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a b s t r a c t 

We propose a framework for a fast exact shape retrieval called Low-complexity Arrays of Contour Sig- 

natures. The purposes are to match a shape against a database in constant time and to retrieve correct 

shapes very close to the query, while the latter may have undergone rigid transformations and noise. 

We present a shape signature based on prior works as well as a compact characterization of such signa- 

tures, a system of associative arrays allowing a short search time for retrieval and a technique of pairwise 

alignment. This method shows a good resilience to perturbations and is performed in a constant compu- 

tational time. 

© 2021 Elsevier Ltd. All rights reserved. 

1. Introduction 

Shape recognition, classification, retrieval or even just building 

tools for shape analysis can still be a challenge nowadays, as the 

exigencies of technological effort s continuously increase. There are 

many ways to formulate goals within this field: classifying shapes 

visually resembling each other, finding matching parts of shapes, 

perform a matching that is invariant or robust to transformations, 

etc. A significant part of the literature focuses on shape classifica- 

tion considering occlusions, perturbations due to noise, scaling, ro- 

tation and even sometimes large deformations. Depending on the 

application, the intra-class variance in a dataset is sometimes such 

that it can be considered relevant to admit that some shapes in the 

same class are not the same. Therefore a large part of the existing 

state of the art cannot discriminate visually similar but differently 

labeled shapes, as they admit large amounts of deformations. Also, 

most of the current literature revolves around the use of direct de- 

scriptor comparisons, which can lead to high computational times 

for retrieval. 

In this paper, we decide to tackle the problem of exact shape 

retrieval in a large database, in constant computational time. 

For instance, these shapes can be contours extracted from 

quasi-flat objects such as ancient coins [1] . Ancient coin databases 

can be very large, i.e. the Online Coins of the Roman Empire 

(OCRE) database 1 totals over 10 0,0 0 0 specimens. The objective is 

to retrieve only coins that are produced by the same matrix. This 

∗ Corresponding author. 

E-mail address: florian.lardeux1@univ-lr.fr (F. Lardeux). 
1 http://numismatics.org/ocre/. 

is a problem of exact shape retrieval different from typical shape 

retrieval approaches, which would retrieve all coins of the same 

type. 

Hence, two shapes are considered here to be the same if one 

can be mapped onto the other by applying a rigid transformation 

or noise, as presented in Fig. 1 . 

The intuition for this work was given by a conjunction of ideas 

from both the audio field and the shape recognition community. 

The work of [2] is a very simple and compact way of describing the 

shape by its curvature. However, the cross-correlation is not robust 

and quite slow. Wang et al. introduced in [3] the Shazam system 

for musical audio recognition, where retrieval is performed using a 

hash map to efficiently store feature pairs of the signal as well as a 

binning technique to ensure the alignment between similar parts. 

We therefore investigate this idea in the context of shape recogni- 

tion, without the need for a hash key for the creation of the fea- 

ture pairs. Dealing with small deformations involves nonetheless 

the use of a robust signature. Since the cumulative sum [2] accu- 

mulates noise along the signature, this representation is not at all 

robust to perturbations. Our signature is a modified version of the 

Triangle Centroid Distances (TCD) [4] . 

This article involves the following contributions: 1) A signature 

based on a modified version of the TCD [4] , which makes a sim- 

ple yet very robust 1D representation of the shape. 2) A selection 

of feature points and feature pairs extracted from the signature. 3) 

An efficient storage system via associative arrays. 4) A general al- 

gorithm of constant time retrieval using pairwise geometric align- 

ment. We call this whole method Low-complexity Arrays of Con- 

tour Signatures, shortened in LACS. 

The use of associative arrays for exact shape matching resem- 

bles geometric hashing. However, geometric hashing was originally 
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Fig. 1. Exact shape retrieval. A shape is retrieved if and only if there is a rigid trans- 

formation or noise between it and the query. If the shape seems visually to belong 

to the same class, but is in fact geometrically different, it will not be retrieved. 

developed in computer vision for matching point features [5] , such 

as vertices of shapes, and not shape signatures. 

Related works on shape recognition are listed in Section 2 . The 

definition of the signature is presented in Section 3 . In Section 4 , 

the feature points and the feature pairs are described and the 

process of storage to form a database is described in Section 5 . 

Section 6 explains the mechanism of pairwise geometric alignment 

to ensure geometric consistency in the retrieval. Finally, experi- 

ments on robustness and runtime are presented in Section 7 . A 

conclusion and discussion of our work are outlined in Section 8 . 

2. Related work 

There are two main perspectives to extract information: region 

based and contour based. Region-based methods, such as Fourier 

descriptors [6] or image moments [7] , provide a global shape de- 

scription by computing values related to the shape as a whole. 

However, these techniques suffer from the global descriptive data 

since they can analyze only parts of the shape. 

