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Abstract
Currently, the most prominent object recognition and image labeling techniques are based on the region proposal algorithms. 
One of the significant challenges of the region proposal algorithms is to achieve high Recall at high overlaps. This paper 
proposes a new region proposal algorithm using perceptual grouping to generate fitting regions to enhance the Recall at 
high overlaps. The proposed method comprises segmentation, region merging, based on texture descriptors, and similarity 
measurement. Furthermore, the algorithm introduces a hybrid approach to compute an efficient threshold. To fully assess 
the proposed algorithm, well-known metrics such as overlap and Recall are measured. Experimental results are reported 
on MSRC, VOC2007, VOC2012, and COCO 2017 datasets. The results are compared with segmentation algorithms, and 
several classical and deep learning-based region proposals. The evaluation results indicate a good improvement of the Recall 
at high overlaps, such as 0.8 and 0.9, with a reasonable number of regions.

Keywords Region proposal · Texture descriptors · Superpixel · Perceptual grouping

1 Introduction

The region proposal technique, as a fundamental preproc-
essing stage has been used in many computer vision tasks 
such as text extraction (He et al. 2020), object recognition 
(Girshick 2015), traffic signs (Ku et al. 2018), vehicle detec-
tion (Chen et al. 2020) , object segmentation (Chen et al. 
2018), instance segmentation (Liang et al. 2017; Hu et al. 
2020), and scene understanding (de Geus et al. 2019). At 
first, this technique was proposed according to window scor-
ing (Alexe et al. 2010) and segmentation methods (Carreira 
and Sminchisescu 2012; Uijlings et al. 2013; Pont-Tuset 
et al. 2017), which are based on hand-crafted features. In the 
following, with the success of deep learning techniques, a 
large number of researchers have developed proposals based 

on deep learning (Ren et al. 2015; Pinheiro et al. 2015; Fu 
et al. 2020). Besides, one-stage models using deep learning 
and without region proposals have been proposed to resolve 
recognition problems such as text segmentation and object 
detection (Bonechi et al. 2020; Zhang et al. 2021). A previ-
ous research has indicated that region-based applications can 
obtain better results than those of non-region-based models 
(Girshick et al. 2015). One of the important purposes of the 
region proposal is to generate precise regions with an accept-
able number. In this regard, although most previous methods 
have decreased the number of regions and improved recall, 
they have failed to provide an acceptable Recall value at high 
overlaps. This drawback is an under-investigated problem, 
and none of the previous methods can properly address the 
drawback. Although the proposed region proposal algo-
rithms have increased Recall at overlap by 0.5, they have 
failed to acquire the proper Recall at a higher amount of 
overlap and few studies have addressed this challenge 
(Chen et al. 2015; Li et al. 2017). These studies are gener-
ally ranking-based ones and are applied to region proposals 
as an extra step, however, it is required to be more studied. 
Extracting “stuff” with irregular shapes like sky, mountain, 
and sea is another subject that has been less considered in 
region proposal generation. Considering stuff, the algorithm 
can be used in implementing image understanding tasks and 
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determining the type of scene. Hence, the present study aims 
to evaluate and extract stuff in the region proposal algo-
rithms, in addition to covering objects.

The region proposals can be generated according to con-
ceptual grouping, followed by region merging. The region 
merging approach, which is known as a similarity-based 
method, has been widely used in computer vision problems, 
due to its more flexibility. This process generally consists of 
two steps of initial image segmentation and region merging. 
First, an image is partitioned into several superpixels, gener-
ally by using a bottom-up segmentation algorithm. By apply-
ing the merging method, the proposed algorithm combines 
superpixels through neighborhood. In this regard, the Selec-
tive search algorithm introduced by Uijlings et al. (2013) as 
one of the most promising region proposal algorithms, has 
led to the development of various methods for producing 
precise regions. The deep learning-based object detection 
approaches (Girshick et al. 2014; Girshick 2015) were also 
motivated by the Selective search algorithm. These region-
based methods have achieved improvement in the accuracy 
of object recognition and segmentation compared to deform-
able parts model (DPM) methods (Felzenszwalb et al. 2009). 
In summary, many deep learning-based approaches have 
utilized the region proposal algorithm (Li et al. 2019; Xu 
et al. 2019).

This study aims to propose a new classical region pro-
posal algorithm based on feature similarity measurement, 
while generating a fair number of regions. This paper 
mainly addresses the reduction of Recall at high over-
laps as an open-problem. The proposed method is able 
to improve Recall at high overlaps such as 0.8 and 0.9 
and experimental results verify supremacy of our algo-
rithm. In this paper, a new similarity-based method is 
proposed for generating region proposals. The innovation 
of the proposed method is as follows: differently from 

previous algorithms, a new search algorithm in the initial 
regions is proposed. A new region merging algorithm is 
also introduced to efficiently combine adjacent regions. 
This algorithm requires to compute feature vector only 
once for each region unlike previous similarity-based algo-
rithms. In addition, a new thresholding function is intro-
duced through local and global information processing of 
an image. The algorithm first divides an image to some 
superpixels and then, combines adjacent regions. To this 
end, the proposed method uses texture descriptors to repre-
sent each region by a useful feature vector. The algorithm 
should determine a threshold to control the similarity 
metric. The threshold can be computed empirically or by 
using dynamic methods. In this study, a hybrid approach is 
proposed to identify a proper threshold based on local and 
general information of an image. Unlike previous methods, 
the proposed algorithm searches the adjacent superpixels 
in such a way to increase the Recall at high overlaps.

When an initial region is combined with a secondary one, 
it is necessary to examine all neighbors of the secondary 
region hierarchically. The algorithm leads to the generation 
of larger regions and the enhancement of recall. To achieve 
an additional increase at the recall, the proposed algorithm 
can be carried out using several different threshold values 
in the merging stage. This method can remarkably increase 
the Recall in higher overlaps over previous algorithms and 
generally improves the final performance by using extra 
thresholds. Figure 1 illustrates the framework of the pro-
posed algorithm. The input image is first segmented that 
three arbitrary regions are shown by bounding boxes in 
Fig. 1. For each region at the pool, low-level features are 
extracted based on texture descriptors, and then, a set of 
feature vectors is acquired. Consequently, this set is applied 
to the region merging of the proposed algorithm, and the 
resulted regions are used to cover objects and stuff.

