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a b s t r a c t 

Shape analysis is a key task in computer vision, and multiscale descriptors can significantly enhance 

shape characterization. However, these descriptors often rely on parameter adjustments to configure a 

meaningful set of scales that can enable shape analysis. Parameter adjustment in large image datasets 

is often done on a trial-and-error basis, and an alternative solution to mitigate such a limitation is the 

use of metaheuristic optimization. The main contribution of this paper is to provide a strategy that sup- 

ports the automatic parameter adjustment of a multiscale descriptor within a metaheuristic optimization 

algorithm, where the choice of the cost function strongly influences and boosts the performance of the 

shape description, which is closely related to the problem domain, i.e. the image dataset. Our research 

considers synthetic data in a prior evaluation of the cost functions that optimize the scale parameters 

of the Normalized Multiscale Bending Energy (NMBE) descriptor through the Simulated Annealing (SA) 

metaheuristic. The cost functions that drive this metaheuristic are: Silhouette (SI), the Davies–Bouldin in- 

dex (DB) and the Calinski-Harabasz index (CH). We conduct content-based image retrieval and classifica- 

tion experiments to assess the optimized descriptor using three healthcare image datasets: Amphetamine 

Type Stimulants (ATS) pills (Illicit Pills), pills from the National Library of Medicine (NLM Pills) and hand 

alphabet gestures (Hands). We also provide segmentation masks for Illicit Pills to guarantee reproducibil- 

ity. We report the results of tests using a state-of-art method based on a deep neural network, Inception- 

ResNet-v2. The optimized NMBE with SI and DB achieved competitive and accurate values of above 94%, 

in terms of both the Mean Average Precision measure (MAP) and Accuracy (ACC) for Illicit Pills and NLM 

Pills. The precision recall curves demonstrate that it outperforms the Inception-ResNet-v2 for both of 

these datasets. 

© 2019 Elsevier B.V. All rights reserved. 
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1. Introduction 

Computer Vision is the science behind the understanding of

how visual systems work and can be implemented in order to find

computational solutions to tasks that have images as their primary

input. Within this broad domain, shape modelling plays an impor-

tant role, since it is known that most of the visual information of

an object lies on its boundary [1] . On the other hand, finding shape

descriptors that numerically represent generic objects and their ge-

ometry is, in general, challenging, although this is fundamental in

recognition tasks. 
∗ Corresponding author. 
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Several shape descriptors can be found in the literature, and

hey are mostly parametric [2–4] . In general, the approaches used

o handle the setup of the parameters are manual and involve ex-

austive searches, leading to sub-optimal results [5] . This parame-

er setting becomes specific to a given task or dataset and cannot

e transferred to other scenarios. An example of this remark is the

nner Distance-Shape Context (IDSC) descriptor [2] , which has been

sed for leaf-based plant specimen identification [4] with parame-

er specification primarily calculated for the MPEG-7 [6] dataset. 

Parameter setting is application-dependent, and the search

or new parameters may be challenging for a particular assign-

ent [5] . In order to tackle this problem, the authors of [7] pro-

osed a framework that applies metaheuristic-based methods and

 clustering validation measure called Silhouette [8] as the cost

unction for the parameter optimization of a multiscale shape

https://doi.org/10.1016/j.patrec.2019.06.017
http://www.ScienceDirect.com
http://www.elsevier.com/locate/patrec
http://crossmark.crossref.org/dialog/?doi=10.1016/j.patrec.2019.06.017&domain=pdf
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escriptor. Inspired by [7] , we investigate the role of different cost

unctions in this framework and apply our technique to retrieval

nd classification tasks using three healthcare image datasets. Our

ork is an effort to provide an optimized approach that improves

he shape description and analysis of these healthcare images. Two

f these datasets raise the problem of recognizing the shapes of

ills, both legal and illegal. 

Amphetamine Type Stimulants (ATS) represent a significant

rug problem according to the World Drug Report 2011 published

y the United Nations Office on Drugs and Crime [9] . Between 0.3%

nd 1.3% of the world population, with ages from 15 to 64 years,

re affected by this problem [10] . Thus, the automatic identification

f illicit pills based on pattern recognition algorithms is of great

mportance for forensic science, drug monitoring and the analy-

is of seized drugs around the world. The development of these

omputer systems for pill drug image recognition relies on color,

mprint and shape features [10–13] . Shape descriptors can be em-

loyed as a preliminary filter to improve the performance of this

ask. 

