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Abstract. Content-Based Image Retrieval (CBIR) aims at retrieving
the most similar images in a collection by taking into account image vi-
sual properties. In this scenario, accurately ranking collection images is
of great relevance. Aiming at improving the effectiveness of CBIR sys-
tems, re-ranking and rank aggregation algorithms have been proposed.
However, different re-ranking and rank aggregation approaches produce
different image rankings. These rankings are complementary and, there-
fore, can be further combined aiming at obtaining more effective re-
sults. This paper presents novel approaches for combining re-ranking
and rank aggregation methods aiming at improving the effectiveness
of CBIR systems. Several experiments were conducted involving shape,
color, and texture descriptors. Experimental results demonstrate that
our approaches can improve the effectiveness of CBIR systems.

1 Introduction

Given a query image, a Content-Based Image Retrieval (CBIR) system aims at
retrieving the most similar images in a collection by taking into account image
visual properties (such as, shape, color, and texture). CBIR systems use visual
similarity for judging semantic similarity, which may be problematic due to the
semantic gap related to the mismatch between low-level features and higher-
level concepts. In order to reduce the semantic gap, several approaches have
been proposed, as re-ranking and rank aggregation algorithms.

In general, CBIR systems consider only pairwise image analysis, that is, com-
pute similarity measures considering only pairs of images, ignoring the rich infor-
mation encoded in the relations among several images. In the past few years, there
has been considerable research on exploiting contextual information for improving
the distance measures and re-ranking images in CBIR systems [9,15,16,18,25,26].
Another approach for improving CBIR systems is based on using rank aggregation
techniques [2,5]. Basically, rank aggregation techniques aim at combining different
and complementary rankings in order to obtain a more accurate one.

Although a lot of efforts have been employed to develop new re-ranking and
rank aggregation methods, few initiatives aim at combining existing approaches.
Different re-ranking and rank aggregation methods produce different and com-
plementary rankings, and therefore, can also be combined to obtain more ef-
fective results. Considering this scenario, we propose three novel approaches for
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combining re-ranking and rank aggregation methods aiming at improving the
effectiveness of CBIR systems. This paper presents new approaches to com-
bine (i) re-ranking algorithms; (ii) rank aggregation algorithms, and both (iii)
re-ranking and rank aggregation algorithms. A large evaluation protocol was
conducted involving shape, color, and texture descriptors, different datasets and
comparisons with baseline methods. Experimental results demonstrate that our
combination approaches can further improve the effectiveness of CBIR systems.

2 Combining Re-Ranking and Rank Aggregation

2.1 Problem Definition

Let C={img1, img2, . . . , imgN} be an image collection. Let D be an image de-
scriptor, which defines a distance measure ρ(imgi,imgj) between two given im-
ages. The distance ρ(imgi,imgj) among all images imgi,imgj ∈ C can be com-
puted to obtain an N × N distance matrix A, such that Aij = ρ(imgi,imgj).
Given an image query imgq, we can compute a ranked list Rq={img1, img2, . . . ,
imgN} in response to the query, based on distance matrix A. We also can take
every image imgi ∈ C as an image query imgq, in order to obtain a set R =
{R1, R2, . . . , RN} of ranked lists for each image of the collection C.

We can formally define a re-ranking method as a function fr that takes as
input the distance matrix A and the set of ranked lists R for computing a new
and more effective distance matrix Â, such that Â = fr(A,R).

Let D = {D1, D2, . . . , Dm} be a set of m image descriptors. The set of
descriptors D can be used for computing a set of distances matrices A = {A1,
A2, . . . , Am} (and associated set of ranked lists RA). The objective of rank
aggregation methods is to use the sets A and RA as input for computing a new
(and more effective) distance matrix Âc, such that Âc = fa(A,RA).