Contour-based methods are widely considered in the literature, 

because they are invariant to lighting conditions and do not take 

into account colors or textures [8] . The main strategy to character- 

ize the contour is the use of a shape descriptor, which can char- 

acterize globally or locally the contour. The corner stone of shape 

similarity techniques is the shape context descriptor [9] , which lo- 

cally features the distribution of contour points by the means of 

radial histograms. Although it allows to deal with scaling, rota- 

tion and deformations, the similarity cost is rather heavy and can- 

not cope with partial occlusions. Many works are based on this 

technique and propose the use of Dynamic Programming to match 

points [10] , a hierarchical strategy to deal with affine and projec- 

tive transformations [11] or the use of the earth mover’s distance 

to perform comparisons [12] . Chang et al. [13] propose a descriptor 

for open and closed shapes based on the Triangle-Area representa- 

tion. Their work efficiently deal with scaling by combining several 

scales and can tackle occlusions. Similar properties can be found 

in [14,15] , which propose multiscale descriptors based on invari- 

ant aspects of shapes. They also demonstrate invariance to artic- 

ulated deformation and intra-class variations. Wang et al. [16] in- 

troduce another type of descriptor relying on height functions. The 

works of [17] and [8] use a descriptor which can efficiently match 

parts of contours. The general method uses a fixed sampling of 

the contour from which they extract angles between chords within 

the shape. Yang et al. introduced the Triangle Cendroid Distance 

(TCD) descriptor [4] , based on distances between each point of the 

shape and Fourier descriptors. They achieve fine results in both 

part-to-whole and part-to-part matching while dealing with signif- 

icant non-rigid deformations. However, their matching technique 

is not invariant to the position of the starting point and therefore 

needs as many comparisons per shape as there are points in it. 

The work of [18] also propose the use of Fourier descriptors with 

a multiscale technique using group features, which uses combina- 

tion of spatial features to improve matching accuracy. Finally, to 

refine shape description, the work of [19] combines shape contour 

and skeleton by analyzing the geometry of contour parts in rela- 

tion with their associated skeleton. 

Alternatively, several other works use signature-based represen- 

tations to describe the shape, which synthesize the contour infor- 

mation into a compact representation. Commonly used signatures 

are, for instance, centroid distances, the chord length signature, the 

area function, the cumulative angular signature and the turning 

angle signature. Curvature is a paramount element in human shape 

recognition [20] . Cui et al. [2] formulate a scale-invariant signature 

based on this principle. The abscissa is calculated as the integral 

of unsigned curvatures. This mathematically shows to be indeed 

scale-invariant in theory but in practice fails to take into account 

the changes in sampling of the contour when perturbations are ap- 

plied to the image itself. To compare two shapes, they use normal- 

ized cross-correlation. In [21] , a Distance Interior Ratio signature is 

introduced. It is invariant to rotation and scaling and yield promis- 

ing retrieval results on popular datasets. 

Various frameworks can be formulated for the matching step, 

depending on what the desired goal is. Research works describ- 

ing novel methods for shape representation generally adopt dis- 

tances or similarity measures such as the edit distance [10] , the 

earth mover’s distance [22] , the χ2 distance [9] , or dissimilarity 

costs [4,17] . In any of the aforementioned cases, pairwise compar- 

isons must be performed if one desires to find the best match 

among a database of shapes which leads to a linear complexity 

when performing retrieval. Several authors propose alternatives to 

standard comparisons that can involve space search reduction via 

statistical tools [23] , or the use of Bayesian inference [24] . How- 

ever, the speed gain is achieved for each comparison, and not for 

the database as a whole, which is still a limiting factor for a fast re- 

trieval. Other works rely on learning to perform classification. The 

classic method of Bag-of-Words model is used by [25–27] . Bai et al. 

[28] extended this principle by using both local information and 

global properties of the shape to gain discriminative power for the 

recognition. The same idea of contour segments is investigated in 

other works such as [29] which uses Bayesian inference for learn- 

ing. Learning methodologies can be very effective for shape classi- 

fication, but require a specific training set, which cannot account 

for large databases of very different shapes. 

3. The shape as a signature 

Our choice is to convert the shape into a 1D signature so as to 

get a compact representation which contains relevant information 

of the shape. Attneave [20] showed in 1954 that the human mind 

seems to privilege a very small, but really precise quantity of data, 

gathered in its boundary curvature. 

In order to comply with this psychological background, a nat- 

ural choice is to study signatures which feature this kind of at- 

tributes. Most naive signatures [30] are not invariant to scale 

and features such as curvature also suffer heavily from noise [2] . 

Namely, the main issue with the computation of a good signature 

is its stability under perturbations. 

3.1. Description of the signature 

We modify the TCD descriptor designed by [4] and extract a 

signature from it. 

The TCD is based on the Fourier transform of distances between 

points of the shape. Namely, if the shape has n points, for each 

pair of points P i and P j , j � = i , let g i j be the barycenter between P i , 

P j and the total center of gravity of the shape G . Then, the distance 
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Fig. 2. Graphical explanation of the TCD. d i j is the distance between P i (red) and 

g i j (green). G is the center of gravity of the whole shape. (For interpretation of the 

references to colour in this figure legend, the reader is referred to the web version 

of this article.) 

d i j is defined as the distance between P i and g i j . Fig. 2 provides a 

illustration of this calculation. 

