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Abstract

The quest for computationally simple, highly accurate and precise shape descriptors sup-
porting retrieval continues to be an active research area in computer vision. In this paper,
a simple feature descriptor is realized by blending Modulo Arithmetic (MA) with Local
Absolute Pixel Differences (LAPD) labelled as MA-LAPD. MA initially refines edges of
images through modulo normalization and later operated by LAPD to capture local tex-
ture patterns. Subsequently, LAPD encodes the local intensity transitions in eight direc-
tions with regard to center pixel. The two prominent directional indices are converted into
unique decimal codes that represent each pixel position, thus, transforming each image into
a collection of LAPD codes. The ensuing LAPD image is then fabricated into histograms
for characterizing the distribution of local features, used for matching and retrieval. Quan-
titative and qualitative investigations on Kimia’s 99, MPEG-7 Part-B and Tari-1000 data-
sets reveal consistent Bull’s Eye Retrieval (BER) scores above 91%. Also, relative analysis
exposes the superiority of MA-LAPD with its predecessors in majority of the datasets.
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1 Introduction

Shape recognition and classification fields of computer vision highly rely on shape for
feature characterization and description. Also, the size of the resulting descriptor can be
reduced by defining it in terms of the shape feature. Moreover, shape descriptors abiding
invariance are deemed fit for applications such as image and video retrieval, image seg-
mentation and recognition [1].

The inherent characteristic of human visual system interprets images as geometrical
shapes by visual decomposition. Further, shapes offer the ability to discern the variations
within intra and interclasses. Prevailing shape matching and retrieval schemes offered esca-
lated results over the years by covering affine transformations such as translation, scaling
and rotation. Whilst, achieving such quality in shape matching is challenging and cumber-
some especially in cases of non-linear deformations. Moreover, the complexity increases
with increase in multiple deformations. This necessitates the need for a shape descriptor
with acute distinguishing abilities warranting improved shape matching and retrieval. Also,
the development of light, acute shape-based characterization methods aims to bring down
the complexity involved in its realization.

Scores of image retrieval schemes reported in literature are aimed at escalating the
scheme’s accuracy, retrieval rate. Primarily, these schemes are categorized as Contour,
region-based that are further parted into global, structural for representing shapes [2].
Global method extracts shapes from integral boundaries by disintegrating and defining
them. The merits and demerits of such available descriptors are chronologically listed
below in brief.

Capitulating contour points by spatially correlating a point with its neighbours resulted
in the shape context (SC) [3] descriptor. The spatial distribution of the acquired contour
points were then transformed into a sixty dimension histogram. Ling et al. [4] blended
inner shape distances across different scales to produce the articulation invariant multidi-
mensional scaling (MDS) shape descriptor. Euclidean metric in [3] was replaced with the
shortest path algorithm for determining the distances amongst the contour points followed
by dynamic programming to yield a novel shape descriptor. Global shape characterization
schemes [5, 6] configure boundary points by employing signed areas of triangles at dif-
ferent scales labelled as triangle area representation (TAR). They capture the curvature of
contour points and their polarities determine its concavity or convexity. The global descrip-
tor of Souza et al. [7] evaluated the Hough transform statistics from the object neighbour-
hood to build the Hough Transform Statistics neighbourhood (HTSn). While Srestasathiern
et al. [8] localised shapes in conic-regions and the extracted coefficients were, piecewise
approximated from the conic basis. The projective conic invariants were then accumulated
to yield the feature histogram. The above descriptors were built by considering the entire
image as a shape entity.