In [14] , the authors exploit the importance of the identification

f unknown medications in disaster and emergency situations as

 major motivation to develop automated algorithms and software

ools for drug recognition, and particularly prescription tablets and

apsules. Pill misidentification may lead to catastrophic outcomes

o patients and a huge financial burden on healthcare cost world-

ide [14,15] , and algorithms for pill recognition can benefit from

omputer vision techniques [11,14,15] . 

There are several studies that have aimed to develop gesture

ecognition systems to assist people with hearing limitations, some

f which are based on computer vision techniques [16,17] . The per-

ormance of gestures as a sign language is the main form of com-

unication of hearing impaired people, and the development of

omputer-assisted tools for automatic interpretation of these sign

elies on hand gesture recognition. 

Faced with these related problems, we applied the pro-

osed shape descriptor optimization methodology to public im-

ge datasets of ATS pills (Illicit Pills) [18] , legal medicines (NLM

ills) [14,19] and hand alphabet gestures (Hands) [20] using a

hape description technique called Normalized Multiscale Bending

nergy (NMBE) [21] . We chose NMBE because it is invariant to

cale, rotation, translation, and is robust to noise artifacts gener-
Fig. 1. Optimization methodology of
ted by image acquisition [21] , and due to its simplicity and versa-

ility in dealing with healthcare images. 

We performed a quantitative evaluation of the optimized de-

criptor in terms of the Mean Average Precision (MAP) [22] mea-

ure and the precision recall curves [23,24] in content-based im-

ge retrieval (CBIR) [25] experiments. We also computed the clas-

ification Accuracy rate (ACC), in the supervised classification ex-

eriments. The main contributions of this work are as follows: a)

he design and validation of a metaheuristic optimization solution

or parameter adjustment of a shape descriptor to better character-

ze shapes in computer vision applications; b) a quantitative anal-

sis of three clustering validation measures, i.e. Silhouette (SI) [8] ,

he Davies–Bouldin index (DB) [26] and the Calinski-Harabasz in-

ex (CH) [27] using two synthetic databases (this can be extensi-

le to other datasets); c) an investigation of how the cost func-

ion choice affects the output of our processing pipeline; d) under-

tanding how the cost functions, SI, DB and CH, can handle differ-

nt aspects of three healthcare image datasets in an optimization

olution involving the parameter adjustment of a multiscale shape

escriptor; e) a comparison with a deep feature extraction algo-

ithm, i.e. the Inception-ResNet-v2 [28] applied to three healthcare

mage datasets for image retrieval and classification tasks; f) the

elease of segmentation masks for the Illicit Pills dataset for the

enchmarking and reproducibility of our research. 

The remainder of this paper is organized as follows. In

he next section, we introduce and describe the materials and

ethods. Section 3 presents the results and discussion. Finally,

ection 4 summarizes our findings and conclusions. 

. Materials and methods 

This section introduces our optimization approach, which aims

o provide the most informative scales of the NMBE shape descrip-

or using different cost functions (e.g. SI, DB or CH). By exploring

ach cost function, the proposed algorithm enables the optimized

MBE to better characterize shapes from the Illicit and NLM Pills,

nd Hands datasets. Fig. 1 illustrates the processing pipeline. It

tarts by computing NMBE [21] with random scale values and se-

ects a single cost function to assess the cluster quality induced by

he feature extraction output. Driven by the cost function, the op-

imization process then searches for new scales to tune the scale
 a multiscale shape descriptor. 
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Table 1 

Clustering validation measures. 

Measure Definition Bounds Runtime [31] 

SI (max) 
1 

N C 

∑ 

i 

{ 

1 

n i 

∑ 

xεC i 

b(x ) − a (x ) 

max ( b(x ) , a (x ) ) 

} 

( −1 , 1 ) O(n 2 ) 

DB (min) 
1 

N C 

∑ 

i 

max 
j, j � = i 

{ 

1 

d(c i , c j ) 

∑ 

k = { i, j} 

1 

ηk 

∑ 

xεC k 

d(x, c k ) 

} 

(0, ∞ ) O(n ) 

CH (max) 

∑ 

i 

ηi d 
2 (c i , c) / (N C − 1) ∑ 

i 

∑ 

xεC i 

d 2 (x, c i ) / (N D − N C ) 
(0, ∞ ) O(n ) 

N D : number of objects in the dataset; c : centroid of the dataset; N C : number of clusters; 

C i : the i th cluster; n i : number of objects in C i ; c i : centroid of C i ; d ( x , y ): distance between 

x and y ; a ( x ) is the average distance from x to the other elements in the same cluster 

as x ; b ( x ) is the minimum average distance from x to elements in a different cluster, 

minimized over clusters. 

