figure 4 depicts the FFT on some
images from the Pascal VOC 2012 dataset.

Fig. 4 FFT features extraction over PASCAL VOC 2012 images
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3.3.2 Blob extraction

A connected cluster of pixels in a specific shape is known as a blob [53, 59]. To group
these pixels into a cluster, a morphological closing operation is performed that results in
the detection of the object as a combination of blobs (See Fig. 5). The most popular blob
detection technique uses Laplacian of Gaussian (LoG). An image I(u,v) after convolving
with LoG is formulated as:

g(u, v, t) = 1

2πt
e− u2 + v2

2t
(12)

a scale space representation on a explicit scale t is furnished S(u, v, t) = g(u, v, t)∗I (u, v).
After applying the Laplacian operator,

∇2S = Suu + Svv (13)

is determined, that returns robust dark blobs of radius r = √
2t (for a two-dimensional

image,r = √
dt for a d-dimensional image) and returns powerful negative bright blobs of

similar dimensions. However, a problem is observed when operator is applied at single scale.
Therefore, to overcome the problem, to dynamically capture the blobs in the iamge, multi-
scale blob detection is performed. So, scale-normalized Laplacian operator is employed to
achieve the dynamic blobs that can be expressed mathematically as:

∇2
normS = t (Suu + Svv) (14)

where ∇2
normS is to detect scale-space max/min. Hence, to determine a three dimensional

scale-space volume S(u, v, t) based on given two dimensional image I (u, v). The pixel
is considered for bright blob if the value is greater than all the pixels surrounded by that
specific pixel and similarly the pixel is considered for dark blob if the value is smaller than
the other pixels. Accordingly, concurrent interest points (̂u, v̂) and scales t̂ are picked up by

û, v̂, t̂ = argminmax(u,v ,t )(∇2
normS)(u, v, t) (15)

3.3.3 Geometrical features

Local geometrical features are computed over the segmented objects. Initially, four extreme
points are computed for each of the detected and segmented objects. These four extreme
points are extreme top, extreme bottom, extreme left and extreme right points. These
extreme points are further used to calculate the local geometrical features Euclidean distance
[28]. Primarily, four extreme points of each segmented object are computed and plotted on
four extreme locations of the foreground object as illustrated in Algorithm 1.

Fig. 5 Blob features extraction on horse riding, bike riding and ducks examples
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Algorithm 1 Dynamic geometric features computation.

The Euclidean distance d is measured between each pair of extreme points. If exttop and
extbot are two points for the computation of Euclidean distance, then the Euclidean distance
may be formulated as:

‖d‖ =
√

(exttopx
− extbotx )

2 + (exttopy
− extboty )

2 (16)

where d is the Euclidean distance from extremetop to extremebot , the x-coordinate of the
extremetop is denoted by exttopx

, y-coordinate of extremetop is represented by exttopy

while x, y-coordinates of extremebot are extbot x and extbot y respectively. The Euclidean
distance between different extreme points for the objects in PASCAL VOC 2012 dataset are
shown in Fig. 6.

3.3.4 KAZE features

To extract KAZE features [2], an imput image is convolved with Gaussian kernel for noise
reduction. An image gradient histogram is computed from the convolved image and a
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Fig. 6 Geometrical Features extraction on the bike riding example from the PASCAL VOC 2012 dataset

contrast parameter p is attained through a programmed process. With the known values of
contrast parameter and evolution time, the nonlinear scale space is established using:

dj+1 = (I − tj+1 − tj

m∑
i=1

Ai(d
j ))−1dj (17)

Furthermore, to detect points of interest, the response of scale normalized determinant of
Hessian at several levels is computed:

SHess = σ 2(duudvv − d2
uv) (18)

where the 2nd order horizontal derivatives is represented by duu and the vertical derivative
is illustrated as dvv , while the 2nd order cross derivative can be expressed as duv . Figure 7
demonstrates the KAZE features.

3.3.5 Maximally Stable Extremal Regions (MSER) features

In MSER [40], the unique regions are demarcated by the feature of the intensity function in
the region and on the contour of the objects in the image, called extremal property. Figure 8
represents the MSER extracted features on some examples of PASCAL dataset.