Whilst the local descriptors neglect regions containing lesser shape details for formu-
lating feature descriptors. Accordingly, Wu et al. [9] captured shape features employing
lower-order invariant Tchebichef moments. Likewise, shape features from common base
triangles were spatially extracted by Hu et al. [1] to formulate feature vectors named as
Common Base Triangle Area (CBTA). The resulting vertices were later modified and shape
matching was performed using dynamic programming. Likewise, Circle Views (CVs) [10]
silhouetted shapes by applying Fourier transform to CV signatures. Similarly, salient fea-
ture points from the images were compacted into Shape contours [11] and matching was
achieved by dynamic programming. The shape methodology of Kaothanthong et al. [12]
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evaluated the Distance Interior Ratio (DIR) by acquiring the line intersection patterns and
their distribution to build the shape histogram. Off late, shape descriptors were employed
for investigating and detecting cracks in integrated circuits embossed on Printed Circuit
Boards (PCB) [13] under different color spaces. Likewise, [14] suggested a shape descrip-
tor that spectrally distinguished non-road objects and road interconnections. The recent
shape retrieval approach [15, 16] employed semantic images and clustering technique for
achieving an improved retrieval rate.

Despite accomplishing improved performances, the aforementioned schemes fused
the computationally intensive dynamic programming or more complex modules into their
retrieval phase that increased their computational aspects. Also, these approaches either
fall under the local or global paradigm whereas the offered descriptor merges the local
variations across spatial scales in an overlapping fashion to realize a local-global shape
histogram. Hence, this scheme deploys light computational models for realizing shape
descriptors offering improved retrieval efficacy, thereby, excelling its competitors. There-
fore, simple Modulo Arithmetic and Local Absolute Pixel Differences in image sub-
regions were utilized for characterizing shapes and later concatenated into feature histo-
grams. Investigation on diverse popular shape datasets namely MPEG7-Part B, Tari-1000
and Kimia’s 99 reveal the supremacy of the presented descriptor in terms of the Bull’s Eye
Retrieval (BER).

The remainder of the paper is systematized as: Sect. 2 elaborates in detail the MA-
LAPD feature extraction procedure. Experimental results and subsequent validation with
current state-of-art systems upon publicly available shape image databases is performed
and discussed in Sect. 3. A brief outline of the future work with regard to the presented
descriptor is concluded in Sect. 4.

2 MA-LAPD Descriptor

Schemes targeting higher retrieval performance heavily rely on shape characterization
to produce descriptors with high discerning abilities. This paper delivers one such shape
descriptor confirming the aforementioned criteria. Initially, MA is applied over each
3% 3 sub-region, followed by LAPD and this procedure is iterated throughout the entire
image. The resulting LAPD features are then packed into feature vectors. This process is
repeated on the entire image database in the offline mode and the yielded descriptors are
stacked along with the respective images. Then the K-Nearest Neighbour (KNN) algorithm
exploits the spatial relationship of the feature database for shape classification. During the
online phase, the extracted shape of the query is compared with the feature database and
the near identical ones are retrieved according to the matched shapes. The related shapes
are ranked based on the matching criteria and displayed. A diagrammatic overview of the
retrieval scheme is presented in Fig. 1, and the detailing of the diverse modules is dis-
cussed in below sections.

2.1 Modulo (Wrap-Around) Arithmetic

The introduced feature extraction scheme treats images as a square geometrical object.
Subsequently, every image is resized to M X M dimension using the bilinear interpolation
to produce fixed length features. The modified image is then tiled into 3 X 3 regions and
MA operates on each sub-region with the modulo value determined by the mean of the
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Fig. 1 Overall outline of the intended work

sub-region in an overlapping fashion. This arrangement enforces congruency amongst the
pixel values by localisation (modulo) of high frequency data for enriching the fine features.
The above discussed process is outlined in Fig. 2.

2.2 Local Absolute Pixel Difference (LAPD) Encoding

Later a novel direction-based feature encoding scheme is introduced by exploiting the abso-
lute pixel differences of each sub-region. LAPD encodes the local textural and intensity
transitions of each image pixel into a compact feature descriptor attained at minimal cost.
Consequently, LAPD evaluates the absolute pixel differences of a neighbourhood region
with regard to the center pixel. Later, the extremes of the pixel differences determine the
directional pixel indices that undergo maximum intensity variations. These prominent
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Fig.2 Formation of MA image

directional indices are assigned a decimal code replacing the center pixel, thereby; repre-
senting each shape as a collection of LAPD codes as represented in Fig. 3.