Fig. 2. Samples from each class in each of the investigated datasets. 
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parameters of the shape descriptor until the algorithm reaches the

stop criterion. Here, the Simulated Annealing (SA) algorithm guides

the search for the optimal set of scale parameters. We evaluated

the extracted features using the optimized NMBE in CBIR and clas-

sification experiments using healthcare image datasets. As reported

in [7] , the SA and Differential Evolution (DE) algorithms performed

more efficiently than Particle Swarm Optimization (PSO). Thus, we

selected SA rather than DE because the former demands a lower

number of cost function evaluations per round [7] , which improves

the computational efficiency. 

2.1. Datasets 

The Illicit Pills dataset 1 comprises 117 elements distributed in

five classes which represent illicit pills with distinct shapes. Here,

the NLM Pills dataset 2 is composed of 498 pill shapes correspond-

ing to round tablets, capsules and tablets. We selected a subset

of the original dataset and excluded the class “Others” because it

contains shapes that did not match any other class. Furthermore,

the random selection of 166 pill images out of the three remaining

classes aimed at balancing this dataset. The Hands dataset 3 con-

sists of 2038 elements that correspond to letters from the interna-

tional hand alphabet, unevenly distributed in 24 classes. Fig. 2 a–c

exhibit samples from these datasets. 
1 The masks of the Illicit Pills dataset [18] that were used here are available on- 

line at https://doi.org/10.17632/bmsz34n3dk.2 . These masks correspond to a subset 

of elements from the large dataset available in www.ecstasydata.org . 
2 The NLM Pills dataset [14,19] is available online at www.webmd.com/ 

pill-identification/default.htm . 
3 The Hands dataset [20] is available online at www-prima.inrialpes.fr/FGnet/ 

data/12-MoeslundGesture/database.html . 
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.2. Cost functions 

The cost functions in the proposed optimization approach are

esigned to measure the quality of the solutions in terms of how

ell grouped the samples are. Clustering validation measures are

herefore employed as cost functions, and the solutions are sets

f shape descriptors parameters obtained by the SA metaheuristic.

or the NMBE descriptor, these sets of optimized parameters are

he shape descriptor scales. 

Table 1 summarizes the cost functions under investigation, their

ounds, their optimal values (i.e. maximum (max) or minimum

min)) and the computational complexity. We selected these mea-

ures because they are not closely related to the ones used to eval-

ate the performance of the shape descriptor in CBIR and classifi-

ation experiments. Moreover, these functions use different meth-

ds to evaluate the quality of clusters, in terms of their compact-

ess and separation. SI measures the degree of affinity between a

iven object and its closest class, assuming values between (−1 , 1) .

he higher value indicates the better assignment of objects into

lusters. When an object is close to a boundary, the SI value is

lose to zero, and hence there is uncertainty about which class the

bject belongs to [5,8] . The mean Silhouette value of the objects

abeled as being in the same class is indicative of the cluster qual-

ty. The DB index quantifies the cluster compactness and separa-

ion. This metric is based on the ratio of the sum of within-cluster

catter to between-cluster separation, taking into account cluster

amples and centroids [29] . DB is a non-negative index in which

inimal values indicate well-defined clusters. CH is a measure of

luster validity based on the average between-cluster and within-

luster sums of squares [27] . Likewise, both DB and CH use clus-

er centers to reckon the distances between samples. However, CH

easures the sample separation in terms of the centroid of the

ataset, rather than in terms of the cluster centroid [30] . 