Image I is a mapping I : D belongs to Z2 → S external region and it can be defined if:

• S is fully ordered
• there exists a proximity A ⊂ D × D

Segment Q is a component which is connected within D and ∀p, q belongs to Q∃ a
sequence p, a1, a2, . . . , an, q which fulfills pAa1, a1Aa2, . . . , anAq

The external edges of a segment may be expressed ∂Q = q ∈ D \ Q : ∃p ∈ Q : qAp

extremal region Q ⊂ D is a region for every p belongs to Q, q belongs to ∂Q : I (p) > I (q)

Fig. 7 KAZE Features extraction from horse riding, person running and ducks example
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Fig. 8 MSER Features extraction from bike riding, horse riding and person running from the PASCAL VOC
2012 dataset

or I (p) < I (q) Let Q1, . . . , Qi−1,Qi, . . . is a pattern of nested extremal regions i.e. Qi is
a subset of Qi+1 ). Extremal region Qi∗ is maximally stable

if: q(i) = Qi+∇\Qi−∇
Qi

has a local minimum in i∗. ∇ belongs to S is the parameter of the
method.

4 Object categorization

To categorize the objects in the complex scene based on extracted multiple features via
bag of features, a MKL [60] technique is employed. Object categorization in our model is
depicted in Fig. 9. During the process of categorization, i image having multiple objects
with the number of n clusters of unique colors, is considered for bag of features and region
Rg of the particular image i. Now, to compute the descriptor from the features set Fi as
f(Rg) : Fi . We can formulate f(Rg) as follows:

CENn = 1

|n|
∑

i

∑
j

Fjni (19)

Mn = 1

|n|
∑

i

∑
j

(Fjni − CENn)(Fjni − CENn)
T (20)

Mi,n =
∑
j

(Fjni − CENn)(Fjni − CENn)
T − Mn (21)

where a cluster center is denoted by CENn,total features in n number of clusters for all the
images belongs to a class are expressed as |n|, Fjni are features that belongs to cluster n

for an image i while Mn is the mean of the bag of features that belongs to clusters n. Mi, n

computes the descriptors of an image i. Then Mi,n is transformed into Vi,n vector. The
combination of vectors Vi,n is used to compute the descriptor of image i for all clusters n.

Vi = (V1, V2, V3, ..., Vn) (22)

To obtain the multiple regions with bounding boxes for extraction of descriptors, deformable
part model is incorporated. Then, based on maximum scores assumed by the detector, var-
ious regions of foreground objects are extracted. After the extraction of specific region
Rg from the object, a kernel function KerRg is used to measure the similarities between
extracted region Rg and images i, j . The kernel function is defined as:

KerRg(i, j) = (f(Rg)(FRgi), f(Rg)(FRgj )) (23)
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Fig. 9 Multiple kernel learning for object categorization on the PASCAL VOC 2012 dataset

Although, to attain the similarity upon whole the image, multiple regions of the image are
considered. Hence, the similarity for all the regions may be formulated as:

Ker(i, j) =
∑

WRgKerRg(i, j) (24)

where weights of regions are represented by WRg .

4.1 Intersection over Union (IoU) score

The IoU score is to specify the level of accuracy regarding how perfectly the objects are
predicted by our model [32, 49]. The proposed system assigns an IoU score to every object
in the complex scene. The IoU function is examined based on multiple objects , the locations
of the objects and finally predicted objects . Mathematically we can express this as follows:

IoUscore = 1

nc

nc∑
nc=1

Scorenc
iou(Op,Oi) (25)

where C denotes the number of classes and ScorenC
iou is described as:

Scorenc
iou(Op, Oi) =

∑
j ∈ V 1[Op − k ∧ Oi − nc]∑
j ∈ V 1[Op = k ∧ Oi − nc] (26)

where ∀i ∈ 1t . . . tCV i ∈ V and pixels in the images are represented by V . The indica-
tor function 1[Op=k∧Oi−nc] returns 1 if [Op = k ∧ Oi − nc] is true, otherwise it returns
0. The ratio of sum of pixels represents the value of ScorenC

iou as the IoU score of the
object. The computed IoU score of the objects over three benchmark datasets are graphically
represented in Fig. 10.
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Fig. 10 IoU score for three benchmark datasets