The encoding mechanism commences with the selection of n X n region, from the
given image I, where ‘n’ takes only odd values. Later, the directionalized absolute pixel
differences D, D,,D,,D;,D,, Ds, D¢, D; having 45° separation is evaluated in local

Fig.3 LAPD code gen- D:
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neighborhood as illustrated in Fig. 3a. The center pixel of n X n mask is denoted as f(x,y)
and the LAPDs along each direction are evaluated using Egs. (1) to (8).

"
11

Dyx,y) = Y Oy +i) = fCoy+i+ 1) (1)
i=0
1
Di(xy) = Y [fx=iy+i)—flx—i—Ly+i+1)| @)
i=0
11
Dyx,y) = Y =iy —flx—i—1,) (3)
i=0
1
Dy(ey) = ) [fx—iy—i)=flx—i—1,y—i=1) )
i=0
2-1
Dyx.y) = Y Iy =) —flry—i—1) 5)
i=0
-1
Ds(e.y)= D lfe+iy—i)—f+i+1Ly—i=1) 6)
i=0
5-1
Ds(x,y) = Y [f(x+iy) —fx+i+ 1)l @
i=0
11
Dy(y) = Y [fGe+iy+i)—flc+i+1Ly+i+1)| (8)

i=0

where | | is floor value.

Upon determining the LAPD values amongst each pixel with its neighbours, the promi-
nent pixel difference values are identified as shown in Fig. 3b, for a 3 x 3 neighbourhood.
Amongst, the resulting values the index of the maximum absolute value and the minimum
absolute value representing the directional numbers are concatenated for generating the
LAPD code. Since, the directional indices are represented by numbers 0-7; the resulting
directional indices occupy 3-bits each. The ensuing 6-bit LAPD code replaces the 8-bit
pixels of a given image, thus reducing the memory. The LAPD code is mathematically
formulated in Eq. (9).

LAPDq(x,y) = {U[(ix,y)IO]Z’ [(jx,_v)IO]Z} 9

10
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where concatenation is represented as U, with (x,y) denoting the pixel position. And the

maximum, minimum directional value indices are represented as i, J,, respectively as

given in (10), (11) and (K),, [k],and{k}, is representation of K with respect to base b.

iy, =argmax{D;(x,y),|0 <i <7} (10)

Juy = argmin{D;(x,y),10 <j < 7|} (11)

The space requirement is further exploited by LAPD in the form of a 3-bit LAPD code
given by (12)

Ly TJxy

LAPD,(x,y) = (

)
where | | is absolute value, i, , and j, , are presented in (10) and (11) respectively.

Conventional mask sizes of 3 X 3,5 % 5,7 X 7 and 9 X 9 are considered in this work for
formulating LAPD codes. The LAPD features are encoded in the range 1 to 62 thereby
enriching the high frequency information, as well as the novel encoding method reduces
the feature size.

2.2.1 Space Saving Mechanism

The space occupied by MA-LAPD feature is reduced by the simple and novel arrangement
scheme as discussed below. For general representation, the maximum and minimum direc-
tional indices of LAPD occupy three bits each summing to a total of 6 bits. When consider-
ing real-time implementation, both the indices demand 8-bit each, thereby, totalling to 16
bits. To address this issue and restrict the number of bits to 8, a novel compaction mecha-
nism is presented in Fig. 4. The 8-bits resulting from the maximum and minimum direc-
tions are compacted to 8-bits by performing the left shift operation of anyone directional
number and then, taking the logical ‘OR’ operation. This operation significantly reduces
the size of the descriptor to half, thereby, minimizing the LAPDs storage space. Thus, this

Ds=73 D==80 -
- | ‘D1=47 Max. Pos. Direction = Ds
($)o=(101)
127 120 247 Min. Pos. Direction = Do
(0)10=(000)2

LAPD= (101000),= (40)10
Da=166 - 34 200 | 230 | >Do=30
Space saving from 16 bit to 8bit.
Max. pos direction = 0000 0101
Min. pos direction = 0000 0000

29 1 50 1 00 Shif max. by 4 positions and perform logical OR
operation. 4101 0000)2
(0000 0000)2
) \ Mo (0101 0000)2
Ds=171 Ds=50 D7=100 -

Fig.4 Space saving mechanism
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paper presents a novel shape descriptor scheme that considers the computational dimen-
sions, particularly, when implemented in real-time.