Fig. 2 a–c show that each dataset poses its own challenges to

he proposed optimization methodology for parameter adjustment

n terms of the meaningful multiscale characteristics of the objects,

luster arrangements and similarity within and between clusters,

o name a few. To understand how the cost functions handle these

ifferent aspects related to the datasets, we present two distinct

ynthetic datasets, namely A and B, as shown in Fig. 3 a and b. Each

ataset comprises five clusters and 100 elements. These samples

re displayed into a two-dimensional space that follows a mul-

ivariate normal distribution with identity covariance matrices I 2 
nd mean vectors given by: dataset A – [10, 20], [20, 50], [30, 40],

40,30] and [50, 20]; dataset B – [70, 80], [22, 52], [20, 50], [32,

2], [30, 40]. Note that the respective vector position is in accor-

ance with the class number, as shown in Fig. 3 a and b. The clus-

ers are assigned to different shades of gray and the starred points

epresent the centroids. The clusters in dataset A are compact and

eparated, whereas in dataset B there are two pairs of overlapping

https://doi.org/10.17632/bmsz34n3dk.2
http://www.ecstasydata.org
http://www.webmd.com/pill-identification/default.htm
http://www-prima.inrialpes.fr/FGnet/data/12-MoeslundGesture/database.html
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Fig. 3. Synthetic datasets A and B with: a) non-overlapping clusters and b) over- 

lapping clusters, respectively. 
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lusters. Fig. 3 also presents the clustering evaluation results for

oth synthetic datasets. The results demonstrate that unlike with

I and DB, CH is strongly affected by the class five in dataset B,

ecause CH relies on the distance between the global dataset cen-

roid and cluster centroids. This analysis raises an interesting point

bout the clustering quality that can be misleading: CH indicates

hat dataset B presents the best cluster arrangement which departs

rom the information provided by SI and DB. 

.3. Multiscale shape descriptor 

The bending energy for a specific scale σ is defined as E σ [21] .

t relies on the contour curvature, a differential geometry concept

ith interesting properties to describe shapes [32] . The derivative

ature of the discrete curvature makes its calculation highly sensi-

ive to noise. Therefore, its direct application to digital image con-

ours is unfeasible, due to the noisy nature of these contours. Thus,

n [33] , the concept of curvature scale space was introduced as a

obust method for curvature-based shape-invariant description. It

epresents shapes at various levels of details and employs a Gaus-

ian kernel in the spatial frequency or spatial domain to filter out

he parametric coordinates of the shape contour prior to its curva-

ure calculation. Thus, the standard deviation, σ , of the Gaussian

ernel represents the scale that controls the details for shape rep-

esentation. Here, we perform this operation in the frequency do-

ain. The Normalized Multiscale Bending Energy is given by [7] :

MBE = ( log E σ1 
, log E σ2 

, . . . , log E σM 
) , (1) 

here 

 σ = 

L 2 

N 

N−1 ∑ 

n =0 

| κ(σ, n ) | 2 , (2) 

 represents the contour perimeter, N is the number of points on

he contour and κ( σ , n ) is the N -sampled value of the multiscale

urvature at scale σ . 

.4. Performance assessment 

uantitative evaluation 

We perform quantitative evaluation of the retrieval experi-

ents in terms of the MAP metric [34] and the precision recall

urves [23,24] . For the classification tests, we applied the Monte

arlo cross-validation [35] , and each set of shape descriptors was

plit into two random subsets (70% and 30%) for training and test-

ng, respectively. Then, we repeated this process for 100 rounds

nd we computed the mean Accuracy of the kNN classifier ( k = 3 ).

The MAP [22] is derived from the average precision AP ( Q ) that

s computed for each query image Q in the ranking list, i.e. a list

f objects in the decreasing order of similarity with query. AP ( Q ) is

iven by: 

P (Q ) = 

1 

S 

N D ∑ 

i =1 

P (i ) × rel(i ) , (3)
here P ( i ) is the precision up the position i of the ranking list. Pre-

ision is the ratio of the retrieved objects that belong to the same

lass as the query image Q and the number of retrieved objects i ,

el ( i ) is a binary function, that is equal to 1 if the object i belongs

o the same class as the query image Q , and 0 otherwise. N D is the

umber of total objects in the dataset, and S is the number of ob-

ects of the same class obtained by the query object. The MAP is

alculated by averaging the AP score over all query images [34] . 

To compute the precision recall curves, we plot the average

alues of precision versus recall over a threshold modulating the

umber of retrieved images i . Note that the average values of the

recision measure are different from the average precision AP ( Q ) in

q. (3) , because the precision P ( i ) is not multiplied by rel ( i ). Recall

s the ratio of the retrieved objects that belong to the same class as

he query image Q and the number of objects that belong to the

ame class as the query in the whole dataset. An ideal precision

ecall curve has precision of one over all recall levels [23,24] . 