2.2 Cascading Re-Ranking

Both input and output of a re-ranking method defined by a function fr is a
distance matrix (the set of ranked lists R can be computed based on the dis-
tance matrix). In this way, an output matrix obtained from a given function fr1 ,
implemented by a re-ranking algorithm can be used as input of other re-ranking
algorithm fr2 , aiming at further improving its effectiveness. We call this com-
bination approach as “cascading re-ranking”, as it can be applied to a chain of
re-ranking algorithms. The main motivation of this approach is based on two
facts: (i) different re-ranking algorithms exploit contextual information in dif-
ferent ways and can be complementary (one algorithm can improve the quality
of ranked lists that others did not); (ii) the second re-ranking algorithm can
take advantage of improvements obtained by the first one. Figure 1 illustrates
this combination approach, considering two re-ranking algorithms.

2.3 Re-Ranking with Rank Aggregation Combination

A single image descriptor can be submitted to different re-ranking algorithms,
defined by a set of functions {fr1 , fr2 ,. . . , frm}. In this scenario, a different
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distance matrix is produced for each re-ranking algorithm. However, the results
can be complementary (one re-ranking can exploit contextual information that
others did not). In this way, a rank aggregation method can combine the results
of different re-ranking algorithms in order to obtain a single, and more effective
distance matrix. Figure 2 illustrates this process, considering the use of two
re-ranking methods followed by a rank aggregation step.

2.4 Agglomerative Rank Aggregation

The two previous combination approaches consider that only one image descriptor
is available. This sections presents the “agglomerative rank aggregation” approach
that uses several image descriptors as input. Given a set of image descriptors, dif-
ferent rank aggregation methods can be employed for combining them. However,
each rank aggregation method produces a different output. In this way, another
rank aggregationmethod can be used for combining the results of the first rank ag-
gregation methods. This combination approach uses a hierarchical agglomerative
method, in which the rank aggregationapproaches are divided into layers. Figure 3
illustrates our approach for a two-layer rank aggregation scenario.

Fig. 1. Cascading Re-Ranking

Fig. 2. Re-Ranking with Rank Aggregation Fig. 3. Aglomerative Rank
Aggregation

3 Used Re-Ranking and Rank Aggregation Methods

This section briefly describes the re-ranking and rank aggregation methods con-
sidered for combination in our experimental evaluation.

3.1 Re-Ranking Methods

• Contextual Re-Ranking: The Contextual Re-Ranking (CRR) [15] algo-
rithm re-ranks images by taking into account contextual information encoded in
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ranked lists and distance among images. The algorithm uses a gray scale image
representation of distance matrices computed by CBIR descriptors, referenced
as context image. The context image is constructed for the k-nearest neighbors
of a query image and analyzed using image processing techniques.

•RL-SimRe-Ranking Algorithm: The RL-Sim Re-Ranking [18] algorithm is
based on the conjecture that contextual information encoded in the similarity be-
tween ranked lists can provide resources for improving effectiveness of CBIR de-
scriptors. An iterative approach is used for improving the effectiveness of ranked
lists.

3.2 Rank Aggregation Methods

• Contextual Rank Aggregation: The Contextual Rank Aggregation (CRA)
[17] algorithm combines the results of different descriptors. The main idea con-
sists in applying the Contextual Re-Ranking [15] algorithm, but using the affinity
matrixW for accumulating updates of different descriptors at the first iteration.
In this way, different matrices Ad ∈ A of different descriptors are combined.

• RL-Sim Rank Aggregation: Let C be an image collection and let D = {D1,
. . . , Dm} be a set of descriptors. We use the set of descriptors D for computing
a set of distances matrices A = {A1, . . . , Am}. The approach used by the RL-
Sim Algorithm [18] combines the set A in a unique matrix Ac. For the matrices
combination a multiplicative approach is used. Each position (i, j) of the matrix
is computed as follows: Ac[i, j] = (1+A1[i, j])× (1+A2[i, j])× . . . (1+Am[i, j]).

• Set Rank Aggregation: we propose a simple rank aggregation method
to be used in the second layer of the agglomerative approach combination. We
call this method as Set Rank Aggregation (SetRA) . We consider the strategy
of modelling the ranked lists as sets of different sizes, also used by the RL-
Sim [18] algorithm. We use the function ψ to compute the similarity between
ranked lists. The objective of function ψ, based on the intersection metric [6],
is to compute a more effective distance between two images considering the
contextual information encoded in the first K positions of their ranked lists.
The function ψ computes the intersection between the subsets of two ranked lists
considering different values of k, such that k ≤ K, as follows ψ: ψ(Rx, Ry,K) =
∑K

k=1|KNN(Rx,k)∩KNN(Ry,k)|
K . The main idea is to compute the similarity between

ranked lists considering each descriptor being combined, and add this similarity
scores in order to obtain a new combined score. Letm be the number of matrices
being combined and Rix be the ranked list produced by matrix Ai for image imgx
and Riy for image imgy, the new combined similarity score ψc is computed as
follows: ψc(imgx, imgy,K) =

∑m
i=1 ψ(Rix , Riy ,K).