Fig. 1  The framework of the proposed algorithm



A region proposal algorithm using texture similarity and perceptual grouping  

1 3

In summary, the main contributions of this article are 
as follows: (1) A new hierarchical texture-based merging 
algorithm (HTMA) is proposed for generating high-quality 
regions. The proposed algorithm prevails over previous seg-
mentation and region proposal algorithms in terms of the 
quality of the generated regions. (2) A novel region merg-
ing algorithm is presented to generate high-quality regions 
while the number of regions is desirable. (3) The HTMA is 
an independent algorithm that can cover generic objects and 
irregular stuff such as sky, road, and mountain. (4) The pro-
posed method can generate more regions by considering sev-
eral different thresholds. (5) The combination of the HTMA 
and other region proposals showed a good achievement for 
Recall at all overlaps. The results indicated an increase in the 
Recall at higher overlaps and the creation of a satisfactory 
number of regions.

The structure of the paper is organized as follows: In 
Sect. 2, the theory and algorithms associated with region 
proposals are clarified, and also it reviews previous works. 
Section 3 demonstrates the proposed algorithm in more 
details. Then, experimental results and comparisons are 
given in Sect. 4. We discuss the proposed algorithm accord-
ing to the evaluation results in Sect. 5. Finally, we conduct 
conclusions and future work.

2  Related work

Region proposal methods can be divided into two classical 
and advanced categories. Concerning the classical category, 
region proposal algorithms are based on extracting hand-
crafted features and new regions are accurately generated 
by using an innovative algorithm. The advanced methods, 
which are implemented based on deep learning techniques, 
utilize different solutions such as sharing convolutional lay-
ers, sharing feature map, and using the ROIPool layer. In this 
way, the computation time can be improved by reducing both 
training and testing times (Ren et al. 2015; Girshick 2015; 
Maninis et al. 2017). These networks usually rely on fully 
convolutional deep networks and the extracted regions are 
represented as bounding boxes with their ranking, which 
exhibit the high probability of containing an object. These 
methods consider regions with high scores to resolve com-
puter vision problems. Furthermore, the region proposals 
can be divided into two object-dependent and object-inde-
pendent groups. The following section presents the related 
works on the classical and advanced categories in detail.

In general, it is possible to classify the classical region 
proposals into two subcategories of window scoring 
based and segmented-based methods. The window scor-
ing based method is the same as the sliding window tech-
nique and extracts useful regions, which are represented by 

hand-crafted features. Then, a ranking process is applied to 
score all regions.

So far, numerous window-based examples have been 
introduced in this regard. For instance, Objectness meas-
ure (Alexe et al. 2010) was proposed to discover generic 
objects, in which low-level features such as edges, colors, 
saliency, and superpixels are considered to represent each 
window. Cheng et al. (2014) proposed binarized normal gra-
dient (BING) model by employing the correlation between 
the gradient on the closed boundary. The suggested method 
showed low overlap, despite good efficiency. To overcome 
this disadvantage, researchers introduced BING ++ (Zhang 
et al. 2017) in which the edge feature was used to extract 
regions. Zitnick and Dollár (2014) developed EdgeBoxes as 
a new method based on representing the information of the 
edge of each region. After ranking the proposals and filter-
ing out most background windows, the results revealed the 
improvement of the performance and the high speed of the 
computation.

The segmented-based methods use bottom-up segmen-
tation algorithms and generate a number of segmented 
candidates. Bottom-up segmentation typically groups the 
adjacent pixels of an image corresponding to feature simi-
larity measurement and then, divides an object into some 
parts such as Normalized Cut (Shi and Malik 2000), effi-
cient graph-based segmentation (EGBS) (Felzenszwalb 
and Huttenlocher 2004), Quick Shift (Vedaldi and Soatto 
2008), mean shift (Comaniciu and Meer 2002), simple linear 
iterative clustering (SLIC) (Achanta et al. 2012), and more 
recent work (Khan and Yang 2020) that has been developed 
based on deep learning. For example, methods such as clus-
tering, graph partitioning, and shift mode techniques have 
been applied for grouping. Zhu et al. (2016) conducted an 
in-depth survey of the bottom-up segmentation algorithms. 
Endres and Hoeim offered an object-independent algorithm 
(Endres and Hoiem 2013), named category indpendent 
object (CIO), according to contour detection (Arbelaez 
et al. 2010) for discovering public objects. Subsequently, 
constrained parametric min-cuts (CPMC) was proposed 
based on solving a sequence of constraint parametric min-
cut problems on the image, followed by figure-ground 
segmentation (Carreira and Sminchisescu 2012). Generat-
ing a small number of regions is a limitation of the CPMC 
algorithm, which resulted in a constant and lower Recall 
value. The Selective search algorithm (Uijlings et al. 2013), 
which is a popular and well-known method, has been used 
in many computer vision problems (Hariharan et al. 2014; 
Dai et al. 2015; Girshick et al. 2014). This method is based 
on a hierarchical segmentation algorithm and provides a new 
merging algorithm to combine neighboring regions based 
on low-level features. Based on the results, this algorithm 
showed an excellent Recall value at overlaps 0.5 and 0.6, 
although it failed to improve the Recall in higher overlaps. 
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The multiscale combinatorial grouping (MCG) algorithm 
(Pont-Tuset et al. 2017) uses a normalized cut segmentation 
algorithm, such that primary regions are combined through 
contour feature to reduce the number of created regions. 
Despite providing good results for overlap, the algorithm has 
been less used, due to its higher cost. The region expansion 
algorithm (Taghizadeh and Chalechale 2018) grows the seg-
mented candidates based on adjacent extensions. By using 
an expansion controller, this method proposed three different 
modes, in which the algorithm can achieve improved results 
in various segmentation algorithms. Furthermore, the algo-
rithm presents a good performance in covering objects and 
stuff, although it is essential to consider an appropriate value 
for extending regions.

On the other hand, alternative approaches developed 
based on deep learning have been known as the advanced 
methods. The first deep learning-based example, which was 
explained by (Ren et al. 2015), introduces a convolutional 
neural network architecture using feature map sharing, and 
using anchors, known as region proposal network (RPN). 
Maninis et al. proposed a new method based on convolu-
tional neural network known as convolutional oriented 
boundaris (COB) (Maninis et al. 2017). It is an efficient 
algorithm while it relies on contour detection. Extra exam-
ples can be found in Kong et al. (2016) and He et al. (2017). 
Although these methods can significantly decrease the num-
ber of regions, the low Recall at high overlaps is regarded 
as an important drawback in the classical and advanced 
algorithms. This work seeks to propose a new algorithm for 
generating a reduced set of high-quality regions and simul-
taneously, enhance the Recall value at higher overlaps, com-
pared to previous segmentation and region proposal algo-
rithms. For this purpose, an innovative merging algorithm 
suggested to generate more proper regions. This algorithm 
extracts texture features for each region only once and then, 
the merging process combines adjacent regions according to 
feature similarity and threshold parameter.

