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ABSTRACT perception, a single feature is generally not enough to encode all the
Despite the major advances on feature development for low and relevant aspects in a retrieval scenario [19, 37]. Despite the signifi-
mid-level representations, a single visual feature is often insufficient cant attention that deep learning approaches have been receiving
to achieve effective retrieval results in different scenarios. Since due to their generally high-effective results, the state-of-art is not
diverse visual properties provide distinct and often complementary achieved in all cases [48], turning the selection and combination of
information for a same query, the combination of different features, visual features an attractive anq intere'sting alternative. )
including handcrafted and learned features, has been establishing In order to 'reach more effective retrieval results, a considerable
as a relevant trend in image retrieval. An intrinsic difficulty task amount .Of fusion methods have been.r§centl'y proposed [37, 46, 52].
consists in selecting and combining features that provide a high- The fusion strategies are broadly divided into two categories (1,
effective result, which is often supported by supervised learning 39]: early and late fusion. Methods based on early fusion usually
methods. However, in the absence of labeled data, selecting and combine raw feature vectors, different from the late fusion ones
fusing features in a completely unsupervised fashion becomes an that Combine'any representation f)btgined fr?m the feature vectors
essential, although very challenging task. The proposed genetic (e.g. ranked lists, d1stanc'e or similarity mat'rlce§). ' )
algorithm employs effectiveness estimation measures as fitness Another task of cruqal relevance cons%sts n select'lng the vi-
functions, making the evolutionary process fully unsupervised. §ual features to be combmed. Ir} unsuperv1s§d late fusion scenar-
Our approach was evaluated considering 3 public datasets and ios [34, 52, 54], th§ sel.ectlon o.f visual fea'tures is often performed ad
35 different descriptors achieving relative gains up to +53.96% in hoc or by the attribution of different weights for each rank. In fact,
scenarios with more than 8 billion possible combinations of rankers. the task of choosing the features that best fit the needs for a given
The framework was also compared to different baselines, including problem is very challenging [37]. Therefore, optimization strategies
state-of-the-art methods. as genetic algorithms (GA) [4, 14, 20] and genetic programming (GP)
approaches [9, 13] represent very attractive solutions. Genetic algo-
CCS CONCEPTS rithms are a specific category of evolutionary algorithms inspired

in the biological theories of natural selection and evolution [16].
They are often used for optimization operations, since they do not
require exhaustive searches, which can be too time demanding in
KEYWORDS many real-world applications. The use of genetic approaches for
rank selection and fusion in unsupervised scenarios is still very
challenging, since most of fitness functions are supervised and
require labeled data [9, 13].
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1 INTRODUCTION or previous information about the features, making the evolution-
ary process fully unsupervised. A wide experimental analysis was
conducted considering 3 public datasets and 35 different features (in-
cluding deep learning, local, and global descriptors). High-effective
results were achieved with relative gains up to +53.96% in relation
to the best isolated feature, considering scenarios with more than
8 billion possible combinations, where the complete brute-force
search would be impracticable. The proposed approach was also
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Technologies to produce, acquire, and share images have been con-
sistently and significantly improved for decades. Such advance-
ments have triggered the use of content-based image retrieval
(CBIR) as something indispensable in the modern world [11]. In
general, CBIR systems rely on the extraction of visual features.
Mainly due to the diverse aspects involved in the human visual

This section presents the Unsupervised Genetic Algorithm Frame-
work for Rank Selection and Fusion (UGAF-RSF) proposed in this
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Figure 1: General view of the framework.

paper. Figure 1 illustrates the main steps which define the frame-
work. Each feature is extracted by a descriptor (as defined in [42])
and modeled as a ranker, which computes a set of ranked lists used
as the input of our approach. The possible combinations among
the m available rankers are modeled as binary chromosomes. The
combination defined by each chromosome is computed through an
unsupervised late fusion based on rank aggregation. The retrieval
results are evaluated by effectiveness estimation measures, which
are used to perform a selection step. Based on the selected individ-
uals, a next generation is created through crossover and mutation
operations. After T generations, the fusion results defined by the
selected rankers (X*) are taken as output. The main steps of the
framework are described as follows.