Each distance is normalized by the maximum of each row, giv- 

ing Eq. (1) . 

∀ (i, j) ∈ [0 , n − 1] × [0 , n − 2] , ˆ d i j = 

d i j 

max i d i j 

(1) 

Finally, a Fourier transform is applied for each column of (d i j ) 

for 16 frequencies, from which the absolute value is taken, which 

leads to the final descriptor ( f w j ) ∈ M 16 ,n −1 ( R 

+ ) in which each el- 

ement is given by Eq. (2) . 

∀ j = 0 , . . . , n − 2 , ∀ ω = 0 , . . . , 15 

f ω j = 

∣∣∣∣∣
1 

(N − 1) · max n d n j 

·
∑ 

n � = j 
d n j · exp 

(
−2 iπnω 

N − 1 

)∣∣∣∣∣ (2) 

where i 2 = −1 and | . | is the absolute value. 

The difference in description compared to the original TCD is 

that we consider the d n j to be the direct norm of the vector 
−−→ 

P n P j . 

This formulation is much simpler and yields better results because 

it deals with exact positioning. Our principal signature, which is 

sufficient for a large number of cases, is the case of zero frequency 

in Eq. (2) , and is simply the ratio of the average and the maximum 

of the d n j . 

f j = 

1 

(N − 1) · max n d n j 

·
∑ 

n � = j 
d n j = 

d n j 

max n d n j 

(3) 

This signature is robust to rigid transformations as well as noise 

and characterizes the shape. As explained below in Section 5.3 , one 

can nonetheless use at least the first few rows of ( f w j ) to improve 

the robustness. It should be noted that each shape is read forward 

and backward, since there is a priori no way to select a stable di- 

rection. The query shape will thus have two signatures to compare. 

3.2. Behavior of the signature 

This simple formulation is very efficient as a signature since it 

is, in theory, invariant to shift, scale, rotation, starting point (re- 

sulting in a shift in abscissa) and very robust to noise, being the 

low frequency of the distance signal. Here we focus on the formu- 

lation presented in Eq. (3) . Three types of behavior regarding trans- 

formations are cited below: adding noise the to shape, scaling the 

source and rotating the source (changing the starting point). For 

illustration, the first shape of the Kimia99 dataset [31] , displayed 

in Fig. 4 , is used. All original images have an average resolution of 

around 120 × 120 . A binary blob is extracted from the shape and 

the contour is extracted as a contiguous sequence of pixels. 

Fig. 3. Signatures obtained with two different scalings of the shape. There is a 

slight difference, but overall the signatures are almost identical. 

Fig. 4. Left and middle: Impact of rotation on the starting point (red dot). The 

shape here is rotated by π
4 

. Right: Shape with Gaussian noise of standard devia- 

tion 0.5. (For interpretation of the references to colour in this figure legend, the 

reader is referred to the web version of this article.) 

Fig. 5. Impact of rotation on the signature. The signature shifts by the same 

amount as the shape curvilinear abscissa. 

3.2.1. Scaling the image 

Scaling is applied to the image prior to the shape extraction 

and the calculation of its signature. The larger the image, the more 

precise the shape details. Fig. 3 presents the two versions of the 

signature of the same shape having undergone a scaling by 2. It 

is paramount that the signature is as precise as possible so that 

its extrema stay very stable (see Section 4 ). The work in [4] uses 

a uniform interpolation of 100 points whereas we choose 10 0 0 to 

gain precision. 

3.2.2. Rotating the image 

Rotation changes the location of the starting point within a 

closed shape. Given a binary blob image from which the contour 

is extracted, there is no way to determine robustly which point 

to start the contour with, and therefore it changes with rotation. 

This is particularly visible in Fig. 4 , where the red dot denotes the 

starting point of the shape. Fig. 5 reveals that the signature shifts 

accordingly. The only major issue with this phenomenon is that it 

can hide a potentially relevant feature point being located at the 

break point that would appear as a peak or a trough in the signa- 

ture. 

3.2.3. Adding noise to the shape 

In order to simulate noise, we simply add a Gaussian noise to 

both coordinates of the shape pixels independently. Fig. 6 shows 

the impact of adding noise on the signature. A Gaussian noise of 

standard deviation 1.0 is rather strong for the size of this shape, 

therefore it can be considered as a limit case. The signature can be 

very corrupted by noise, the low frequency signal is used. This is 

considered to be a limit case, since we do not intend to deal with 

large deformations. 

3 
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Fig. 6. Impact of noise on the signature. Noise in the shape translates in noise in 

the signature. Strong noise can significantly corrupt the signal and disturb the local 

extrema locations. 

4. Feature points and feature pairs 

To reduce both spatial and time complexities, feature points are 

extracted from the signature values and organized in pairs. That 

way, we ensure to keep the model very compact while maintaining 

a geometrical consistency. 