3  Proposed algorithm

The proposed HTMA algorithm is listed in Algorithm 1. 
Our algorithm has been overall structured in three stages, 
namely conceptual grouping, texture-based representation, 
and merging. In the first stage, the image is converted to a 
number of superpixels using a segmentation algorithm. To 
this end, we employ EGBS to enhance both accuracy and 
speed. The second stage represents each superpixel by tex-
ture descriptors. Because of the simplicity of hand-crafted 
feature extraction, this stage has a low computation cost. 
The third stage is devoted to merging neighboring regions 
according to similarity measurement. The merging is based 
on a defined similarity function and applying a threshold 

value. A new function is introduced to compute threshold 
value as a separate stage. Each stage is described in detail in 
the following. Finally, all stages are integrated together and 
our HTMA algorithm is proposed in Sect. 3.5.

3.1  Segmentation

In the first stage, a segmentation algorithm is employed to 
obtain initial superpixels. In fact, they are homogeneous 
regions inside each of which pixels are the same in terms of 
color or texture. This representation reduces the computa-
tional complexity and thoroughly illustrates the features of 
the region. This paper uses the well-known EGBS algorithm. 
In EGBS, an image is represented by a graph G = (V, E), 
and the aim is to find a boundary between two neighboring 
regions. Each node is considered as a pixel where the edge 
between two nodes shows a neighborhood between the two 
pixels. The edge weight is defined using the dissimilarity 
function between two nodes and is shown by w(e) and e ∈ E . 
Finally, by segmentation, the image is divided into a number 
of connected elements or regions called C1 , C2 , and so on. 
Each element also consists of a set of adjacent pixels. The 
output of the segmentation can be represented by a graph 
called Ĝ = (V, Ê) . A function named Int(C) is defined to 
compute the difference within a region C. This function is 
based on the minimum spanning tree (MST) in the region 
C while the highest edge weight in MST is considered for 
Int(C) as follows (Felzenszwalb and Huttenlocher 2004):

In Eq. (1), C as a region is composed of a number of adja-
cent pixels, which actually is a subset of the main graph, 
while itself is a graph too. Then, the minimum spanning 
tree of this graph is calculated. Int(C) returns an edge whose 
weight is the maximum in MST. The difference between two 

(1)Int(C) = max
e∈MST(C,E)

w(e)
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regions is denoted by Dif. This function finds the edge whose 
weight is the minimum value among all edges connecting 
two different regions through two nodes. The function can 
be written as:

Here, eij is an edge between two nodes vi and vj from two dif-
ferent regions C1 and C2 . Furthermore, this algorithm signi-
fies a predictive function (D) that aims to find the boundary 
between two regions. When Dif (C1,C2) is greater than the 
internal difference of at least one of the regions, the exist-
ence of the boundary is confirmed. This predictive function 
is specified in Eq. (3). This function explicitly depends on 
the edge weight, which the aim is mainly to merge the nodes 
in the graph.

According to Eq. (3), it is required computing MInt to obtain 
D function. In this regard, the MInt function is based on the 
internal difference of each element and a control function 
called � . This function adequately controls the effectiveness 
of the elements, especially small elements that do not have 
a proper internal difference. The � function depends on the 
size of the element and the constant value of K. Both MInt 
and � are computed by the following equations, respectively:

The size of the region is denoted by |C|. The EGBS algo-
rithm obviously requires an initial value as the region size. 
This algorithm generally uses a value for K as the threshold 
to merge adjacent pixels, ultimately creating a bigger region. 
Additionally, an appropriate value is required for the initial 
size of the region ( m = |C| ) at the beginning of merging. 
For extracting small-size regions that indeed suggest a more 
detailed image, a small value is set for K. Fewer regions are 
generated when a high value is considered for K. If K and m 
values are small, the overall number of extracted regions will 
be high with small-size regions. When high values are con-
sidered for both parameters, the size of the extracted regions 
will be large, and the number of regions will be small. It 
should be noted that these initial values do not identify the 
size of the final regions. In summary, the segmentation algo-
rithm requires adjusting both parameters, i.e., K and the ini-
tial region size ( m = |C| ). For simplicity and convenience, 
we denote the ratio of K to |C| by r.

(2)Dif (C1,C2) = minw(eij) eij ∈ E, vi ∈ C1, vj ∈ C2

(3)

D(C1,C2) =

{
true if Dif (C1,C2) > MInt(C1,C2),

false else

(4)MInt(C1,C2) =min(Int(C1) + �(C1), Int(C2) + �(C2))

(5)�(C) = K∕|C|

3.2  Texture extraction

In this stage, each region is represented by a feature vec-
tor according to texture descriptors. The proposed method 
applies a local binary pattern (LBP) descriptor (Ojala et al. 
2002) as a prominent texture descriptor which efficiently 
extracts the local structure of the image. Due to its sim-
plicity and efficiency, it has been employed in many image 
processing and machine vision tasks including classifica-
tion (Tabatabaei and Chalechale 2019), detection (Abbasi 
and Tajeripour 2017), and image retrieval (Haripriya and 
Porkodi 2020) while promising results have obtained. Fur-
thermore, various versions of the LBP descriptor have been 
introduced to be used in recognition problems. Huang et al. 
have given a fully and in-depth review of the descriptor in 
Huang et al. (2011).

In the procedure of extracting this descriptor, a decimal 
number for each pixel is estimated based on the value of 
adjacent pixels. An efficient version of the LBP considers 
an 8-neighborhood for each central pixel. The central pixel 
value is compared to adjacent pixels where a zero or a one 
is resulted for each comparison. By arranging these values, 
an 8-bit binary number is created. Afterward, the binary 
number is represented as a decimal value. Figure 2 shows 
different neighborhoods for a central pixel in the LBP and 
also an example of the LBP computation. A neighborhood 
of P pixels is considered for the central pixel placing at coor-
dinate (x, y). The gray-scale value at the central pixel is ic . 
Here, the parameter R represents the neighborhood radius 
for the central pixel. The following equations define the LBP 
descriptor (Ojala et al. 2002):

where ip denotes the intensity of neighboring pixels and the 
S(x) acts as a sign function (see Fig. 2).

The histogram of the LBP at each region is computed 
through applying the LBP descriptor to all image pixels. 
On the other hand, the input image is divided into some 
superpixels by EGBS. The histogram of LBP values is com-
puted over a superpixel that it can be exploited as a texture 
descriptor. In fact, the n-th bin of a histogram is utilized for 
superpixel representation. Generally, a fixed-length vector 
is obtained for each superpixel. The length of the vector is 
defined by the user while a higher length shows more infor-
mation and a lower length is more efficient. When 8-neigh-
boring is applied to calculate the basic LBP descriptor for 
an image, 256 different values are obtained for each pixel. 