4 Experimental Evaluation

This section presents conducted experiments for assessing the effectiveness of the
three proposed combination approaches. We analysed our approaches under sev-
eral aspects and compared our results with baselines from the literature. Three
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datasets and twelve descriptors (six shape descriptors, three color descriptors
and three texture descriptors) are considered. We briefly describe the datasets
in the following:

• MPEG-7: the MPEG-7 dataset [11] is a well-known shape dataset, com-
monly used for re-ranking and post-processing methods evaluation and compar-
ison. The dataset is composed by 1400 shapes divided into 70 classes.

•Brodatz: the Brodatz [4] dataset is a popular dataset for texture descriptors
evaluation. The Brodatz dataset are composed of 111 different textures. Each
texture is divided into 16 blocks, such that 1776 images are considered.

• Soccer: the Soccer dataset [24] is composed by images from 7 soccer teams,
containing 40 images per class.

As effectiveness measures, we use the Mean Average Precision (MAP). In ad-
dition to MAP, we consider the bullseye score (Recall@40 ) for the MPEG-7
dataset, which counts all matching objects within the 40 most similar candi-
dates. Since each class consists of 20 objects, the retrieved score is normalized
with the highest possible number of hits.

4.1 Cascading Re-Ranking

The evaluation of the Cascade Re-Ranking approach considers the MPEG-7
dataset and four different re-ranking methods: the Distance Optimization Algo-
rithm (DOA) [16], the Mutual kNN Graph [9], the Contextual Re-Ranking [15],
and RL-Sim [18] algorithms. We also considered the Contextual Re-Ranking [15]
and RL-Sim [18] combined with all algorithms. Table 1 presents the results for
Recall@40 measure. We can observe that the gains are positives for all combi-
nations, ranging from +0.11% to +1.99%. Those results demonstrate that, even
with contextual information already exploited by the first re-ranking employed,
the second re-ranking can further improve the effectiveness when combined by
our cascading approach.

Table 1. Cascading Re-Ranking Methods on the MPEG-7 dataset (Recall@40)

Descriptor Score Re-Ranking Algorithm 1 Score Re-Ranking Algorithm 2 Cascade
Score

Gain

CFD [16] 84.43% Distance Optimization [16] 92.56% Contextual Re-Ranking [15] 93.39% +10.61%

CFD [16] 84.43% Distance Optimization [16] 92.56% RL-Sim Re-Ranking [18] 94.40% +11.81%

IDSC [12] 85.40% Mutual kNN Graph [9] 93.40% Contextual Re-Ranking [15] 93.68% +9.70%

IDSC [12] 85.40% Mutual kNN Graph [9] 93.40% RL-Sim Re-Ranking [18] 94.09% +10.18%

CFD [16] 84.43% RL-Sim Re-Ranking [18] 94.13% Contextual Re-Ranking [15] 94.23% +11.61%

CFD [16] 84.43% Contextual Re-Ranking [15] 95.71% RL-Sim Re-Ranking [18] 95.94% +13.63%

4.2 Combining Re-Ranking Methods with Rank Aggregation

This section presents the evaluation of our approach for combining re-ranking
with rank aggregation algorithms, considering three datasets and twelve descrip-
tors, including shape, color, and texture descriptors. We consider the Contextual
Re-Ranking (CRR) [15] and the RL-Sim [18] re-ranking algorithms, and the Set
Rank Aggregation. Table 2 presents the MAP scores for RL-Sim [18] and Con-
textual Re-Ranking [15] algorithms in isolation (as baselines), and considering
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our combination approach. As we can observe, for almost all descriptors our
combination approach presents a higher MAP score than both baselines, with
significant gains. Exceptions are the LBP [14] and LAS [22] descriptors, in which
the RL-Sim [18] presents low gains. However, we should note that, even for those
cases, our combination approach presents a MAP score higher than the worst
re-ranking method. Our approach also presents a higher average score when
compared with both re-ranking algorithms.