4.2 Dice Similarity Coefficient (DSC)

To measure the performance of a model, DSC is an evaluation metric that computes the
overlapping area of ground truth images with the images produced after applying the pro-
posed method [16, 57]. If A and B are two sets of objects such that A belongs to the ground
truth objects and B belongs to detected objects using proposed model, then, the DSC can
be formulated as follows:

Dsc = 2 × |A ∩ B|
|A| + |B| (27)

where |A| and |B| are the number of objects in sets A and B and |A∩B| represents common
objects of both the sets. The DSC for three benchmark datasets is shown in Table 6.

4.3 Scene recognition

After multiple object categorization, the labeled information is further used for scene
understanding and recognition. To achieve scene recognition, the following significant
approaches are employed, (1) IoU scores, (2) DSC and (3) categories of the objects. IoU
and DSC are computed to analyze the foreground objects, while in order to recognize the
multi-objects in a scene, categories are fused with IoU and DSC scores to accomplish
scene recognition. In order to recognize the scene, various researchers have applied differ-
ent classifiers. Every classifier has its merits and demerits according to the problem under
consideration. In [21], a novel PCA-whale optimization-based Deep CNN is used for clas-
sification. Multi-view PointNet is proposed in [30] for 3D scene understanding. Another
multiclass classifier is used for the Malware classification in [56] that uses CNN architec-
ture to detect Malwares based on those color images that are extracted through the raw
malware binaries.

4.3.1 Deep belief network

In machine learning, a DBN [34, 38] belongs to one of the deep neural networks. It is
comprised of multiple hidden layers or latent variables. These layers are connected to each
other, whereas the units of the same layer are not connected with one another. DBN fine-tune
the weights of units by employing the following equation:

Wi,j (t + 1) = Wi,j (t) + n
log(p(v))

Wi,j
(28)
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Table 6 DSC for all the objects of the three benchmark datasets

Pascal VOC 2012 Caltech 101 UIUC Sports

Object DSC Object DSC Object DSC

Horse 0.912 Horse 0.799 Racket 0.670

Bird 0.769 Kangaroo 0.775 Shuttle 0.592

Person 0.871 Anchor 0.601 Person 0.831

Cow 0.927 Motorbike 0.881 Boat 0.688

Sheep 0.883 Ketch 0.722 Water 0.930

Airplane 0.750 Cannon 0.763 Sky 0.895

Cat 0.895 Camel 0.850 Tree 0.755

Dog 0.871 Duck 0.826 Snow 0.682

Boat 0.694 Ferry 0.667 Board 0.655

Bus 0.717 Hawksbill 0.612 Ball 0.728

Train 0.562 Airplane 0.755 Horse 0.912

Car 0.735 Elephant 0.637 Sail 0.717

Motorbike 0.881 Zebra 0.681 Stick 0.561

Bicycle 0.570 Lamp 0.754 Rock 0.457

Bottle 0.531 Helicopter 0.562 Grass 0.671

Chair 0.703 Tiger 0.728

Dining table 0.624 Tree 0.639

Potted plant 0.511 Deer 0.680

Sofa 0.618 Bear 0.657

Television 0.626 Dolphin 0.527

where the probability of a visible vector is expressed as (p(v) and produced by

p(v) = 1

Z

∑
h

e−E(v, h) (29)

Z is the partition function, and E(v, h) is the energy function assigned to the state of the
network. Scene recognition results over few image of three benchmark datasets are shown
in Fig. 11.

The structure of our DBN is comprised of various layers. In addition to visible and
one output layer, there are also three hidden layers. Here Genetic Algorithm (GA) is used
to compute the optimum units used in each hidden layer as well as total epochs for hid-
den layers. The output layer is responsible to generate the probabilities of classes under
consideration. The visible layer takes categories of objects, IoU scores, and DSI as input.
To maximize the correlation, a stochastic operation is executed on the input vector. Two
different types of sampling methods are used in DBN: Contrastive Divergence (CD) and
Persistent Contrastive Divergence (PCD). The scene recognition is performed by using the
Softmax function. The training process continues until one of the three conditions is met:
i) the highest possible epoch is achieved which is 200, ii) minimum gradient is approached,
or iii) meet the mean squared error benchmark for performance. As we are using GA for
the optimization of hidden units, therefore fitness function is most important in this process.
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Fig. 11 Scene recognition results over various images from the benchmark datasets