(6)LBPP,R(x, y) =

P−1∑

p=0

S(ip − ic)2
p

(7)S(x) =

{
1 if x ≥ 0,

0 if x < 0
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Therefore, 256 bins are obtained and used to show the data 
distribution. However, utilizing fewer bins is also possible 
and results in a feature vector with a shorter length while 
computation is simpler too (Huang et al. 2011). Figure 3 

Fig. 2  Examples of LBP 
descriptor using (P = 8, R = 
1) and (P = 16, R = 2) with an 
example of generating LBP

Fig. 3  Computation of the LBP-region histogram in the proposed algorithm
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illustrates an example of computing the LBP histogram for 
an image.

3.3  Merging algorithm

Region merging is used as a primary core in conceptual 
grouping-based techniques, which can be carried out in 
a variety of ways. Since objects are made up of different 
regions in a wide variety of attributes such as color and tex-
ture, region merging would lead to the generation of regions 
that cover objects better. For merging, a function is applied 
to measure the similarity between the two regions. If the 
similarity between adjacent regions is lower than a specific 
threshold value, the regions are combined using the pro-
posed algorithm, and a new and larger region is created. 
Here, this subsection elaborates the proposed merging algo-
rithm with details.

In merging regions, each region is typically combined 
with its adjacent regions that we identify it as the first 
level. Then, in the next level, all neighbors of the combined 
regions are selected and compared with the current region. 
Merging is done when the conditions defined in the algo-
rithm are met. The examination process is repeated in sev-
eral levels. After applying EGBS, the image is represented 
with a graph Ĝ = (V, Ê ). Each vertex represents a superpixel, 
and the edge between node i and node j represents the neigh-
borhood of the two superpixels. The parameter L for the 
two nodes indicates the path length or the number of edges 
between the two nodes. The parameter W for node i and 
node j defines the distance between the two nodes based on 

their similarity, referred to as the weight. These parameters 
are defined as follows:

At the first level of the proposed merging algorithm, each 
node i is combined with all its adjacent nodes whose param-
eter W values are zero, leading to a new region. The algo-
rithm then identifies all the merged adjacent nodes. They 
are investigated in the next level. In the subsequent levels, a 
node is combined with the current node if the value of W is 
lower than the threshold value. The number of examination 
levels depends on the value of controller, which is a positive 
number. This number indicates the number of neighborhood 
levels at node i, which will be examined by the algorithm. 
An example of the merging algorithm for level = 1 is shown 
for two desired nodes, A and B in Fig. 4. As shown here, 
both A and B nodes are combined with their neighbors with 
W = 0 (shown in pink). For instance, node A is merged with 
two nodes C and D and a bigger region will be produced. 
The region merging stage of the proposed algorithm in level 
= 2 is illustrated in Fig. 5. As can be observed, the current 
node A (or B) is compared with nodes which are labeled 
by a W-valued edge. In this level, for example; node A is 
compared with a set of nodes including G, H, I, M, J, L, and 
K. These nodes will be merged if the conditions are satisfied 

(8)L(i, j) =

{
1 if eij ∈ E,

n , else

(9)W(i, j) =

{
0 if L(i, j) = 1,

fdistance , else

Fig. 4  An example of HTMA, 
Level = 1. For instance, two 
typical nodes of A and B (blue 
ones) are examined by the 
HTMA. For each node, all 
adjacent nodes (pink ones) are 
selected in level = 1

G N E B

H C I P Q F

A

M D J

L K
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according to the proposed algorithm. The similarity between 
nodes are computed as follows:

The variables Fi and Fj are feature vectors corresponding 
to regions i and j. The function M(i, j) shows the merging 
of i and j, which is carried out by comparing d(i, j) with 
the threshold. More regions can be created by using vari-
ous threshold values. An increase in the number of regions 
leads to a good improvement in recall. Note that low-level 
feature extraction from the regions can be achieved using 
different descriptors. The impact of different descriptors can 
be analyzed in future work. Thus, this capability shows the 
flexibility of our algorithm in producing more regions with 
higher accuracy. Another significant privilege of HTMA is 
that feature extraction is done only once for each region.

3.4  Thresholding

Local and global thresholding techniques are widely used in 
various image processing applications. The proposed algo-
rithm necessitates adjusting an appropriate threshold value 
for merging the adjacent regions. The threshold value con-
trols the size and quality of the merged regions. This study 

(10)d(i, j) =fdistance(i, j)

(11)fdistance(i, j) =
√

(Fi − Fj)
2

(12)M(i, j) =

{
Ri ∪ Rj if d(i, j) ≤ Threshold,

0 else

proposes a hybrid approach based on global and local tech-
niques to identify the threshold. Local information is consid-
ered for each superpixel, and finally, all local information of 
other superpixels are used, and a global value is suggested 
for the whole image. Several parameters can indeed affect 
the selection of an acceptable threshold. We, therefore, pro-
pose a hybrid method using the information of each region 
and also neighboring regions. In the proposed method, the 
distance between each region with its adjacent regions is 
first obtained using Eq. (11). The distance is acquired for all 
regions of the image. The parameter mean distance (MD) is 
calculated as represented in Eq. (13):

where d(i, j) represents the distance between region i and 
region j. The index j shows all the regions neighboring of 
region i, and N denotes all computed distances. For example, 
MD values are drawn for a number of images in Fig. 6. Dif-
ferent amounts of K and r are used in the EGBS algorithm. 
According to Fig. 6, it can be observed that different values 
have been resulted for MD based on various sizes of K and r. 
As a result, according to regions of different sizes, an identi-
cal value would not be a good selection at different values 
of K and r.

The coefficient � can take a value within the range zero 
and one. The selection of smaller values would lead to the 
merging of fewer regions. In other words, the size of the 

(13)MD =

∑n

i=1

∑m

j=1
d(i, j)

N

(14)Threshold =� ×MD

Fig. 5  An example of HTMA, 
Level = 2, showing two nodes 
A and B, while their adjacent 
nodes are labeled with the 
weights
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newly acquired regions is relatively small. The proposed 
algorithm would generate larger regions when a bigger � 
value combines more regions. Different threshold values 
can be obtained by changing the � value.

To calculate the final value for the threshold, a differ-
ent value can be used for each image. A constant thresh-
old value can also be utilized for all of the images con-
tained in a dataset. Actually, the mean MD is calculated 
from all images, applicable as a threshold for all dataset 
images. In the experiments, a constant threshold value 
is used for the dataset when HTMA considers a certain 
value for K and r in EGBS.