4.1. Feature point selection 

Feature points of our signature are defined as the points which 

exhibit a distinct variation in signature. 

The feature points are chosen to be the local extrema of the 

signature of coordinates (x j , f j ) such that: 

P f eature = 

{ 
(x j , f j ) | f j > f j−1 and f j > f j+1 or f j < f j−1 and f j < f j+1 

} 
(4) 

Fig. 7 shows these feature points in our example in both the 

signature and the shape. A simple analysis of Eq. (3) reveals that 

extrema in the signature appear where points are the closest and 

the furthest from the rest of the shape. This may occur at various 

positions in the shape, but this set of feature points noticeably in- 

clude high curvature points. However, they carry more information 

than the sole extrema of the curvature. This is at the heart of a 

relevant and compact representation of the shape for an efficient 

recognition; shapes that carry very little curvature extrema cannot 

be analyzed properly. Here, on the contrary, there is a nice distri- 

bution of peaks and troughs that enable a rich feature represen- 

tation of the shape. Finally, by keeping only the extrema, a large 

part of the information carried by the other parts of the signature 

are eliminated. This pruning is relevant because we postulate that 

the informative content is gathered within the relative positions of 

these extrema. 

4.2. Generating pairs of feature points 

Out of the selected feature points, our idea is to generate fea- 

ture pairs. The main argument behind such a choice is the follow- 

ing: points by themselves do not carry sufficient information; there 

is no way to compare two points if there is a shift between them. 

Pairs of points add structural information about the signature and 

Fig. 8. Examples of pairs of feature points (10 are presented). Pairs add structural 

information to the positional information of the feature points. 

the shape. Because the signature f is very robust to rigid deforma- 

tions, the pairs will remain very stable. 

The generation of pairs is done by reading the feature points 

in the signature from left to right. For each point, the algorithm 

looks ahead within a window of size m inside which the second 

point is selected. An example of such pairs can be found in Fig. 8 . 

In practice, we choose m = 20 . 

To handle the case of the rotation of a closed shape and thus a 

shift of the signature, one needs to take into account the points in 

a circular manner. The list of n feature points is appended with the 

first m elements, making it a list of n + m feature points. This way, 

when processing the last points of the list, we create pairs with 

the first feature points of the list, thus creating a continuity in the 

generation of pairs. In the same fashion, we calculate another list 

of feature pairs for the backward signature. 

5. Storing data in associative arrays 

We choose to use the pairs to store information in a system 

of associative arrays that serves as a tool for an efficient retrieval 

method (see Section 6 ). The main idea behind this form of storage 

is that one can store a whole database of feature pairs in it, each 

belonging to a certain shape. In essence, this is very close to the 

concept of hash tables. Some works have used hashing for shape 

recognition and clustering [32,33] , or for finding unusual shapes 

[34] . However, our technique allows to retrieve shapes among a 

large database and does not require learning any clustering pat- 

tern. Although the hashing technique has also been used in the 

Shazam algorithm [3] by which our method was inspired, the dif- 

ference is that we do not explicitly create hash functions per se , 

because the associative functions described below are not injective. 

5.1. Associative array functions 

An associative array is a set of buckets indexed by a key func- 

tion and containing a certain value. Let h = { h 0 , h 1 , . . . , h p−1 } (p ∈ 

N 

∗) be the set of associative arrays. Each array does not have a 

fixed number of buckets. In the following, each array is assimilated 

to its key function so that ∀ i = 0 , . . . , p − 2 , h i ∈ Z 

R . 

Every time a pair is stored in h , the bucket indexed by the key 

might not exist and is therefore created in the process. In prac- 

Fig. 7. Feature points in our example shape. Note that these extrema are closely related to the high curvature points, but give however far more information than a simple 

curvature signature. 

4 
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Algorithm 1: Adding a pair to associative arrays. 

Input : h : associative arrays 

{ a 0 , a 1 , . . . , a p−1 } quantization parameters 

{ d 0 , d 1 , . . . , d p−1 } : input descriptor 

{ x 0 , x 1 , . . . , x p−1 } : list of abscissas of the first 

point of the query pairs 

idx : index of the shape 

1 L ← h 0 
2 for i from 0 to p − 1 do 

3 ˆ d i = h i (d i ) 

4 if i = p − 1 then 

5 if L [ ̂  d i ] does not exist then 

6 L [ ̂  d i ] ← empty list 

7 L [ ̂  d i ] ←−−−−
append 

(x i , idx ) 

8 else 

9 if L [ ̂  d i ] does not exist then 

10 L [ ̂  d i ] ← empty array 

11 L ← L [ ̂  d i ] 

tice, we assign an index to the shape ( idx in Algorithm 1 ), which 

can be of any form as long as it allows to identify the shape. 