Table 2. Re-Ranking with Rank Aggregation Combination on CBIR Tasks (MAP)

Image De-
scriptor

Type Dataset Score Re-Ranking 1:
RL-Sim [18]

Re-Ranking 2:
CRR [15]

Rank Aggrega-
tion: SetRA

Gain

SS [19] Shape MPEG-7 37.67% 43.06% 44.79% 47.33% +25.64%

BAS [1] Shape MPEG-7 71.52% 74.57% 76.60% 78.31% +9.49%

IDSC [12] Shape MPEG-7 81.70% 86.75% 87.39% 88.66% +8.52%

CFD [16] Shape MPEG-7 80.71% 88.97% 92.76% 92.94% +15.15%

ASC [13] Shape MPEG-7 85.28% 88.81% 89.82% 90.62% +6.26%

AIR [7] Shape MPEG-7 89.39% 93.54% 94.49% 97.15% +8.68%

GCH [21] Color Soccer 32.24% 33.66% 33.02% 33.78% +4.78%

ACC [8] Color Soccer 37.23% 43.54% 39.86% 46.60% +25.17%

BIC [20] Color Soccer 39.26% 43.45% 43.04% 47.27% +20.40%

LBP [14] Texture Brodatz 48.40% 47.77% 49.06% 47.93% -0.97%

CCOM [10] Texture Brodatz 57.57% 62.01% 63.67% 64.20% +11.52%

LAS [22] Texture Brodatz 75.15% 77.81% 78.48% 77.89% +3.65%

Average 61.34% 65.32% 66.08% 67.72% +11.52%

Table 3. Re-Ranking and Rank Aggregation Combination for Shape Descriptors

Shape
Descriptor

Score Re-Ranking 1:
RL-Sim [18]

Re-Ranking 2:
CRR [15]

Rank Aggrega-
tion: SetRA

Gain

SS [19] 43.99% 53.15% 51.38% 54.69% +24.32%

BAS [1] 75.20% 82.94% 82.43% 83.51% +11.06%

IDSC [12] 85.40% 92.18% 91.84% 92.16% +7.92%

CFD [16] 84.43% 94.13% 95.71% 95.98% +13.67%

ASC [13] 88.39% 94.69% 93.07% 93.80% +6.12%

AIR [7] 93.67% 99.90% 99.80% 99.99% +6.75%

Average 78.51% 86.17% 85.71% 86.69% +10.42%

We also considered the bullseye score (Recall@40 ) for shape descriptors on
the MPEG-7 dataset. Table 3 presents the effectiveness results considering the
Recall@40 measure. Similar results to the use of the MAP measure are observed.
Our combination approach also presents better average scores (86.69%) than
both re-ranking algorithms.

4.3 Agglomerative Rank Aggregation

For the experimental evaluation of our proposed Agglomerative Rank Aggrega-
tion approach, we select two descriptors for each visual property (shape, color,
and texture). Table 4 presents the MAP scores of our combination approach.
We can observe that significant gains are obtained when compared with the re-
sults of the use of descriptors in isolation and of the first-layer rank aggregation
method.
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Table 4. Agglomerative Rank Aggregation Combination for CBIR Tasks (MAP)

Descriptor Type Dataset First Layer - Rank
Aggregation

Second Layer - Rank
Aggregation

Score
(MAP)