The Accuracy (ACC) measure is defined in terms of the ratio of

orrectly predicted classes to the number of total predicted classes.

he MAP and Accuracy measures are within the range (0,1] and

igher values indicate better performance. 

ualitative evaluation 

We applied the Kohonen clustering algorithm [36] represented

y the U-matrix [37] to assess the quality of the clustering ar-

angements. The U-matrix displays the shapes in their correspond-

ng topology using a particular color for each class. The darker the

luster borders in the U-matrix, the greater the neighbor distance

n the topology. Moreover, a well-defined cluster is surrounded by

 dark border and presents all elements close to each other with a

ight neighborhood. 

.5. Design of experiments 

We carried out experiments by applying our methodology to

he NMBE descriptor using each cost function separately. Our ex-

eriments on three datasets considered five scales, corresponding

o the σ parameter values to be optimized by SA in the range

0.4,100]. We tuned SA with the following parameters: initial tem-

erature ( T 0 = 100 ), epoch length ( L e = 10 ), cooling ratio ( α = 0 . 9 )

f the exponential cooling schedule as reported in [38] , and num-

er of rounds (N r = 100) the stop criterion. 

The computational cost of the whole optimization process de-

ends on the number of times that the chosen cost function is

valuated and its computational complexity. In our SA implemen-

ation, the cost function runs L e × N r = 10 0 0 times. Table 1 sum-

arizes the time complexity of each clustering validation measure,

nd we note that DB and SI demand less linear O ( n ) compared to

he complexity of SI, i.e. O ( n 2 ). The optimization algorithm runs

0 times for each cost function to optimize the NMBE descriptor.

hus, we calculate the mean and variance of the evaluation mea-

ures for retrieval and classification experiments. 

All CBIR and classification experiments and the Kohonen clus-

ering algorithm use a Euclidean distance to measure the shape

imilarity of features from the healthcare images. 

. Results and discussion 

In this paper, the cost functions are used to assess the cluster

uality and to adjust the scales of NMBE according to the shape

etails of each healthcare dataset. In fact, these datasets posed dif-

erent challenges to our approach, which were revealed by the cost

unctions and the descriptor scales. Thus, the differences among

he three datasets imply different scales for the same descriptor in

rder to reveal subtle shape details. 
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Table 2 

Mean average precision (MAP) and Accuracy (ACC) values for the retrieval and classification results. 

NMBE + SI NMBE + DB NMBE + CH Non-optimized NMBE [21] Inception-ResNet-v2 [28] 

Dataset MAP(%) ACC(%) MAP(%) ACC(%) MAP(%) ACC(%) MAP(%) ACC(%) MAP(%) ACC(%) 

Illicit Pills 95.83 ± 0.31 97.94 ± 0.28 94.32 ± 3.47 96.77 ± 2.38 67.23 ± 2.33 78.72 ± 3.48 72.58 90.11 83.87 93.64 

NLM Pills 97.45 ± 0.09 99.24 ± 0.13 97.44 ± 0.07 99.24 ± 0.09 97.56 ± 0.03 99.34 ± 0.06 90.38 99.36 85.33 99.46 

Hands 51.66 ± 1.89 82.44 ± 2.81 48.36 ± 2.32 76.89 ± 4.44 42.92 ± 2.86 64.43 ± 5.69 43.12 79.48 56.18 95.48 
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Table 2 presents the retrieval and classification results achieved

with NMBE optimized with SI, DB and CH (NMBE+SI, NMBE+DB

and NMBE+CH, respectively), the non-optimized NMBE introduced

in [21] , and Inception-ResNet-v2 [28] . We employed the Inception-

ResNet-v2 available in the open-source Python tool pyCBIR [34] for

feature extraction which delivers 1536 features per image for each

dataset. 

In order to perform a fair comparison, Inception-ResNet-v2 was

also applied to the segmented shapes of the healthcare datasets, as

for the other methods. This deep learning-based method requires

thousands of images for training, mainly to avoid overfitting. Our

datasets contain a reduced number of images, and we therefore

used the Inception-ResNet-v2 which had already been trained on

the ImageNet dataset [39] consisting of around 1 million elements

divided into 10 0 0 classes. The main goal of this training process is

to allow the convolutional layers to learn and extract different at-

tributes such as: texture, shape and color, which are used to char-

acterize the input images in order to minimize the classification

error. The attributes are then obtained by removing the last fully

connected layer, known as the classification layer [34] . 