For each pair, there is a descriptor D = { d 0 , d 1 , · · · , d p−1 } with p

components. Each key function takes as an input respectively each 

component of the descriptor D. Let A = { a 0 , a 1 , . . . , a p−1 } be a set 

of p positive values. These values are quantization parameters of 

the key functions defined below. They virtually allow to increase 

or decrease the ”size” of each bucket in the arrays. This way, one 

can manipulate those parameters in order to get a finer or coarser 

storage. Small perturbations can be taken into account by setting 

a sufficient coarseness. For our application and for any pair of ex- 

trema { (x 1 , f 1 ) , (x 2 , f 2 ) } defined in Eq. (4) , we use a descriptor of 

three components defined by D = { f 1 , f 2 , x 2 − x 1 } and a set of pa- 

rameters { a 0 , a 1 , a 2 } such that a 1 = 0 . 1 , a 2 = 0 . 1 and a 3 = 0 . 5 . The 

values of the arrays are fetched by finding bins corresponding to 

h i (d i ) = � a i · d i 	 , ∀ i = 0 , . . . , p − 1 . 

Because the signature is deemed sufficiently stable, one can dis- 

criminate the ordinates easily, hence the choice of the first two 

components. Moreover, the third component of D allows to ne- 

glect the impact of shift along the signature abscissa, thereby mak- 

ing the descriptor invariant to the starting point. The descrip- 

tors are thus very reliable, provided the signature f is sufficiently 

robust. 

5.2. Structure 

As evoked, h is a system of associative arrays. Each bucket (not 

empty) of the first array h 0 contains one independent array, which 

is indexed by the second key function h 1 , and so on. This system 

of nested arrays is akin to a dense tree structure, in which there 

the retrieval is progressively refined. Fig. 9 explains graphically the 

structure of our system and presents a query example. In our case, 

we use three different keys and therefore the system has a depth 

of 3. 

The last array buckets should contain the identification of the 

shape. We store a list of tuples consisting of the abscissa of the 

first point x 1 and the index of the shape idx . Therefore, each time 

a new entry is added to the whole array ( Algorithm 1 ), it is possi- 

ble to append its tuple (x 1 , idx ) to a list already containing previ- 

ously added tuples. The associative array h i does not handle col- 

lisions and the whole storage system allows to retrieve several 

potential shape indices for each query pair ( Algorithm 3 ). Also, 

Fig. 9. Structure of our system of associative arrays. Each bin of each array, indexed 

by its key function, contains a sub-array. For a query pair descriptor ( f 1 , f 2 , x 1 − x 2 ) , 

the result is found by successively finding the corresponding bin of the arrays, as 

long as it exists. The last array contains the result of the retrieval, which is the ab- 

scissa of the first point of the retrieved feature pair x ′ 1 initially stored ( Algorithm 1 ) 

and the index of the corresponding shape idx . 

Fig. 10. Example of H = { h u v | u ∈ [0 , 2] v ∈ [0 , 2] } . Each h u is a system of associative 

arrays composed of v nested arrays. The retrieve values (x 1 , idx ) may not concur, as 

they are pulled from a different signature (even though they characterize the same 

shape, they are independently processed). 

if no corresponding pair was found (which should often occur if 

the shape is unknown in the database), then the value None is 

returned. 

5.3. Parallel systems of arrays 

It is possible to use several systems of associative arrays at 

once. Namely, we can use several signatures, all extracted from 

the descriptor of [4] and processed separately, all in the same 

fashion, both for storage and retrieval. Let H be a system of as- 

sociative arrays. The process of retrieval is to consider a set of 

signatures characterizing the shape at several levels of descrip- 

tion f j (ω = 0) , f j (ω = 1) , . . . and perform retrieval on each pair of 

each signature. The complexity of retrieval increases linearly with 

the size of H, but adding more systems of arrays leads to very 

robust results. An example of such set of arrays is presented in 

Fig. 10 . In the following, we will continue to use only one array to 

explain the technique to avoid heavy notations. 

6. Retrieval 

This section explains the complete mechanism of retrieval. It 

consists of two general steps: finding the matches in the database 

and aligning them with a binning technique. 

6.1. Pulling correspondences from h 

The simple scenario to consider here is having a query Q , which 

is a collection of pair descriptors for a query shape, and compar- 

5 
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Fig. 11. Example of the calculation of δx for a rotation of π
6 

. The given points P 1 , P 2 and P 3 have been shifted due to rotation. Here δx = 166 in each case. Even if there were 

slight variations (bounded by +2.0 (excluded) with a 3 = 0 . 5 ), those values would still belong to same bin in the histogram. 

Fig. 12. Results of the alignment for different perturbations. The first row displays the contour extracted from the transformed shape, the second row shows the corre- 

sponding signatures and the third row presents the resulting histograms. It should be mentioned that the noise in this case is quite large and represents a worst-case 

scenario. 

ing it with the shapes already processed and stored in h . Let S be 

the database of shapes stored in h . The shape k in the database is 

S(k ) , k ∈ { 0 , 1 , . . . , n − 1 } , where n is the number of shapes in the 

database. 