3.5  HTMA

The proposed HTMA algorithm is listed in Algorithm 1. 
This algorithm combines all proposed stages sequentially. 
After applying image segmentation, an image is converted 
to a number of superpixels as R1,R2, and Rn . All these 
regions are inserted to a pool. Next, each region is rep-
resented through a texture-based vector known as F(R). 
For region merging, an initial threshold value is firstly 
computed using Eq.  (14). Let us define Adjacent(R), 
which receives a region and returns all adjacent regions 
of R. These neighbor regions along with R are combined 
together as a new proposal. It should be noted that a 
Controller is employed to control the number of merg-
ing steps and it can be selected manually. Then, Adjacent 
is applied on each adjacent region and fdistance is calcu-
lated using Eq. (11) for measuring distance between two 
regions. By applying M function, new proposals can be 
obtained according to defined conditions. This process 
is iterated by Level and an updated value is considered 
for the threshold using the current threshold and Level. 
Finally, all resulted proposals are gathered in the Pool.

4  Experimental results

This section evaluates the quality of the proposed algorithm 
on four different datasets, including MSRC (Shotton et al. 
2006), Pascal VOC2007, VOC2012 (Everingham et  al. 
2015), and COCO 2017 (Lin et al. 2014). Some popular 
texture descriptors are also investigated in the HTMA on the 
VOC2012. Furthermore, we examined the effect of combin-
ing multiple region proposals. The purpose of these experi-
ments is to measure metrics such as mean of the best overlap 
segmentation score (MBSS), Recall, average Recall (AR), 
and area under the curve (AUC), as well as the number of 
regions. To compute MBSS, the best overlap segmenta-
tion score (BSS) that was introduced by Endres and Hoiem 
(2013), is first computed by Eq. (15). Then, the average of 
BSS is calculated for the entire dataset and denoted by the 
MBSS.

Here k represents the number of regions in an image, and Ri 
and RGT are region i and ground truth in the image, respec-
tively. Eq. (16) computes similarity between a generated 
region and the ground truth. The average of BSS is identi-
fied as MBSS whereas the total number of objects is N. The 
Recall value is measured by counting the number of regions 
where the BSS value is higher than the defined intersec-
tion over union (IOU). A specific threshold is, therefore, 
required to compute Recall metric while this threshold is 

(15)BSS =max(ovi), i ∈ [1,… , k]

(16)ovi =
Ri ∩ RGT

Ri ∪ RGT

(17)MBSS =

∑N

i=1
BSSi

N

Fig. 6  Mean distance (MD) at different (K, r) parameters, including ((50, 1), (200, 4), (300, 6), (300, 1)) for several input images
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known as IOU. According to various research articles, the 
default value of the threshold is 0.5. Note that IOU, also 
known as the Jaccard index, is a popular metric for measur-
ing overlap between two regions and is used in tasks such as 
detection and segmentation. The area under the Recall curve 
is considered as the AUC and shows the performance of the 
proposed method. The AR indicates the average value of the 
Recall between IOU 0.5 to 1 and signifies the efficiency of 
the algorithm in object detection (Hosang et al. 2015).

As commented before, the EGBS algorithm is used to 
divide the image in the first stage. This algorithm requires 
setting two parameters of K and r for combining the adjacent 
pixels. To this end, different values of K are investigated, 
and accordingly, the values of K and r affect the size and the 
number of regions. The experimental results are provided 
using (K, r) = (50, 1), (300, 6), and(500, 10) . In the texture 
extraction stage, for the LBP descriptor computation, radius 
1 and an 8-neighborhood were considered. To extract the 
histogram, a bin size of 20 is assumed. To calculate the dis-
tance between the regions represented using texture descrip-
tors, the Euclidean distance is utilized using Eq. (11). For 
measuring threshold, it is first required to calculate MD. In 
experiments on VOC2012 and VOC2007 datasets, we have 
obtained MD=1000, 3000, and 6000 for K = 50, 300, and 
500, respectively. We set � at 0.5 as the optimal value at the 
experiments. To further improve the Recall value, it is sug-
gested to use several thresholds, hence; we assessed multiple 

values for � , and the results of HTMA have also provided at 
� = 0.75. It should be noted that the best results are obtained 
with � = 0.5.

4.1  Texture descriptors evaluation

Here we review and compare the LBP descriptor with a 
number of texture descriptors and its effect on the HTMA 
algorithm. In this evaluation, descriptors such as median 
binary pattern (MBP) (Bashar et al. 2014), gradient local 
ternary pattern (GLTP) (Valstar and Pantic 2006), local 
directional number pattern (LDN) (Rivera et al. 2012) and 
local directional texture pattern (LDTP) (Rivera et al. 2015) 
are compared on the VOC2012 dataset. Table 1 shows the 
effect of different texture descriptors on HTMA.

4.2  MSRC dataset

The MSRC dataset contains 21 classes that displays objects 
on multiple scales. In addition to objects, this dataset has 
annotated stuff similar to sky, sea, and mountain. Table 2 
presents the experimental results on the MSRC dataset, 
which are obtained by setting some values for K in the 
EGBS. Note that our method can display the generated 
regions as both bounding boxes and segmented candidates. 
In this research, these results reported in Table 2 are based 
on segmented candidates.

Table 1  A comparison between 
texture descriptors on HTMA

Descriptor (K, r) MBSS Recall (IOU 
= 0.5)

Recall (IOU 
= 0.8)

Feature size Region

MBP (300, 6) 0.63 0.71 0.37 256 902
(50, 1) 0.59 0.69 0.18 256 2207

LDN (300, 6) 0.63 0.70 0.38 56 1011
(50, 1) 0.69 0.83 0.42 56 2807

GLTP (300, 6) 0.64 0.71 0.39 512 1134
(50, 1) 0.68 0.83 0.37 512 2943

LDTP (300, 6) 0.64 0.72 0.38 72 1016
(50, 1) 0.66 0.82 0.30 72 2758

LBP (300, 6) 0.64 0.72 0.39 20 900
(50, 1) 0.68 0.83 0.37 20 2681

Table 2  Quality of proposals 
on MSRC by HTMA, in which 
(K, r) denotes the values of the 
parameters required for EGBS

We report MBSS and Recall at different IOUs, including 0.5, 0.7, and 0.8. Further, the Average Recall 
(AR), AUC, and the number of regions are also listed. The combined value refers to multi-segmentation for 
the first stage of the proposed method

(K, r) MBSS Recall (0.5) Recall (0.7) Recall (0.8) AR AUC Regions

(50, 1) 0.61 0.77 0.29 0.10 0.29 0.14 1219
(300, 6) 0.66 0.84 0.47 0.25 0.38 0.19 419
(500, 10) 0.66 0.80 0.47 0.30 0.38 0.19 400
combined 0.73 0.93 0.60 0.36 0.47 0.23 2000
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The hierarchical mode of the algorithm was implemented 
by setting several threshold values in the merging stage. 
Undoubtedly, using the hierarchical region merging pro-
duces a good variety of regions that are effective in improv-
ing the results. Furthermore, we apply multiple scales in 
the segmentation algorithm because of different scales of 
objects. Therefore, the HTMA is executed by specifying sev-
eral different values for K in the EGBS algorithm. This sec-
tion compares the proposed algorithm with EGBS and SLIC 
segmentation algorithms. For a fair comparison, EGBS and 
SLIC algorithms were computed in a hierarchically way and 
addressed as HEGBS and HSLIC, respectively. Figure 7 
compares the HTMA results with those of EGBS accord-
ing to different classes in MSRC dataset. Also, the Recall 
curve is drawn for HTMA, HEGBS, and HSLIC at different 
overlaps. In the present study, the HTMA is implemented for 
(K, r) = (50, 1), (300, 6) , and their combination (Fig. 8). As 
observed, using two different values of K in the HTMA has 
outperformed the other algorithms in all different overlaps.