Experiments performed with the optimized NMBE demon-

strated that it is capable of improving the retrieval results for

the Illicit Pills and Hands datasets. We can also observe from

Table 2 that the Illicit Pills and Hands datasets posed challenges to

NMBE+CH. In fact, the scales optimized with CH were not able to

capture global and local shape details of these challenging datasets.

This is due to the overlapping clusters in the Illicit Pills and Hands

datasets, which can be seen in their respective U-matrices ( Figs. 5 c

and 7 c) as mixed and unbounded groups. The presence of over-

lapping clusters hinders the efficiency of CH in adequately reveal-

ing the subtle details of the shapes in these datasets, as already

mentioned in Section 2.2 . However, the CH cost function achieved

similar results to the others for the NLM Pills dataset, as shown in

Fig. 6 c, which does not provide evidence of overlapping between

pairs of clusters. 

Conversely, NMBE+SI and NMBE+DB outperformed the non-

optimized descriptor. Although the Inception-ResNet-v2 [28] per-

formed better than the optimized NMBE for the Hands dataset,

NMBE+SI achieved closer results. The presence of images of hand
Fig. 4. Precision recall curves for: a) Illicit Pills
estures in the ImageNet dataset may explain the good perfor-

ance of the Inception-ResNet-v2. For the Illicit Pills dataset,

MBE+SI and NMBE+DB performed better on both retrieval and

lassification tasks than the Inception-ResNet-v2. This confirms the

eliance of shape recognition on tailored shape description algo-

ithms for particular datasets. 

The classification results with the NLM Pills showed that the

ptimization approach using SI, DB and CH performed similarly to

he non-optimized method and Inception-ResNet-v2. However, the

etrieval results significantly benefited from our optimization ap-

roach. In fact, the three classes of pills exhibit small differences

ithin classes and are well separated, which may explain the sim-

larity in the results. This means that a specific dataset requires the

election of an appropriate cost function to take advantage of the

ultiscale nature of the NMBE descriptor and its ability to repre-

ent fine to coarse shape details [7] . 

It is worth noting that there is a trade-off between the pro-

osed optimization methodology and the cost function complexity

see Table 1 ). Overall, the MAP and Accuracy values in Table 2 led

s to conclude that SI and DB are more likely to improve the per-

ormance of the optimized multiscale descriptor than CH, for the

llicit Pills and Hands. However, CH and DB are computationally

quivalent, while SI presents a high computational cost, as shown

n Table 1 . Table 2 shows that CH performed worse than DB and

he non-optimized method for the Illicit Pills and Hands. The poor

erformance of the Inception-ResNet-v2 in retrieving the NLM pills

ay be due to the its reliance on a large number of samples during

he training process. The ImageNet dataset is, indeed, poorly corre-

ated to our image datasets, especially the datasets of pill images.

t worth noting that the Inception-ResNet-v2 requires thousands of

mages for training, and describes an image with a vector of 1536

eatures, whereas NMBE does it with only five features. 

We computed the precision recall curves to evaluate our re-

rieval results. Fig. 4 shows the average values of precision versus

ecall. For the Illicit Pills, Fig. 4 a indicates NMBE+SI and NMBE+DB

utperformed the other methods, while NMBE+CH and the non-

ptimized NMBE achieved the poorest results and the Inception-

esNet-v2 gave intermediate outcomes. For the NLM Pills dataset

n Fig. 4 b, the optimized NMBE with SI, DB and CH performed
, b) NLM Pills and c) Hands, respectively. 
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Fig. 5. U-matrices for shapes from the Illicit Pills using the optimized and non-optimized NMBE and Inception-ResNet-v2 [28] . 

Fig. 6. U-matrices for shapes from the NLM Pills using the optimized and non-optimized NMBE and Inception-ResNet-v2 [28] . 

Fig. 7. U-matrices for shapes from the Hands using the optimized and non-optimized NMBE and Inception-ResNet-v2 [28] . 
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imilarly, and these outperformed the other methods. These curves

onfirmed that the NLM Pills dataset benefited significantly from

ur methodology. The curves for the challenging Hands dataset in

ig. 4 c show that the Inception-ResNet-v2 achieved the best result,

ut its advantage against the other methods decreases markedly

hen the number of retrieved images increases. 