The algorithm goes through all pair descriptors in Q , and for 

each of them, we retrieve a list of tuples of abscissa and in- 

dex that we write { ( x, k ) } for clarity. If the retrieved value is 

None, the next descriptor of Q is processed, ending up retriev- 

ing all the potential shape candidates for each investigated pair. 

The retrieved values lack information (only one abscissa value 

x along with its corresponding shape index k ) and may be nu- 

merous for each query pair. Therefore an additional strategy is 

employed to select the relevant ones and prune the acquired 

set. 
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6.2. Pairwise geometric alignment 

If x and x Q are respectively the abscissa in the current retrieved 

tuple and the first point of the current pair in the query, we define: 

δx � x − x Q (5) 

Eq. (5) refers to the shift needed to map x Q onto x . An ex- 

ample of such calculation is provided in Fig. 11 . For any part of 

the signature which matches the query, the resulting values of δx 

should be close to another one. The values of δx are quantized 

( Eq. (6) ) and we calculate histograms of δx per shape of index k in 

the database. The bins of the histograms range from δmin = −10 0 0 

to δmax = +10 0 0 and have N bins bins. The resulting binning is ex- 

pressed by Eq. (6) . The number of bins is again a parameter for 

the finesse of the matching; values ranging from 100 to 500 give 

fairly good results and here we choose 200 bins. We determine the 

quantized values of δx on the fly for each retrieved tuple, and we 

successively identify the score of the current shape score [ k ] as the 

value of the largest bin. The scores are stored in a dictionary in- 

dexed by the shape indices. 

�x = 

⌊
N bins ·

δx − δmin 

δmax − δmin 

⌋
(6) 

Fig. 12 illustrates the behavior of such histograms. If the orig- 

inal shape is matched against itself, the correspondences are per- 

fect, and therefore the retrieval yields a maximum number of pairs. 

This number is far larger than the number of pairs in the query be- 

cause it is likely to find several results corresponding to one input 

descriptor. As explained in Section 3.2 , noisy shapes disturb the 

signature signal and can thus corrupt the retrieval and rotation is 

the reason for an important shift in the signatures which can be 

seen in the histogram. There is a significant drop in the number of 

pairs retrieved, but nonetheless a very coherent shift is found. 

6.3. Selection of the best shape 

The aforementioned pipeline of techniques is compiled into a 

single Algorithm 3 . There are essentially two passes to compute 

the scores: one for the forward query and one for the backward 

query. At each iteration, we retrieve the correspondences from the 

database and update the score and the best shape associated us- 

ing the steps described in Section 6.2 . We only keep the largest 

score for each bin of each shape. The best score, corresponding 

to the largest number of pairs retrieved over all shapes in S is 

n best = max 
k 

(score [ k ]) . Finally, the index of the best shape is given 

by k best = arg max k (score [ k ]) . 

6.4. Computational complexity 

The descriptors and the quantization produce collisions during 

storage. This allows to get more than one possible shape corre- 

sponding to the query and also several pairs belonging to the same 

shape. Of course, the main issue is that it causes a linear computa- 

tional complexity instead of a purely constant one. In theory, given 

a set of associative arrays, each having b i buckets, the mean num- 

ber of collisions can be assumed to be uniformly distributed and 

equals to: 

γ = N/ 

p−1 ∏ 

i =0 

b i (7) 

where N is the number of pairs stored. The number of pairs N is 

substituted by the total number of shapes in the database n since 

the former increases linearly with n . Using Eq. (7) , the complexity 

Table 1 

Parameters for each perturbation. A certain amount of values are 

uniformly chosen within a reasonable range. For the scaling, we 

include the factor 1.0, so that there are 11 values. 

Scaling ( factor) Rotation ( angle ) Noise ( σ ) 

Range [0 . 5 , 2] [0 , 2 π) [0 , 1] 

Amount 10 ( + 1) 16 11 

Fig. 13. Original and perturbed shapes of the Kimia99 dataset. 

becomes: 

C(n ) = O(γ · N Q ) = O 

(
n 

b p 
· N Q 

)
(8) 

where N Q is the number of pairs in the query and if we suppose ∏ 

i b i ≈ b p . Eq. (8) shows that there is a linear relation between the 

complexity and the number of pairs N, but there is also a factor 

which, if well-chosen, can severely diminish the overall computa- 

tional time. The value of b depends on the descriptor definition 

and also on the parameters A ; a carefully chosen set of parame- 

ters thus allows to limit collisions, to ensure that γ is relatively 

constant when N (and the number of shapes) varies and to only 

pick pairs closely related to the ones investigated as queries. We 

will demonstrate experimentally in Section 7.2 that we manage to 

keep the runtime low and γ quasi-constant. 

7. Experiments and results 

To assess the performance of exact shape retrieval, studies on 

both robustness to perturbations and retrieval time are provided. 

Our technique is compared to several methods from the state of 

the art, including [9] as a standard baseline strategy with descrip- 

tors, [2] to evaluate the use of cross-correlation and [4] because 

their method inspired our signature. In the graphs described be- 

low, our method is labeled ”LACS u ”, where u corresponds to the 

number of parallel systems of arrays used (see Section 5.3 ). 