4.3  VOC2012 dataset

The VOC2012 (Everingham et al. 2015) is another dataset 
collected for image segmentation. This dataset has 20 dif-
ferent classes, and images are available in different condi-
tions such as occlusion and several sizes. The HTMA was 
compared with EGBS, Objectness, and Selective search 
for obtaining Recall values at high overlaps. Figure 9 illus-
trates the Recall values versus different overlap values for 
different numbers of regions on the VOC2012 dataset. It 
can be noticed that EGBS and Objectness algorithms have 
shown low Recall values in high overlaps. According to 
these graphs, HTMA performed more successfully in higher 
overlaps such as 0.8 and 0.9, although the Selective search 
algorithm has shown a better Recall value in overlap = 0.5 
compared to HTMA. Table 3 shows more comparisons with 
more details of these algorithms. Based on the results, the 
HTMA can achieve better Recall at high overlaps in different 
numbers of regions compared to other algorithms.

Accordingly, it can be concluded that the combination of 
regions obtained from different proposal algorithms is an 

effective way to increase the performance of proposals. In 
other words, combining regions obtained from more than 
one proposal algorithm is presented in Lan et al. (2019) to 
improve the detection accuracy. Therefore, this research 
seeks to examine the effectiveness of the combination of 
HTMA with other algorithms. Table 4 reports the evalua-
tions performed in this regard. The results reveal an increas-
ing trend in all metrics, especially in the amount of Recall 
for high overlaps. In general, the HTMA can generate well-
quality regions independently and can be also used as a com-
plementary algorithm with other region proposal algorithms.

In addition, the proposed algorithm was compared with 
some state of the art region proposals such as randomoized 
prime (RP)(Manen et al. 2013), reusing inference graph-
cuts object regions (RIGOR)(Humayun et al. 2014), CIO, 
shape sharing (ShSh)(Kim and Grauman 2012), Objectness, 
CPMC, Geodesic (Krähenbühl and Koltun 2014), BING, 
global and local search (GLS) (Rantalankila et al. 2014), 
EdgeBoxes, MultiBox (Erhan et al. 2014), fully convolu-
tional network(FCN) (Jie et al. 2016), and Selective search. 
The results are represented by bounding boxes. As shown 
in Table 5, these results are obtained at different overlaps, 
including 0.5, 0.7, and 0.85. As can be seen from the results 

Fig. 7  Comparing the results of the proposed algorithm and HEGBS algorithm on MSRC dataset

Fig. 8  Comparing the results of the proposed algorithm and segmen-
tation algorithms on MSRC dataset
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given in Table 5, the proposed algorithm provides better 
performance for Recall at IOU = 0.85 than that of other 
algorithms. Extracting high-quality regions is the most 
important advantage of the proposed algorithm while the 
number of proposals is also appropriate. However, some 
algorithms such as CPMC and Objectness fail to improve 
Recall even by increasing the number of regions. On the 
other hand, some other algorithms such as BING and Edge-
Boxes despite obtaining a high Recall at IOU = 0.5 cannot 
show a good Recall at high overlaps even by increasing the 
number of regions. Moreover, our method performs better 
than other algorithms at IOU = 0.5, except for Selective 
search. However, the HTMA method performs better at IOU 
= 0.85 and has a more suitable number of regions compared 
to the Selective search. Although, the EdgeBoxes method 
shows a good improvement in the Recall at IOU = 0.7, this 
method drops to very low Recall value in the higher overlap 
(IOU = 0.85, Recall = 0.25). For more clarity, some exam-
ples of the HTMA and three other algorithms are presented 
in Fig. 10. Here, red boxes are the ground truth and green 
boxes are the results of different approaches. As it can be 
seen the results of the proposed approach are much closer 
to the ground truth.
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Fig. 9  Comparing the results of the proposed HTMA algorithm and three other algorithms, including EGBS, Objectness, and Selective search 
on VOC2012 dataset based on bounding box. The Recall was computed at different IOU values for different number of regions

Table 3  Comparing the results of the proposed HTMA algorithm and 
three other algorithms on the VOC2012 dataset based on the bound-
ing box

Max values are shown in bold
The Recall was computed at higher values of IOU: 0.8 and 0.9. The 
number of regions, MBSS, and AR are also reported

Algorithm MBSS Recall 
(IOU = 
0.8)

Recall 
(IOU = 
0.9)

AR Regions

HEGBS 0.53 0.12 0.05 0.20 919
0.55 0.14 0.05 0.22 1384
0.57 0.16 0.06 0.25 1484
0.57 0.16 0.06 0.25 1868

Objectness 0.61 0.11 0.017 0.34 500
0.63 0.12 0.017 0.35 1000
0.64 0.12 0.018 0.36 1500
0.64 0.12 0.019 0.36 2000

Selective search 0.72 0.40 0.17 0.48 1105
0.74 0.41 0.18 0.49 2611
0.79 0.54 0.27 0.57 4205
0.80 0.59 0.31 0.59 5310

HTMA 0.64 0.39 0.20 0.41 900
0.69 0.41 0.20 0.44 1100
0.79 0.59 0.34 0.57 3000
0.80 0.62 0.38 0.59 5400

Table 4  The effect of 
combining proposals of two 
region proposal algorithms on 
VOC2012 dataset

Max values are shown in bold

Algorithm MBSS Recall (IOU = 
0.5)

Recall (IOU = 
0.8)

Recall (IOU = 
0.9)

AR

Objectness, selective search 0.81 0.96 0.62 0.32 0.61
HTMA, selective search 0.84 0.96 0.72 0.47 0.66
HTMA, objectness 0.81 0.95 0.64 0.38 0.61
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Fig. 10  A comparison of HTMA and three other algorithms on VOC2012. Top to bottom: original images, EGBS, Objectness, Selective search, 
HTMA using one K-value, and HTMA using two K-values. Red boxes are the ground truth and green boxes are the results of the algorithms
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4.4  VOC2007 dataset

The HTMA was also evaluated on the VOC2007 test dataset, 
which is significantly popular at recognition problems. This 
dataset contains up to 9000 images with 20 object classes. 
Figure 11 demonstrates the comparison of the proposed 
algorithm with EGBS, Objectness, and Selective search 
for Recall versus overlap. The results indicate better per-
formance and an adequate number of regions of HTMA 

compared to other algorithms. Table 6 compares the evalu-
ation results in more details. As can be observed, the HTMA 
algorithm acquired better Recall at higher overlaps such as 
0.8 and 0.9 compared to other algorithms. Moreover, there 
is no significant difference between HTMA and Selective 
search in terms of MBSS and AR.