Fig. 5 shows the U-matrices for the Illicit Pills obtained with

he optimized and non-optimized NMBE and Inception-ResNet-v2.

he optimization with SI and DB achieved similar results and out-

erformed the others. Furthermore, the optimization with CH un-

erperformed the non-optimized NMBE, indicating that it is not

 suitable cost function for use with Illicit Pills. The U-matrix of

he Inception-ResNet-v2 in Fig. 5 e merged two rectangular-shaped

ills, and performed worse than NMBE+SI and NMBE+DB. How-

ver, it gives results that are better than NMBE+CH and the non-

ptimized version. 

Fig. 6 displays the U-matrices for the NLM Pills dataset and in-

icate that the optimized and non-optimized descriptors present

imilar results. This is due to the geometry of the shapes and the

igh level of within-class similarity in this dataset. In this case,

ur methodology achieved fairly similar results regardless the cost

unction. The results of the Inception-ResNet-v2 show that there

re classes separated in subsets, and the dark frontiers represent a

arge distance between the samples. 

Fig. 7 a shows the U-matrices for the Hands dataset. The U-

atrix of the Inception-ResNet-v2 presents compact clusters, al-

hough there are several sub-clusters within the same class. The

lusters in Fig. 7 a, b and d are better organized than in Fig. 7 c. The

-matrices using SI and DB achieved similar results and the clus-

er arrangements provided by NMBE+CH and the non-optimized

MBE are worse than the others. Fig. 7 c exhibits more regions
ith merged elements of different classes than Fig. 7 a and b, con-

rming that CH is an inappropriate cost function to deal with the

ands dataset. We concluded that CH cannot optimize the scale

arameters of NMBE in order to provide a more reliable shape rep-

esentation for this dataset. One major finding from our results is

hat the cost function selection and the dataset are closely related

nd hence, this selection impacts directly on the performance of

he optimization algorithm. Note that the U-matrices in Figs. 5–

 confirmed the results in Table 2 . 

. Concluding remarks 

This paper investigates three clustering validation measures, as

ost functions (SI, DB and CH) within a metaheuristic optimiza-

ion solution for parameter adjustment of a multiscale shape de-

criptor. We search for the set of descriptor parameters that best

escribes the shapes of three healthcare image datasets. Our ex-

eriments confirmed the assumption that different datasets may

equire different sets of parameters such that the NMBE descriptor

xtracts the best shape features. Our solution for parameter adjust-

ent improves the performance of the multiscale shape descriptor

nd, furthermore, it is a feasible alternative to the manual setting.

he benefits of the optimization methodology for the NLM Pills

re confirmed by the precision recall curves and U-matrices, which

how significant improvement over the non-optimized NMBE. The

ptimization approach with CH was unable to output multiscale

arameters that produced a more reliable shape representation for

he Illicit Pills and Hands datasets. The calculation of CH relies

n the distance between global dataset centroid and cluster cen-

roids and is therefore strongly sensitive to the presence of dis-

inct classes with a high intergroup dissimilarity. Overall, NMBE
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optimized with SI and DB achieved similar results to, or outper-

formed, the Inception-ResNet-v2. Thus, we state that the role of

the cost function in the parameter optimization is essential to

achieve the best performance of a multiscale descriptor in retrieval

and classification experiments for a specific dataset. It is worth

mentioning that the proposed processing pipeline can be extended

to other shape descriptors and other datasets. The main limita-

tion of our method is the absence of specific criteria to guide the

selection of the cost function that best matches the problem do-

main. Another challenge is that parameter optimization may re-

quire much computational effort, especially for large datasets, since

it evaluates the cost function and performs feature extraction sev-

eral times. Thus, the selection of the function should not consider

only its adequacy for the problem domain but also its computa-

tional complexity. 
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All necessary code files to optimize the Normalized Multi-

scale Bending Energy descriptor (NMBE) by Simulated Anneal-

ing (SA) with the cost functions: Silhoutte, Davies-Bouldin index

or Calinski-Harabasz index are available online at https://github.

com/AllanCCarneiro/Descriptor _ Optimization.git and the Illicit Pills

dataset is available online at https://doi.org/10.17632/bmsz34n3dk.

2 . 

Supplementary material associated with this article can be
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