7.1. Robustness 

This subsection presents an analysis of the resilience with re- 

spect to scaling, rotation and noise. These perturbations were gen- 

erated by a process explained in Section 3.2 . As a general pro- 

tocol for this study, each transformed shape query is matched 

against the original shapes. Parameters for the perturbations are 

presented in Table 1 . We choose to use the Kimia99 dataset [31] as 

a database for two reasons: it features a reasonable variety of 

inter-class shape complexities, each class sometimes containing 

very similar shapes, albeit without being a too large dataset, which 

leads to prohibitive computational times, especially for [2,4,9] . 

Fig. 13 shows some original and perturbed shapes of the Kimia99 

dataset. The final values are accuracy scores corresponding to the 

bull’s eye score for the retrieval of each independent shape, the 

retrieval per class and per parameter of perturbation. 
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Table 2 

Total accuracy of robustness ( % ) by method including various amounts of parallel associative arrays. 

Shape Context [9] Cui et al. [2] TCD [4] LACS (Ours) (number of parallel arrays) 

Kimia99 1 2 3 4 5 

Scaling 66.6 13.7 71.5 80.2 90.3 90.5 92.4 92.8 

Rotation 35.0 13.9 88.9 88.7 94.0 95.0 95.6 96.3 

Noise 95.8 26.8 63.5 66.4 77.3 82.4 85.5 86.9 

MPEG-7 1 2 3 4 5 

Scaling 70.0 86.7 89.9 90.5 91.3 91.1 

Rotation 74.6 83.5 87.4 87.9 88.4 88.6 

Noise 63.7 68.2 76.2 79.1 80.8 82.8 

Tari-1000 1 2 3 4 5 

Scaling 72.6 93.5 95.7 95.8 96.2 96.3 

Rotation 87.4 86.0 89.9 90.4 91.2 91.5 

Noise 75.3 65.6 77.1 80.7 83.0 85.1 

Table 3 

Runtimes of retrieval (in seconds) for several methods and different amounts n of shapes in the database. Collisions γ for each n is also displayed 

between parentheses. 

Database size n Shape Context [9] Cui et al. [2] TCD [4] LACS 1 LACS 2 LACS 3 LACS 4 LACS 5 

1 0.93 0.066 0.010 0.003 (1.31) 0.005 (1.43) 0.011 (1.50) 0.020 (1.53) 0.018 (1.55) 

10 8.95 0.47 0.070 0.002 (1.47) 0.006 (1.50) 0.011 (1.63) 0.022 (1.66) 0.025 (1.68) 

100 86.34 5.19 0.61 0.013 (1.52) 0.009 (1.52) 0.030 (1.61) 0.045 (1.93) 0.121 (2.31) 

1000 823.61 65.82 6.44 0.011 (3.42) 0.011 (3.42) 0.193 (3.91) 0.241 (5.18) 0.901 (6.57) 

Results in Table 2 show that our method outperforms both 

[2] and [4] , even with one associative array. Considerable improve- 

ments in robustness can be made by adding more associative ar- 

rays, but at the cost of more computational time. Shape context 

[9] achieves impressive results of robustness to noise, but is much 

less resilient for scaling and rotation. The TCD is designed to deal 

with non-rigid deformations, which obviously hinder its discrimi- 

nation for very close shapes. The accuracy per class is however still 

very high in general, meaning that mistakes were mostly made be- 

tween very close shapes ( Fig. 14 ). Cross-correlation of [2] suffers 

from a very poor stability, as predicted. Our method achieves very 

good outcomes in general for the accuracies per transformation pa- 

rameter. Scaling mistakes correlate with factors higher than 1.0. 

Image rotation involves drops in robustness that are more likely 

to appear for angles θ �≡ 0 ( mod π/ 2) . Finally, there is a rapid 

decline in robustness for higher noise standard deviations for all 

methods, except for the shape context, but we still manage to 

reach 68% for σ = 1 . 0 . 

We show some further results in Table 2 for the MPEG-7 

dataset [35] and the Tari-10 0 0 dataset [36] . They are usual datasets 

for the evaluation of shape retrieval methods and contain respec- 

tively 1400 and 1000 shapes. The results for LACS and TCD are 

comparable to those obtained on the Kimia99 dataset. As shown 

below, shape context and the method of Cui et al. have a quadratic 

time complexity. Hence, it is not possible to execute them on such 

a large dataset in a reasonable time interval. 