2.3 Feature Representation

The resulting LAPD code matrix is then partitioned into fixed sub-matrices of size p X p
from which the corresponding histograms are formulated and appended to finally yield the
shape descriptor (s) mathematically depicted in equation Eq. (13).

s = [hyhyhy ... ;] (13)

where £ is local histogram of each sub-region and i = M /p. This process is depicted in
Fig. 5.

3 Evaluation of MA-LAPD

Efficiency of MA-LAPD is rigorously analysed with related validation metrics and is
presented in below sections. Widespread shape datasets namely Kimia’s 99, MPEG-7
CE Shape-1 Part B, TARI-1000 were utilized for effective testing of diverse descriptors
addressing various shape characteristics. The popular Bull’s Eye Retrieval (BER) [1] is
employed in this work for analysing MA-LAPDs efficiency. To investigate MA-LAPD, a
shape retrieval methodology is formulated by employing the supervised KNN classifier for
shape classification. The image dataset is then parted into training, testing shapes for cross
validation based on the number of folds for rendering an efficient data classification model.

The KNN training parameters used for the presented work are as follows: the number
of observations (N) takes the dataset size as input. Likewise, the labels X and Y are loaded
with the feature values in accordance with the dataset size. The distance metric is assumed

Fig.5 Building shape histograms
from the MA-LAPD data. a Til-
ing MA-LAPD features into 3 X 3
sub-regions b LAPD feature
histograms
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to be Euclidean and the number of neighbours is assumed as 2 for building the KNN clas-
sification model. Also, the hybrid clustering schemes detailed in [17-19] dealing with text-
based retrieval assisted in extending the KNN classifier for shape classification owed to
its classification accuracy. The retrieval mechanism is implemented in MATLAB R2015a
software operating on an i3 CPU system clocking at 2 GHz and running on Windows7
platform. Detailed investigations on different dataset are performed and dealt under rel-
evant headers.

3.1 MPEG-7 Dataset

This dataset is widely established amongst the schemes dealing with shape retrieval. An
identified set of twenty images is distributed amongst 70 classes summing up to 1400
images that make up this dataset. This dataset is used in most of the shape retrieval frame-
work listed in the literature [1, 6, 7, 20-23]. Figure 6 shows example shapes from each
category of the MPEG-7dataset.

For BER analysis, initially the affinity matrix was constructed with the formulation of
feature database during the offline phase. The shape histogram of the query is extracted and
then mapped with the affinity matrix. Likewise, every other shape queries the dataset and is
mapped with the other shapes. As discussed earlier, the KNN classifier is tuned by fivefold
cross validation for improving the classification accuracy. Later, the 20 most similar shapes
from each class belonging to the query are retrieved. Then, the matching shapes for all the
queries belonging to each class are added and divided by the affinity matrix dimension to
yield the BER.

3.1.1 Localisation Analysis

The consistency of LAPD efficiency is studied by individually constructing LAPD with
variable masks of 3X3,5%5,7x7and 9 X9 and analysing their BER. BER scores
attained with variable LAPD mask sizes stated in Table 1 signify the localization potential
of the blended MA and LAPD operations.

Fig.6 Image samples from the MPEG-7
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Table 1 BER score attained

for different mask sizes on the Mask sizes BER rate ()
MPEG-7 dataset 3Ix3 95.03

5%5 95.36

X7 95.50

9%x9 95.65

For relative comparison the highest BER value reported for LAPD mask size in Table 1
is stated along with widely popular schemes in Table 2.