Now, fitness function may be defined to decrease the error rate for scene recognition and
reduce the training time of DBN, as follows:

FitFun = 1000 ∗ E + (TT + TB)/40 (30)

where E denotes the misclassification rate, TT represents the total training time of DNB
before backpropagation and TB is the time taken by the DBN for the fine-tuning of the
parameters during backpropagation. The performance may be judged as smaller the error
and time, smaller the fitness.

A parallel GA is incorporated to provide improved quality scene recognition as it divides
the population into three subgroups called subpopulations. These three subpopulations used
three different rates of mutations as demonstrated in the parameters table. The convergence
of the fitness function is considered best when the training time and error rates are minimum.
Once the generations reached 25, evolution is stopped as the chromosomes of individuals
appeared almost identical. The optimized neurons in the three hidden layers are 984, 560,
1624 respectively while the epochs generated by the genetic algorithm are reported as 128,
112, and 148. These hidden layer neurons and epochs generated are analyzed and the best
ones are used for scene recognition. The DBN classifier generates the probability values for
every input feature vector. The classifier is trained against each dataset with its correspond-
ing number of classes. For instance, the UIUC Sports dataset comprised 8 scene classes, the
output generates eight probability values. The nearest probability value is assigned with the
scene label. The parameters used are verified during our experiments. We have also tested
different mutation rates, however, the best suitable rates are used and described. The param-
eters used in this research are described as follows: sub-populations = 2, individuals = 15
and 20, crossover probability = 0.85, rate of mutation = 0.01 and 0.03, migration rate = 0.1,
termination condition = 50 generations.
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Fig. 12 Example images of from the PASCAL VOC 2012 dataset

5 Experimental analysis

To evaluate the performance of designed system, we adapted the leave-one-single-out
(LOSO) cross validation method. The three benchmark datasets, PASCAL VOC 2012,
Caltech 101 and UIUC Sports are considered for training/testing performance evalua-
tion. These datasets comprised of dynamic and challenging activities captured in divergent
environments like public places, sports areas, and indoor-outdoor scenarios.

5.1 Dataset description

In this section, the comprehensive overview of the three-benchmark datasets that we used
in this research is given.

5.1.1 The PASCAL VOC 2012 dataset

The PASCAL VOC dataset [17] is introduced for the recognition of objects from a number
of real scenes. There are 20 object classes: airplane, bicycle, bird, boat, bottle, bus, car,
cat, chair, cow, dining table, dog, horse, motorbike, person, potted plant, sheep, sofa, train,
TV/monitor which belongs to four categories namely, Person, Animal, Vehicle and Indoor.
The training/validation data consists of 11,530 images, 27,450 regions of interest annotated
objects and 6,929 segmentations. Figure 12 represents some examples from the PASCAL
VOC 2012 dataset.

5.1.2 The Caltech 101 dataset

In the Caltech 101 dataset [18], there are 9144 images (RGB and gray-scale) having objects
belonging to 101 categories where each category contains different classes. Some categories
have less than 50 samples while some of them consists of more than 800 images. Fei-Fei
Li, Marco Andreetto, and Marc ’Aurelio Ranzato collected these images in 2003. They per-
formed some preprocessing on these images and flipped them manually to orient them in
the same direction. They scaled the images to 300 x 200 pixels. We selected twenty classes
from this dataset to perform our evaluation experiments: Horse, Kangaroo, Anchor, Motor-
bike, Ketch, Cannon, Camel, Duck, Lamp, Ferry, Hawksbill, Airplane, Elephant, Zebra,
Helicopter, Tiger, Tree, Deer, Bear, and Dolphin. Figure 13 illustrates a few images from
the Caltech 101 categories dataset.
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Fig. 13 A few images from the Caltech 101 categories benchmark dataset

5.1.3 The UIUC sports dataset

The UIUC sports dataset introduced by Li and Fei-Fei [36] ,consists of eight sports event
categories. They have captured the images in dynamic and challenging environments in
high resolutions (minimum of 800x600 pixels). The UIUC dataset consists of the following
categories: badminton, polo, rowing, croquet, bocce, snowboarding, sailing and rock climb-
ing. Every category has a different number of images ranges form 100-240 images. All the
images in each category were comprised of multiple foreground objects. Figure 14 shows a
few examples from the dataset.