CFD [16] Shape MPEG-7 - - 80.71%

ASC [13] Shape MPEG-7 - - 85.28%

CFD [16] + ASC [13] Shape MPEG-7 RL-Sim [18] - 98.75%

CFD [16] + ASC [13] Shape MPEG-7 CRA [17] - 98.77%

CFD [16] + ASC [13] Shape MPEG-7 RL-Sim + CRA Set Rank Aggregation 99.41%

ACC [8] Color Soccer - - 37.23%

BIC [20] Color Soccer - - 39.26%

BIC [20] + ACC [8] Color Soccer RL-Sim [18] - 44.49%

BIC [20] + ACC [8] Color Soccer CRA [17] - 42.14%

BIC [20] + ACC [8] Color Soccer RL-Sim + CRA Set Rank Aggregation 49.00%

CCOM [10] Texture Brodatz - - 57.57%

LAS [22] Texture Brodatz - - 75.15%

LAS [22] + CCOM [10] Texture Brodatz RL-Sim [18] - 80.26%

LAS [22] + CCOM [10] Texture Brodatz CRA [17] - 81.63%

LAS [22] + CCOM [10] Texture Brodatz RL-Sim +CRA Set Rank Aggregation 83.70%

4.4 Comparison with Other Approaches

We also evaluated our combination approaches in comparison with other state-
of-the-art re-ranking an rank aggregation methods, applied to various shape de-
scriptors. Table 5 presents the results of our approach in comparison with other
methods. We consider the re-ranking with rank aggregation combination, using
the RL-Sim [18] and Contextual Re-Ranking [15] for re-ranking and the Set Rank
Aggregation method. We can observe that our combination approach achieves
very high effectiveness performance, being comparable to the best scores reported
in literature. Our methods are also compared with other rank aggregation ap-
proaches on the MPEG-7 dataset. Three baselines are considered: the traditional
Borda Count method; the recently proposed Reciprocal Rank Fusion [5] method;
and the Co-Transduction [2] method, recently proposed for CBIR applications.
Our agglomerative approach were considered for comparison. We can observe
that our method outperforms the considered baselines.

Table 5. Re-Ranking methods com-
parison on MPEG-7 dataset

Algorithm Descriptor Score Gain

Shape Descriptors

CFD [16] - 84.43% -

IDSC [12] - 85.40% -

ASC [13] - 88.39% -

AIR [7] - 93.67% -

Re-Ranking Methods

DOA [16] CFD [16] 92.56% +9.63%

LCDP [25] IDSC [12] 93.32% +9.27%

Mutual kNN [9] IDSC [12] 93.40% +9.37%

RL-Sim [18] CFD [16] 94.13% +7.13%

CRR [15] CFD [16] 95.71% +13.36%

LCDP [25] ASC [13] 95.96% +8.56%

SetRA (CRR+RL-Sim) CFD [16] 95.98% +13.68%

CRR [15] AIR [7] 99.80% +6.54%

RL-Sim [18] AIR [7] 99.90% +6.66%

TPG [25] AIR [7] 99.99% +6.75%

SetRA (CRR+RL-Sim) AIR [7] 99.99% +6.75%

Table 6. Rank aggregation comparison on
the MPEG-7 dataset

Shape Descriptor Rank Aggregation Score
[%]

Shape Descriptors

DDGM [23] - 80.03%

CFD [16] - 84.43%

IDSC [12] - 85.40%

SC [3] - 86.80%

ASC [13] - 88.39%

Rank Aggregation Methods

CFD [16]+IDSC [12] Borda Count 91.92%

CFD [16]+ASC [13] Borda Count 93.51%

CFD [16]+IDSC [12] Reciprocal [5] 94.98%

CFD [16]+ASC [13] Reciprocal [5] 96.25%

IDSC [12]+DDGM [23] Co-Transduction [2] 97.31%

SC [3]+DDGM [23] Co-Transduction [2] 97.45%

SC [3]+IDSC [12] Co-Transduction [2] 97.72%

CFD [16]+ASC [13] CRA [17] 99.38%

CFD [16]+ASC [13] RL-Sim [18] 99.44%

CFD [16]+ASC [13] SetRA (RL-Sim + CRA) 99.50%
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5 Conclusions

We have presented novel combination approaches for re-ranking and rank aggrega-
tion methods. The main idea of the our work consists in exploiting complementary
rankings obtained by different methods in order to obtain more effective results.
We conducted a large set of experiments and experimental results demonstrate
that our approaches can further improve the effectiveness of image retrieval tasks
based on shape, color and texture descriptors. In future work, we intend to in-
vestigate the use of other re-ranking and rank aggregation methods in a iterative
combination approach.
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