It is worth noting that the combination of the HTMA 
with other proposals can significantly increase the qual-
ity of the extracted regions. Table 7 presents the effect of 
the combination of region proposal algorithms. It can be 
observed that the HTMA algorithm has a significant impact 
on increasing Recall for high overlaps compared to other 
algorithms. In addition, in this study, several region pro-
posals based on classical and deep-learning methods such 
as Objectness, RPN(Ren et al. 2015), EdgeBoxes, BING, 
CPMC, CIO, Rahtu (Rahtu et al. 2011), GLS, deepproposal 
(DP) (Ghodrati et al. 2015), FCN, and Selective search were 
used to compare with the proposed algorithm. The results 
are measured for Recall at IOU = 0.5 and 0.8 (see Table 8). 
The AR is also reported and the results are obtained for two 
different number of regions. Moreover, the results given in 
Table 8, verify the effectiveness of the HTMA for generating 
high-quality regions corresponding to Recall at high over-
laps e.g., IOU = 0.8. Although RPN, FCN, and EdgeBoxes 
show good Recall at IOU = 0.5, these algorithms present 
a poor performance at IOU = 0.8. Although, the proposed 
algorithm has shown a little drop in Recall at IOU = 0.5 
compared to algorithms such as Selective search, RPN, and 
FCN, it shows improved results at higher overlaps than the 
others. It is important to note that Hosang et al. have shown 
that proposals resulting in high Recall but at low overlap are 
not effective for detection purposes (Hosang et al. 2015). 

Table 5  Comparing Recall versus different IOU values (0.5, 0.7, and 
0.85) for the proposed HTMA algorithm and several state of the art 
region proposals on VOC2012 dataset based on the bounding box

Max values are shown in bold

Algorithm Recall 
(IOU = 
0.5)

Recall 
(IOU = 
0.7)

Recall (IOU 
= 0.85)

Regions

RP 0.86 0.72 0.49 2000
RIGOR 0.87 0.72 0.5 2000
CIO 0.85 0.68 0.45 2000
ShSh 0.79 0.68 0.51 1500
Geodesic 0.87 0.69 0.4 800
GLS 0.81 0.65 0.42 1000
Objectness 0.86 0.41 0.05 2000
CPMC 0.81 0.67 0.47 800
BING 0.90 0.26 0.04 3000
EdgeBoxes 0.92 0.79 0.25 5000
MultiBox 0.89 0.5 0.2 1000
FCN 0.89 0.73 0.2 1000
Selective search 0.95 0.8 0.46 5300
HTMA 0.92 0.76 0.52 5000
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Fig. 11  Comparing the results of the proposed HTMA algorithm and three other algorithms, including HEGBS, Objectness, and Selective 
search on the VOC2007 test dataset. The Recall was computed at different IOU values for different number of regions
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This reduction of Recall in the HTMA has been resulted due 
to merging only similar regions while for example, Selective 
search combines all initial regions. Lastly, the results of the 
HTMA for both VOC2007 and VOC2012 datasets outper-
form other region proposal algorithms and have successfully 
shown good results at higher overlaps.

4.5  COCO 2017 dataset

The COCO 2017 dataset (Lin et al. 2014) with different 80 
classes and more images than VOC2007 and VOC2012 are 
commonly utilized to assess the proposal algorithms. Fur-
thermore, it has been provided at challenging conditions 
including occluded and different scales. The HTMA on the 
COCO 2017 validation dataset was examined and the results 
were combined with the Selective search. Table 9 shows the 
comparison of the results with region proposal algorithms 
based on deep learning. In this experiment, the AR value 
for small, medium, and large objects were measured and 
denoted by ARs , ARm , and ARl , respectively. The Attractio-
Net (Gidaris and Komodakis 2016) and zoom out-and-in 

proposal (ZIP) (Li et al. 2019) algorithms are based on 
VGG-16 and batch normalization inception, respectively. 
The region proposal algorithms such as RPN (Ren et al. 
2015), Iterative RPN, and Iterative RPN+ (Vu et al. 2019) 
are based on ResNet-50-FPN (Lin et al. 2017). It is impor-
tant to note that the learning-based approaches usually 
employ well-known architectures as a backbone such as 
AlexNet, VGG-16, and ResNet. The existence architectures 
were already trained on large datasets such as ImageNet and 
the pre-trained weights have provided to use in other tasks 
when they will be required to fine-tuned. On the other hand, 
data augmentation techniques can be used to increase train-
ing data. Furthermore, extra experiments were performed on 
the COCO 2017 dataset. Here, we compared the AR metric 
on several regions for the HTMA with other region proposal 
algorithms including RPN, COB, class-independent flexible 
algorithm (CIFA) (Taghizadeh and Chalechale 2021), RP, 
EdgeBoxes, and Objectness for AR metric. The results are 
given in Table 10. As it can be seen from this table, the 
HTMA producing better results than both classical and deep 
learning based region proposal algorithms.

It should be noted that the number of regions for deep 
learning-based algorithms is 1000 regions whereas it is more 
than 1000 regions for HTMA. In fact, these results were 
obtained without applying any extra refinement algorithms. 
While we can utilize the refinement algorithms such as non-
maximum suppression (Hosang et al. 2017) to remove extra 
and duplicate regions with low overlaps in contrast to ground 
truth regions before applying the region proposal algorithm 
in computer vision problems.