1. Chromosome Representation: each individual is described
as a chromosome which is represented by a bit-string. The size
of the string is equal to the number of rankers available. For each
ranker, there is a bit (genome) that indicates if it is part of the
combination ("1") or not ("0"). Before the iterations start, a initial
population is randomly generated.

2. Unsupervised Rank Aggregation: for every iteration, the
combination defined by each of the chromosomes is computed
using an unsupervised rank aggregation algorithm. In this work,
the CPRR (Cartesian Product of Ranking References) [43] method
is used. The CPRR method is a recent unsupervised rank aggre-
gation method, which employs Cartesian product operations for
maximizing the relationships among images ranked at top-k po-
sitions, achieving effective and efficient results. Additionally, it is
worth mentioning that the proposed approach is flexible and can
use different aggregation methods for the fusion of rankers results.

3. Unsupervised Fitness Function: the fitness functions are
defined by effectiveness estimation measures, which allow a com-
pletely unsupervised selection along iterations. Such measures do
not require any labeled data and exploit the cluster hypothesis [18]
that is based on the idea that similar items tend to be relevant
among themselves and, therefore, they should have elements in
common in the top-k positions. Each chromosome is executed with
the rank aggregation method (CPRR in this case) and the output is
submitted to the fitness function.

The effectiveness measure is used with the intent of selecting
ranked lists with high effectiveness. This work considers two differ-
ent effectiveness measures: Authority Measure [36] and Reciprocal
Density [33]. The Authority Score uses a graph representing the
ranking references at top positions of ranked lists and estimates the
effectiveness according to the density of the graph. The Reciprocal

Density considers a similar idea, but a weight is assigned to the
occurrence of each reciprocal neighbor according to its position in
the ranked lists. In this work we propose a Hybrid Score, which
combines both the Authority and Reciprocal density measures as
follows: Hyb(q, k) = (Auth(q, k) + 1) X (Rec(q, k) + 1).

4. Chromosome Selection: the selection stage filters a set of
individuals that are destined for crossover or to be kept in the
population of the next generation. For this work, the tournament
selection was used to select the best individuals. This method works
by randomly picking three different chromosomes and selecting
the one with the highest fitness. The elitism is applied in this step,
where a percentage of the individuals with best fitness of the entire
population are obligatory kept for the next iteration.

5. Crossover Operations: reproduction among chromosomes
is crucial to keep the diversity of the population and, at the same
time, improve the convergence and stability of the algorithm. There
are different types of crossover available. In this work, the uniform
crossover is applied to generate new individuals. In this form of
crossover, each bit is independently chosen from any of the two
parents. Each bit is chosen from either parent with equal probability.

6. Mutation Operations: the mutation is of critical importance
to keep the diversity of the population and also to prevent local
maximum. For the mutation, each bit has a mutation probability
that defines the probability of each bit (genome) being flipped (i.e.
if the bit is "0", it is changed to "1" and vice versa).

3 EXPERIMENTAL EVALUATION

The experimental analysis considered three different datasets:

o Flowers [27] (1,360 images): composed of 17 species of flowers
with 80 images of each presenting pose and light variations. This
dataset is distributed by the University of Oxford;

e Corel5k [22] (5,000 images): composed of 50 categories with
100 images for each class, including diverse scene content such as
fireworks, bark, microscopy images, tiles, trees, etc;

e UKBench [28] (10,200 images): composed of 2,550 objects or
scenes. Each object/scene is captured 4 times from different view-
points, distances, and illumination conditions.

Most of them are frequently used for image retrieval tasks. The
MAP was computed considering every image in the dataset as a
query. Besides the MAP, N-S Score was also used for the UKBench
dataset with the intent to facilitate the comparison of our results
with state-of-the-art baselines.

A wide variety of visual features were considered, including dif-
ferent categories: global, local, and deep learning. Table 1 presents



Table 1: Descriptors used in the experimental evaluation.