5.2 Experimental results and evaluation

In this section, we demonstrate the statistics of experimental results and evaluation. For
performance evaluation, computational time of segmentation techniques is computed and
compared. We used a Matlab environment to conduct the experiments using Intel 10th Gen-
eration Corei7 CPU of 2.0 GHz with 8GB of RAM and a dedicated 4GB graphics card.
To evaluate the performance of the proposed ODSR over three benchmark datasets namely,
PASCAL VOC 2012 , Caltech 101 and UIUC Sports, the experiments were repeated ten
times and a LOSO cross validation method was used. The datasets are split into 1 and N-
1 sample sets for testing and training respectively. Then, prediction weights are observed

Fig. 14 Some example images from the UIUC Sprots dataset



Multimedia Tools and Applications

Table 7 Confusion matrix for recognition accuracy over the UIUC Sports dataset

BAD BOC CRO POL RCL ROW SAL SNB Pr Re FS

BAD 0.97 0 0 0 0 0 0.03 0 0.89 0.82 0.85

BOC 0 0.96 0 0 0.04 0 0 0 0.87 0.86 0.86

CRO 0.05 0 0.95 0 0 0 0 0 0.88 0.78 0.83

POL 0.03 0 0 0.93 0 0.04 0 0 0.81 0.89 0.85

RCL 0 0.08 0 0 0.90 0 0 0 0.79 0.84 0.81

ROW 0 0 0 0 0 0.87 0 0 0.82 0.83 0.82

SAL 0.03 0 0 0 0 0 0.83 0.14 0.85 0.87 0.86

SNB 0 0 0 0 0 0.08 0 0.92 0.88 0.81 0.84

Mean accuracy=91.63% 0.848 0.837 0.842

BAD=badminton, POL=polo, ROW=rowing, CRO=croquet, BOC=bocce, SNB=snowboarding,
SAL=sailing RCL=rock-climbing, Pr=Precision, Re=Recall, FS= F1 Score

for each sample set. The experiments, accuracies, precision, recall and comparisons of the
proposed ODSR system with other SOTA methods are described below:

5.2.1 Experiment 1: Using the UIUC sports dataset

In the experimental evaluation on the UIUC Sports dataset, our proposed system showed
significant scene recognition results in terms of accuracy, precision, recall and F1 score.
Table 7 illustrates the confusion matrix of recognition accuracies over eight different
activities from the UIUC sports dataset with a mean accuracy of 91.63%, along with pre-
cision, recall and F1 score for these sports activities. Table 10 demonstrates remarkable
performance compared with other SOTA methods over the UIUC Sports dataset.

5.2.2 Experiment 2: Using the PASCAL VOC 2012 dataset

With regard to the PASCAL VOC 2012 dataset, the proposed model revealed better scene
recognition results. Table 8 illustrates the confusion matrix of recognition accuracies, along
with precision, recall and F1 score for twenty classes over the PASCAL VOC 2012 with an
average accuracy of 87.67%. The accuracy of PASCAL VOC 2012 is less than the accu-
racy for the UIUC Sports and Caltech 101 datasets due to multifarious background and
the diverse range of cluttered scenes. However, Table 10 still reveals higher recognition
accuracies over other SOTA techniques using the PASCAL VOC 2012.

5.2.3 Experiment 3: Using the Caltech 101 dataset

During the experiments, our proposed system obtained higher accuracy on 20 classes of the
Caltech 101 dataset. Table 9 depicts the confusion matrix of recognition accuracies along
with precision, recall and F1 score over the Caltech101 dataset with an average accuracy
of 88.60%. Similarly, Table 10 verifies excellent performance over other advanced scene
recognition techniques.