Although, lower mask sizes deliver consistent accuracy more than 95%, for relative
comparison the 9 X 9 LAPD mask alone is considered in Table 2. The BER of MA-LAPD
has surpassed its competitors as evident in Table 2. The above efficiency is clearly owed
to the localization and congruent nature of the wrap-around operation introduced in the
characterization. Later, LAPD has effectively encoded these directional variations to render
fine shape descriptors. Moreover, this mechanism employs simple modules to achieve BER
of 95.65, rather the schemes of [1, 5, 25, 26], deploying dynamic programming and fall
behind MA-LAPD as witnessed in Table 2.

3.2 Tari-1000 Dataset

The main distinction between this dataset and the MPEG-7 lies in containing shapes with
higher articulation variations. Thereby, attaining higher accuracy in Tari-1000 remains
a challenge owing to the higher degree of intra-class shape deformations. The 1000 sil-
houette shapes of this dataset are organized as 50 classes with each class comprising 20
shapes. Example of shapes present in Tari-1000 dataset is illustrated in Fig. 7.

Table2 BER comparison with

o X Method BER rate (%)

existing shape retrieval methods

in the MPEG?7 dataset ECCobj2D [24] 54.56
SC[3] 64.59
IDSC [4] 68.63
Mean-EuDist [25] 77.69
IDSC +DP [4] 85.40
SC+DP [3] 86.60
Shape tree [26] 87.70
CBTA [1] 89.45
Height functions [27] 89.66
Shape vocabulary [10] 90.41
IMD [19] 91.25
CBTA+SC [1] 93.65
LTEM + hist [28] 94.64
HGTT [29] 95.09
TFD [23] 95.35
MA-LAPDy, 4 95.65
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As discussed above, the affinity matrix with LAPD histograms are evaluated and the
KNN classification model is tuned for maintaining the accuracy. The validation procedure
adopted in MPEG-7 dataset is extended here to analyse the MA-LAPD performance in
Tari-1000. The regional (mask) size analysis performed in MPEG?7 is repeated in this data-
set and the attained BER values are reported in Table 3.

From Table 3, it is evident that varying mask sizes does not significantly impact the
BER rates. Hence, for relative comparison, the 9X9 mask is chosen owing to its higher
BER stated in Table 3. Table 4 depicts the relative retrieval rates of different retrieval
mechanisms compared with MA-LAPD.

As witnessed in Table 4, the IDSC approach leads the other approaches with the highest
BER score. This is because of the inherent point-wise matching operation present in IDSC
that makes it articulation insensitive. Despite BER falling behind other descriptors MA-
LAPD is able to maintain consistent BER greater than 91% in both these datasets which
is unseen for its competitors as they fail to reproduce a similar performance in the others.
This quality is mainly due to the multiple interactions happening amongst the localised
pixels fused into this feature formulation mechanism.

Fig.7 Shape examples in Tari-
1000 dataset

Table 3 BER score for various

mask sizes in Tari-1000 dataset Mask sizes BER rave ()
3x3 93.41
5%5 93.50
7x7 93.71
9I%x9 93.92
Iﬂﬂ;ﬁﬁ?iﬁ?ﬁiﬁ 000 Scheme BER e 00
LTEM + Hist [28] 91.70
SC [3] 94.17
IDSC [4] 95.33
ASC [20] 95.44
SC+LP [21] 97.79
TFD [23] 93.45
HGTT [29] 93.87
MA-LAPD,, 4 93.92
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3.3 Kimia’s 99 Dataset

Another popular dataset that is commonly employed by several shape retrieval schemes
is the Kimia’s 99. Although the variants Kimia’s 25, Kimia’s 256 are available still Kim-
ia’s 99 is widely used for validation as several shapes belonging to the former dataset are
encompassed in Tari-1000. Also, Kimias 25 is avoided in this analysis as it contains fewer
shapes when compared with Kimia’s 99. Few example shapes of Kimia’s 99 are depicted
in Fig. 8.

Kimia’s 99 is organized into 9 classes with each class consisting of 11 images thereby,
making a total of 99 shapes. Each shape of Kimia’s 99 queries the retrieval scheme and the
matched shapes ranking from top 1 to top 10 are retrieved and displayed in Fig. 9.