7.2. Runtime analysis 

A runtime analysis is performed to evaluate the behavior of the 

associative arrays when changing the size of the database and the 

size of the query. We use the MPEG-7 dataset [35] , which contains 

1400 shapes, because we want to evaluate the runtime for large 

databases. For the first experiment, we select a specific query con- 

taining N Q = 380 pairs, a value close to the mean number of pairs 

N Q = 374 . We perform successive retrievals against a database in 

which we iteratively increase the number of shapes n ; the same 

process is followed for every method. The second experiment is 

done by using the largest database (1400 shapes are stored) and 

by computing the retrieval time for an increasing number of pairs 

in the shape. To do so, we take the shape with the largest num- 

ber of pairs and perform a process similar to the first experiment 

by adding pairs. In each experiment, we do not take into account 

the creation of the descriptors, the signatures or the associative ar- 

rays; the database is already already built and we examine only 

the retrieval time. Computations were run with an Intel® Core TM 

i7-7820HQ CPU @ 2.90GHz with Python 3.6.5 and the results are 

presented in Fig. 15 . 

Although we indeed observe a linear tendency, the curve is very 

flat, making the computational time of technique akin to a con- 

stant complexity. When the database is very small, there is a high 

probability of retrieving nothing (None in Algorithm 2 ) and so the 

retrieval time is negligible. This explains the soaring at first, which 

evens out at around 100 shapes. The average number of collisions 

(calculated with Eq. (7) ) remains between γ = 1 . 31 and γ = 2 . 92 , 

with a general mean of γ = 2 . 27 . This implies the necessity to 

check, in average, 2.27 values r in Algorithm 3 . The result is a very 

low retrieval time which spans between 3 ms and 13 ms, with an 

average of 10 ms. One can extrapolate that only 1 s is required to 

perform a retrieval with a query of 380 pairs among a database of 

around n (t = 1 s ) = 350 0 0 0 shapes. Table 3 demonstrates the speed 

of our method with respect to more traditional approaches. In av- 

Algorithm 2: Request on the associative array. 

Input : h : associative array 

{ a 0 , a 1 , . . . , a p−1 } quantization parameters 

{ d 0 , d 1 , . . . , d p−1 } : input descriptor 

Output : list of tuples 

1 L ← h 0 
2 for i from 0 to p − 1 do 

3 ˆ d i = h i (d i ) 

4 if L [ ̂  d i ] does not exist then 

5 return None 

6 L ← L [ ̂  d i ] 

7 return L 
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Fig. 14. Detailed results of the robustness experiments. The left column shows accuracy against the perturbation parameters. The right column shows accuracy per class for 

each perturbation. 

Fig. 15. Left: Retrieval time evaluations with respect to the size of the database for our technique with one array, using same query of N Q = 380 pairs. A linear regression is 

shown beginning with n = 100 . Right: Retrieval time per collisions γ . 
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Fig. 16. Retrieval time evaluations with respect to the size of the query, using the largest database. Runtimes are very low, showing a near constant complexity. 

Algorithm 3: Finding matches in the database from a shape 

query. 

Input : h : associative arrays 

X = { x 0 , . . . , x p−1 } : list of abscissas of the first 

point of the query pairs 

Q = {D 0 , . . . , D p−1 } : list of pair descriptors 

from the query shapes 

A : quantization parameters 

Output : k : best shape index 

score : best score 

1 hist ← empty dictionary 

2 score ← 0 

3 k ← None 

4 p ← |X | 

5 for i from 0 to p − 1 do 

6 R ← get(h, A , D i ) (Algorithm 2) 

7 if R is not None then 

8 for all r in R do 

9 x = r(0) 

10 idx = r(1) 

11 δx = x i − x (Eq. 5) 

12 �x = quantize (δx ) (Eq. 6) 

13 bin = hist[ idx ][�x ] (ensure it exists first) 

14 bin + = 1 

15 if bin ≥ score then 

16 k = idx 

17 score = bin 

18 return k , score 

erage, it takes less than 1 s to perform retrieval for any number 

of parallel associative arrays. By comparison with direct matching, 

our method is 10 to 10 0 0 times faster for the range of n analyzed. 

We also present the number of collisions with respect to the 

n , which exhibit a linear correspondence between γ and the com- 

putational time. Fig. 16 features the evolution of runtime against 

N Q as well, and explicitly shows a linear tendency. The number of 

pairs N Q is positively correlated to the complexity of the shape, 

as defined by the number of high curvature points and its length. 

Since we expect an average of N Q = 374 pairs, the average compu- 

tational time is of around 100 ms for n = 1400 . 

8. Conclusion and discussion 

We introduced the Low-complexity Arrays of Contour Signa- 

tures (LACS) system for shape retrieval. The scope was to deal with 

exact shape recognition in a constant time, regardless of the size of 

the database. Our method formulates a very robust representation 

even in the presence of rigid perturbations and noise. Retrieval is 

performed with the use of a system of associative arrays and si- 

multaneous pairwise geometric alignment, which yields extremely 

short computational times on large databases compared to usual 

works on the subject. Our technique only tackles exact matching 

and so far cannot deal with occlusions, which comes from the 

design of the signature. The pipeline for retrieval is largely inter- 

changeable, as one may use other shape representations in our 

system. Further improvements could lead to very satisfactory re- 

sults in terms of recognition, classification as well as part-to-part 

matching in a versatile and very fast way. 
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