Category | Type Descriptor Original MAP (%)
T
& 5 &
& &S
& & S
ACC [17] 1899 2344 8772
SPACC [17, 25] 19.20 2386 8530
Global Color CLD [8] 1854  17.86  59.58
SCD [8] 1025 1456  83.04
SCH [8] 1343 17.56  48.98
FOH [25, 44] 1142 1587  57.05
BIC [40] 25.56 — 80.46
Shape PHOG [10, 25] 1474 1580  41.60
Texture LBP [29] 10.34 14.83 47.19
SPLBP [25, 29] 1092 1541 5214
EHD [26] 1246 1680  44.10
Colorand | CEDD [6] 2048  23.00  70.45
Texture SPCEDD [6, 25] 2194 2870  74.98
FCTH [7] 2056 2393 73.70
SPFCTH [7, 25] 2173 2643 7778
JCD [51] 20.89  24.73 74.85
SPJCD [25, 51] 2256 2802 76.67
COMO [45] 21.83 21.05 79.77
Holistic GIST [30] 982 1598 4544
Local Bag of SIFT [24] 2847 1260 7452
0ca
Words VOC [47] — — 91.14
CNN-SENet ! 4316 5692 9215
CNN-ResNet ! 51.83 64.81 94.54
CNN-FBResNet ! 52.56 6421  93.88
CNN-ResNeXt ! 51.91 62.39 93.67
Convolut. | CNN-DPNet ! 5093  65.15  90.47
Deep ze:“al N CNN-VGGNet ! 39.05  47.85 87.99
Learning tr:j:;’:; Osn CNN-BnVGGNet ! 4187 5272 89.24
Tmagenet CNN-InceptionV4 ! 4235  58.66  86.82
CNN-InceptionResNet ! | 42.20  61.17  87.23
CNN-BnlInception ! 46.58  46.60  91.84
CNN-NASnet-Large ! 4074 5355  86.90
CNN-AlexNet ! 46.04  37.67 8557
CNN-Xception ! 4731 5444 9083
Pooled CNN | CNN-OLDFP [38] — — 97.74

each of them followed by their respective types, references, and the
MAP obtained for each dataset.

The deep learning results were obtained using PyTorch [31] 1,
one of the most popular open-source frameworks for machine
learning. All of the networks were trained on ImageNet [12], a
dataset commonly used for training general purpose convolutional
neural networks. The distances were extracted from the feature
vectors obtained from the last layer before the classification layer.
For the CNN-OLDFP, the feature vectors are provided by [38], the
network mixes techniques of deep learning and bag of words aiming
at optimizing the effectiveness of the results.

The parameters used in most of the conducted experiments are
described as follows: 100 individuals for the population size; 30
generations per execution; hybrid fitness function; 70% of crossover
rate; 0.08% of mutation rate; 0.05% of elitism rate; k = 50 for Flowers
and Corel5k, and k = 4 for UKBench [43]. Since genetic algorithms
are stochastic, all the results reported in this paper are given by the
arithmetic mean of 10 executions.

All the results were obtained through a completely unsupervised
evolutionary process. For evaluation purposes, the results in the
graphs report the highest MAP of the population along the genera-
tions. The results reported in the tables are from the combination
with the highest fitness in the last population (X*). For this reason,
the results from graphs, which show the evaluation of parame-
ters, may differ from the ones in the tables, which show the final
selection results.

The Flowers dataset was chosen to evaluate the parameters,
since it is the smallest dataset in the experimental protocol. Along

! github.com/Cadene/pretrained-models.pytorch

the experimental evaluation, it can be seen that our results are far
higher than the best isolated descriptor (CNN-FBResNet with MAP
of 52.56% for Flowers dataset).

o Fitness function: an experiment was conducted for compar-
ing the results of each of the three effectiveness estimation measures
when considered as fitness function of the genetic programming.
Figure 2 presents the results by reporting the highest MAP of the
population along 30 generations. The results reveal that Hybrid
measure presents the best results being slightly above Authority.
Therefore, we considered our proposed Hybrid measure as the
fitness function for all the remaining experiments;

e Population size and number of generations: Figure 3
presents the results of the genetic algorithm along 60 generations
for five different population sizes (25, 50, 100, 150, and 200). As can
be seen, there is few gain in executing more than 30 generations,
so we considered this value for all the remaining executions. The
higher the population size, higher the results obtained. However,
there is a trade-off between efficiency and effectiveness in this re-
gard. Therefore, for all the remaining experiments, we adopted 100
as the default population size, since it presented results slightly
close to 150 and 200;

e Crossover rate: Figure 4 presents an analysis of the crossover
rate. As can be seen, the variation of the crossover rate does not
have a great impact in the results. We considered a crossover rate
of 70% for all the remaining experiments, once this value presented
slightly better results;

e Mutation rate: Figure 5 presents an analysis of the mutation
rate. As can be seen, the variation of the mutation rate also does not
have a great impact in the results. However, 8% revealed the best
results and we decided to keep it for all the remaining experiments;