Scene understanding is a hot topic for the last couple of decades and various researchers
have worked on object detection and scene understanding by incorporating a diverse range
of methods. A. Ucar et al. [54] used CNN with various layers for object recognition and
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Table 10 Comparison of the proposed method’s recognition accuracy with SOTA methods over PASCAL
VOC 2012, Caltech 101 and UIUC Sports datasets

Methods PASCAL VOC 2012 (%) Caltech 101 (%) UIUC Sports (%)

A. Ucar et al. [54] – 82.80 –

H. Zhao et al.[64] 85.40 – –

Z. Niu et al. [45] – – 78.00

S. Shetty et al. [51] 85.60 – –

A. A. Rafiqeu et al. [47] – – 85.09

C. Zheng et al. [65] – – 80.30

S. Gupta et al.[23] – 85.43 –

N Hussain et al. LSVM [26] – 76.90 –

J. Guo et al. [60] [22] 70.7 – –

L. Chen et al [61] [12] 72.9 – –

J. Feng et al. [62] [19] – – 87.34

M. Bansal et al. [63] [9] – 86.4 –

Proposed ODSR 87.67 88.60 91.63

pedestrian tracking. They consider features extraction techniques including CNN, BOW by
taking into account HOG and SURF techniques followed by an SVM classifier. In [64],
H. Zhao et al. proposed a novel framework that integrates pyramid pooling and PSPNet by
incorporating contextual as well as spatial information for scene recognition. J. Feng et al.
[19] introduced a hybrid approach by combining supervised and unsupervised techniques.
They analyzed visual features by employing CNN while semantics are studied via topic
model. P. Y. Chen et al. [11] proposed a SceneNet that considers the geometric structure
of the object with the combination of semantic segmentation and produced competitive
results for scene understating. M. Jaritz et al. [30] presented a Multi-View PointNet model
to understand a 3D scene and predict the labels accurately. I. Armeni et al. [5] introduced a
new dataset for scene understanding comprised 70,000 images having 13 object categories.
The initially collected data from Matterport Camera is further processed to generate RGB-
D data as well as to extract point clouds of the same images. The data is annotated based
on these point clouds instead of annotating images. The key feature of the dataset is the
coexistence of its modalities like RGB images, scene labels, depth information, surface
normal, and annotated 3D meshes.

Some other well-known methods are very helpful in human detection and object recog-
nition. N. D. Doulamis et al. [14] presented a re-adjustment framework that is effective for
behavior classification and recognition. They incorporated users into the learning process
to improve the modeling of behavior that leads towards enhanced classification. In [10],
P.V.K. Borges et al., presented an extensive survey on different techniques including feature
extraction, segmentation, and detection of objects for behavior understanding. Furthermore,
the author highlighted efficient approaches and important future directions for used bench-
mark datasets. Chung et al. [13], discussed Hierarchical Context Hidden Markov Model
(HC-HMM), which used videos from a nursing center to understand elderly behaviors. The
key idea was to extract three contexts including spatial, activities, and temporal from the
videos. Moreover, HC-HMM achieved high accuracy of 90% and 0% false alarm. Another
Bayesian filter-based model [35], achieved remarkable recognition rates of behavior recog-
nition and understanding over real-life complex scenarios. In this work, Hidden Markov
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Fig. 15 Scene recognition results over various images from the benchmark datasets

models are used to support the filters for understanding the behaviors at an industrial plant.
Bakalos et al. [8], used adaptive deep learning and multimodal fused data to monitor criti-
cal systems for the protection of water infrastructure from different types of attacks. It used
visual surveillance, ICS sensor data, and channel state information (CSI) to detect different
attacks including cyberattacks and human presence assaults.

5.3 Discussion

The proposed ODSR Model is intended to achieve better performance over other SOTA
methods by incorporating our novel MEsSP segmentation technique. Initially, various
images having a diverse range of objects and complex backgrounds are taken as input from
benchmark datasets including Pascal VOC 2012, Caltech 101, and UIUC sports. The input
images are processed for segmentation using our proposed MEsSP segmentation technique
as well as FCM an existing segmentation technique. Both of these segmentation techniques
performed well, however, our proposed segmentation method MEsSP demonstrated better
results in terms of segmentation accuracy and computational time as shown in Tables 3, 4,
and 5.