Figure 9 displays the matched retrievals from each class for a given query. Column 1
lists the different query images and the columns following it display the shapes ascend-
ingly ranked from Top 1 to Top 10 with regard to the given query. Also, the misrecognized
shapes are bounded using red boxes in the retrievals. This is mainly due to the sub-region
matching of the query image with several other parts of other images belonging to another
class due to local feature extraction. Table 5 shows the localization results of the presented
framework with variable LAPD mask sizes of 3 X 3, 5% 5, 7x 7and9 x 9.

Although, lower mask sizes deliver consistent accuracy more than 93%, for rela-
tive comparison, LAPD mask with 9 X 9 is presented in Table 6. Table 6 compares MA-
LAPD with its popular competitors namely, Shape Context (SC) [3], Inner Distance Shape
Description (IDSC) [4], Mean-alignment Euclidean (Mean- EuDist) [12], Eccentricity
Transform (ECCobj2D) [24] and Contour Points Distribution Histogram (CPDH) [22].

Table 6, apparently signifies the higher Top 1 result achieved by MA-LAPD with regard
to the prevailing mechanisms. Also, MA-LAPD delivers highest BER even for the Top 10
rank and dominates the earlier schemes thereby, showcasing its effectiveness. An attribute

i VNN SR R
TRV T 2T
KRR X KRR RR P K
W NN NN, NN X
cSasaw)easae
A AR A Ay K
22 A3 AR 22N o
400000006
FITEITSTTTS

Fig. 8 Example shapes in Kimia’s 99
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Fig.9 Top-10 ranked retrievals on Kimia’s 99

Table 5 BER values for different
Mask sizes on the Kimia’s 99
dataset

Mask size Ist 2nd 3rd 4th 5th 6th 7th 8th 9th 10th

3%3 99 98 98 93 96 92 87 89 90 82
5x5 9 98 98 93 94 92 88 90 90 74
Tx7 99 98 96 94 94 92 88 90 89 81
9%9 99 98 98 94 95 94 94 93 91 &7

Table6 Top 1-Top 10 ordered BER values of different descriptors

Method Ist.  2nd  3rd  4th  S5th 6th  7th  8th  9th  10th
ECCobj2D [24] 94 85 81 73 81 73 64 59 56 35
SC [3] 97 91 88 8 8 77 75 66 56 37
Mean-DIR Euclidean [12] 97 92 89 8 81 80 74 74 70 52
CPDH [22] 98 94 95 92 90 88 8 8 Tl 52
LTEM + Hist [28] 99 99 96 94 8 8 8 80 8 78
IDSC +DP [4] 99 99 99 98 98 97 97 98 94 79
TFD [23] 99 98 97 9 94 95 94 93 93 84
HGTT [29] 99 98 98 94 95 94 94 93 91 87
MA - LAPD,,, 99 99 98 95 94 94 95 94 92 90
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solely owed to the simple and acute shape characterization. Rather, others achieve it by uti-
lizing complex dynamic programming. Furthermore, MA-LAPD robustness is well dem-
onstrated in Fig. 9 that supplements the ability of the intended shape description.

4 Conclusion

A computationally light and novel shape descriptor labelled as Modulo Arithmetic-Local
Absolute Pixel Differences (MA-LAPD) is contributed in this paper. The MA-LAPD
descriptor of image sub-regions is constructed using modulo operation in an overlapping
manner. The resulting image is then encoded using the novel LAPD packing mechanism
to produce the MA-LAPD descriptor. Validations on the benchmark datasets establish
MA-LAPD to be invariant towards diverse affine transformations which is evident in the
achieved BERs. Computationally simple, consistent BER and superior performances wit-
nessed across the different datasets signify MA-LAPDs potential. However, MA-LAPDs
BER falls slightly in comparison with its peers if the shapes contain more articulation
changes, a constraint that is to be addressed. Also, this concept can be extended to deal
with large image database warranting rapid retrieval with improved retrieval accuracy.
Extension of the presented descriptor to super-resolution retrieval applications remains the
future scope.
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