¢ Evolutionary strategy: three different strategies are consid-
ered aiming at improving the results of the genetic approach: (1)
in this strategy, the elitism increases along the generations; (2)
crossover and mutation decrease along the generations; (3) both
strategies 1 and 2 are used together. Figure 6 evaluates the impact
of the proposed strategies on the results. The strategy (1) revealed
the best results and is used for the final results that are reported in
the tables (X*);

e Maximum elitism rate: the maximum elitism rate deter-
mines the maximum value that the elitism can reach when using
the strategy (1). This is evaluated by the Figure 7. We considered
20% for all the remaining experiments;

The results obtained by our proposed framework is presented in
Table 2, where (X*) indicates the most frequently selected combi-
nation and the average MAP of 10 executions. The relative gain is
computed in relation to the best isolated descriptor. Notice that our
method achieved positive gains in all of the circumstances.

Table 2: The most frequently selected combination and the
average MAP for each dataset.

Dataset Frequently Selected Combination MAP | Relative
(X) (%) Gain

ACC + AlexNet + BnInception + 80.92 +

Flowers | pesNeXt + ResNet + SIFT 0.6005 | *33-96%
CEDD + Bnlnception + FBResNet + 0145 +

Corel5k | InceptionV4 + NASnet-Large + o 37 3g | *40-37%
ResNeXt + GIST + LBP + SCD )
AlexNet + BnInception + InceptionV4 +
OLDFP + ResNeXt + SENet + VGGNet + | 99.25 +

UKBench | c0ri0 4 FOH + GIST + SCD + 0.0573 | *134%

SIFT + SPACC + VOC
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The obtained results were compared to different methods pre-
sented in the literature. We compared our approach with feature
selection techniques. After applying PCA and L2-norm regulariza-
tion for all the feature vectors, the feature selection methods were
employed to select the top-100 most relevant features among the
available ones. From the euclidean distance of the new vectors, we
computed the ranked lists for the results and submitted them as
input for the CPRR re-ranking algorithm. Besides that, as these
methods are very expensive for a large number of features, the
results are presented just for the Flowers and Corel5k datasets. A
comparison of the proposed approach with feature selection meth-
ods based on early fusion is presented in Table 3.

Table 3: Comparison with feature selection techniques.

MAP (%)
Dataset Best Laplace SPEC MCFS UDFS NDFS Proposed
Desc. [15] [53] [5] [50] [21] Framework
‘ Flowers 52.56 61.28 49.67  55.95 6397 6541 80.92 + 0.6005 ‘
‘ Corel5k  65.15 78.40 63.99  84.74 78.20  87.17 91.45 + 0.3738 ‘

Table 4: State-of-the-art in the UKBench dataset (N-S Score).

N-S scores for the state-of-the-art methods

Figure 6: Evolutionary strategies.
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Figure 7: Maximum elitism rate.

We also compared our results with state-of-the-art methods for
the UKBench dataset. Our proposed method considers all of the
rankers as input and performs a completely unsupervised fusion,
while other methods consider a small set of them, that is generally
selected ad hoc. Several state-of-the-art methods are included in
the comparison. Table 4 presents a comparison on the UKBench
dataset. Our proposed method achieved a N-S Score (equivalent
to P@4) of 3.95. Notice that UGAF-RSF achieved the best results
when compared to the baselines.

4 CONCLUSION

In this work, we have presented a fully unsupervised genetic algo-
rithm framework for content-based image retrieval that innovates
by using effectiveness estimation measures as fitness functions.
A wide experimental analysis was conducted for evaluating the
parameters and each of the datasets. The results reveal the great po-
tential of the framework with high-effective values (relative gains
up to +53.96%) in scenarios with billions of combinations available,
where the complete brute-force search would be totally impractica-
ble. In addition to that, the achieved scores are closer or higher to
the baselines and the state-of-the-art in the majority of the cases.

As future work, we intend to evaluate the approach in other
multimedia scenarios (e.g. textual, sound, video). We also intend
to analyse the impact of different rank-aggregation methods and
chromosome representations (e.g. tree structures).
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