5  Discussion

Conducting an experimental evaluation on MSRC, VOC2012, 
and VOC2007 reveals that the HTMA provides a better Recall 
at higher overlaps than that of other algorithms, in addition 
to achieving an adequate number of regions. The flexibility 
of the HTMA is regarded as its important advantage, which 
allows generating more regions using multiple thresholds and 
several values for controlling level in the algorithm. In the 
following, a threshold value was considered as a controller to 
combine the regions. It is possible to incorporate more regions 
by increasing the threshold value. Choosing a small value for 

Table 6  Comparing the results of proposed HTMA algorithm and 
three other algorithms on the VOC2007 test dataset

Max values are shown in bold
The Recall was computed at higher values of IOU: 0.8 and 0.9. The 
number of regions, MBSS, AR, and number of regions are also 
reported

Algorithm MBSS Recall 
(IOU = 
0.8)

Recall 
(IOU = 
0.9)

AR Regions

HEGBS 0.522 0.10 0.03 0.19 373
0.548 0.10 0.03 0.21 1798
0.572 0.12 0.04 0.24 1897

Objectness 0.596 0.10 0.015 0.31 500
0.618 0.09 0.016 0.32 1000
0.633 0.101 0.016 0.33 2000

Selective search 0.721 0.33 0.12 0.47 2622
0.770 0.46 0.19 0.53 3745
0.787 0.52 0.23 0.56 5345

HTMA 0.765 0.51 0.27 0.53 3000
0.776 0.53 0.29 0.55 4000
0.779 0.54 0.30 0.55 5000

Table 7  The effect of 
combining proposals of two 
region proposal algorithms on 
VOC2007 test dataset

Max values are shown in bold

Algorithm MBSS Recall (IOU = 
0.5)

Recall (IOU = 
0.8)

Recall (IOU = 
0.9)

AR

Objectness, selective search 0.79 0.97 0.54 0.23 0.58
HTMA, selective search 0.82 0.97 0.65 0.37 0.62
HTMA, objectness 0.79 0.95 0.56 0.30 0.57
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the threshold allows performing region merging rigorously, 
which results in generating a few numbers of final combined 
regions. Consequently, selecting small and large threshold val-
ues enables the HTMA method to extract multi-scales objects 
well. Extracting stuff with irregular shapes (such as water, sky, 
road, etc.) is another advantage of the HTMA method. The 
existing region proposal algorithms have rarely focused on 
extracting stuff. For instance, the Selective search is among 
a few research that has investigated object and stuff regions. 
By using the hierarchical segmentation at the first stage, the 
results showed the effectiveness of the proposed algorithm and 
its ability to improve the results. For a fair comparison, sev-
eral hierarchical segmentations and different color spaces were 
used to evaluate the Selective search. Based on the results, 
the proposed algorithm can be executed in different versions 
while the algorithm can employ some threshold values. Addi-
tionally, the HTMA can be executed by using multi-scales 
segmentation and hierarchical region merging. The hierar-
chical version yields noticeable enhancement. Regarding the 
experiments, the results indicated significant improvement by 
considering multiple-scale segmentation and merging. Lastly, 
it is important to accurately select the primary values for the 
parameters K and r in the segmentation algorithm. According 
to the experimental results, the algorithm allows choosing an 
approximately large value for K and selecting a value greater 
than “1” for r. Indeed, these settings can yield perfect results 
because of extracting small regions as small-sized objects. The 
use of a high value for K and “1” for r can lead to the extrac-
tion of large regions. In summary, it can be concluded that the 
parameters K and r should be appropriately initiated such that 
it enables extracting both small and large regions. In turn, the 
addition of small and large regions can noticeably improve 
the results and lead to the generation of a sufficient number 
of regions. Furthermore, applying the HTMA with other pro-
posals leads to a significant improvement in the quality of 
the extracted regions. Moreover, the HTMA was evaluated 
on COCO 2017 dataset and has shown good improvement in 
extracting small, medium, and large objects. Finally, evalu-
ating these adjustments in the datasets generated excellent 
outcomes and indicated that the method can be used in other 
datasets both effectively and efficiently.

6  Conclusion and future work

One of the main shortcomings of the region proposal algo-
rithms is the Recall reduction at high overlaps that can be seen 
in both classical and advanced region proposal algorithms. 
To alleviate this limitation, this study presented a new region 

Table 8  Comparing Recall versus different IOU values (0.5 and 0.8) 
for the proposed HTMA algorithm and several state of the art region 
proposals on VOC2007 test dataset for two different number of pro-
posals

The AR metric is also depicted

Algorithm Recall (IOU 
= 0.5)

Recall (IOU 
= 0.8)

AR Regions

Objectness 0.81 0.09 0.32 1000
0.83 0.1 0.33 2000

EdgeBoxes 0.91 0.47 0.53 2000
0.95 0.49 0.57 10000

BING 0.89 0.07 0.28 2000
0.95 0.09 0.30 10000

CPMC 0.78 0.44 0.47 800
0.78 0.44 0.47 2000

CIO 0.82 0.45 0.49 1000
0.82 0.45 0.49 10000

Rahtu 0.70 0.40 0.4 1000
0.79 0.51 0.50 10000

GLS 0.82 0.52 0.55 5000
0.82 0.52 0.55 10000

RP 0.80 0.41 0.46 1000
0.86 0.48 0.52 2000

DP 0.70 0.36 0.40 300
0.81 0.44 0.48 1000

RPN 0.90 0.29 0.45 300
0.94 0.32 0.48 1000

FCN 0.92 0.4 0.5 1000
0.94 0.45 0.54 2000

RIGOR 0.85 0.50 0.53 1000
0.90 0.52 0.56 10000

Selective search 0.95 0.46 0.53 3700
0.96 0.52 0.56 5300

HTMA 0.91 0.54 0.55 4000
0.92 0.54 0.55 5000

Table 9  Comparing the proposed algorithm with deep learning-based 
region proposal algorithms on the COCO 2017

Max values are shown in bold

Algorithm AR
s

AR
m

AR
l

AttractioNet 31.5 62.2 77.7
ZIP 31.9 63 78.5
RPN 29.5 51.7 61.4
Iterative RPN 32.1 56.9 65.4
Iterative RPN+ 35.6 62.7 73.9
HTMA, aelective search 38.32 64.17 81.90

Table 10  The AR metric on 
several regions for the HTMA 
and other region proposal 
algorithms on COCO 2017 
dataset

Algorithm RPN Objectness COB EdgeBoxes RP CIFA HTMA

AR 0.32 0.22 0.49 0.45 0.39 0.45 0.51
Regions 1000 2000 1000 7000 2000 4400 9000
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proposal algorithm, based on segmentation, texture-based rep-
resentation, and region merging. The algorithm also adopts a 
hierarchical trend in both segmentation and merging phases. 
The algorithm has compared with previous region proposals, 
including window scoring, segmented-based, and deep-learn-
ing-based on VOC2012, VOC2007, and COCO 2017 datasets. 
The results showed a significant improvement over the state 
of the art region proposal algorithms. The main advantage of 
the algorithm is its ability to appropriately cover objects and 
stuff, which have not been adequately addressed in previous 
region proposal algorithms. To further improve the Recall, we 
can replace the LBP-based representation by deep-learning 
techniques as the feature extractor in the pipeline of the pro-
posed algorithm.

Data Availability Statement All datasets that support the findings of 
this study are available from their generators. The generators are cited 
in the References of this article.
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