The overall multi-object detection and scene recognition is improved due to effective
segmentation mechanism and combination of features including geometrical features (GF),
Fourier Transform (FT), blob extraction (BE), maximally stable extremal regions (MSER),
and KAZE features. We have conducted experiments by choosing features one by one, and
then the combination of these features to note the changes in the scene recognition accuracy.

Table 11 The computational time (seconds) of the proposed ODSR model vs other well-known classifiers

Dataset Proposed Linear SVM Decision Tree ANN

Pascal VOC 2012 6802.70 8357.44 7911.75 8687.33

Caltech 101 5120.64 5791.50 5623.25 6158.19

UIUC Sports 1072.10 1390.09 1567.67 1871.95
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Table 12 The recognition accuracies (%) of well-known classifiers over benchmark datasets

Dataset Proposed Linear SVM Decision Tree ANN

Pascal VOC 2012 87.67 74.95 77.54 82.11

Caltech 101 88.60 81.25 83.61 85.37

UIUC Sports 91.63 84.77 85.01 87.89

It is demonstrated that while using only a single feature, whatever the feature is, the scene
recognition results are very low and below 55%. On the other hand, while we used an
approach to add the features in incremental order, the performance of the model increased
with the addition of each new feature. The detailed analysis of the individual as well as
combinations of features is illustrated in Fig. 15. It depicts the effectiveness of the features
selected for the ODSR model. Some of the features performed better on Pascal VOC 2012
dataset while some others performed on Caltech 101 and UIUC Sports datasets, however,
the combination of these features has proven superior to only considering the individual
features on all the three benchmark datasets.

It is clear from the previous paragraphs that based on the computational time and accu-
racy of both the segmentation techniques, MEsSP is more effective and accurate. Therefore,
the results from MEsSP are considered for further processing i.e. feature extraction, object
categorization, and scene recognition.

Moreover, we have conducted experiments by applying well-known classifiers and com-
pared accuracy as well as the computational time with our proposed model under the same
conditions and computational environment. The details of the computational time taken
by each classifier over benchmark datasets are demonstrated in Table 11 while recogni-
tion accuracies comparison of well-known classifiers with proposed one is illustrated in
Table 12 which shows the significance of the proposed model over other models in terms of
computational time.

6 Conclusion and future work

In this paper, we formulated an entropy-scaled super-pixels segmentation method to rec-
ognize multiple objects in an image. Our proposed model can precisely recognize multiple
objects in dynamic and challenging environments for the three-benchmark datasets which
are the Pascal VOC 2012, Caltech 101 and UIUC sports datasets. Firstly, after preprocess-
ing the input images, segmentation of these images is performed and a bag of features is
extracted. These extracted features are comprised of blob extraction, geometrical features,
MSER, KAZE and FFT. Then, MKL categorizes the objects into different classes. Finally,
after computing IoU scores and DSC, a DBN is employed to predict the scene labels. Our
proposed method significantly outperforms others in terms of accuracy, precision and recall.

In addition to the model’s incredible performance, we also encountered several limita-
tions while working with it.

6.1 Theoretical implications

The proposed ODSR model works in different and complex scenarios to classify various
scenes. ODSR works with single as well as multi-object datasets, although the theoreti-
cal implications to find out the more complex application of the system in terms of scene
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recognition in autonomous driving, sports, medical diagnosis, drone targeting, surveillance
system, however, for these applications, we can apply the proposed ODSR system in a
real-time environment.

6.2 Research limitations

The UIUC Sports dataset in the domain of scene understanding and recognition is a more
complex dataset compared to the Caltech 101 dataset while Pascal VOC 2012 dataset is
more challenging as it comprised 20 classes with diverse and cluttered backgrounds. Our
findings are somewhat varied across the datasets due to the varying complexity and messy
information of the datasets. We faced difficulties under conditions like occluded and similar
objects. In the future, we will work on this problem by using deep learning feature extraction
techniques fused with other classical features to devise a new method for outstanding scene
recognition along with semantics.

In the future, we will adopt new feature extraction strategies using deep learning models
along with classical features extraction techniques for the recognition of objects and scenes
to overcome the challenges encountered during this research.
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