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Logo Retrieval Using Logo Proposals and Adaptive
Weighted Pooling

Chengzuo Qi, Cunzhao Shi, Chunheng Wang, and Baihua Xiao

Abstract—This letter presents a novel approach for logo re-
trieval. Considering the fact that logo only occupies a small portion
of an image, we apply Faster R-CNN to detect logo proposals first,
and then use a two-step pooling strategy with adaptive weight to
obtain an accurate global signature. The adaptive weighted pooling
method can effectively balance the recall and precision of propos-
als by incorporating the probability of each proposal being a logo.
Experimental results show that the proposed method interprets the
similarity between query and database image more accurately and
achieves state of the art performance.

Index Terms—Adaptive weighted pooling, Faster R-CNN, logo
retrieval.

I. INTRODUCTION

THE rapid increase in the amount of image data has pro-
moted the research on efficient image retrieval. Logo re-

trieval is an interesting branch of object retrieval for various
academic and commercial applications, such as modern mar-
keting, advertising, and e-business. Same as object retrieval, the
task of logo retrieval focuses on searching same/similar logos
according to the given query. However, a lot of factors, such as
perspective deformations, background disturbance, and intra-
class variability, make accurate logo retrieval quite challenging.

Logo retrieval has been well studied by traditional keypoint-
based methods, which represent the image using a bag-of-visual-
words based on SIFT [1]. To enhance the discriminability of the
classical SIFT, larger codebooks containing 1 million [2] or
more [3] codewords are adopted. Meanwhile, feature triples are
obtained by geometric constraint [4] and multiscale Delaunay
triangulation (MSDT) [5] to encode local feature layout. How-
ever, feature bundle-based methods suffer from the recall of
feature triples. SIFT can also be incorporated with those fea-
tures indicating different aspects of logo, and the weight of
each feature type can be assigned by considering the intersec-
tion number of rank lists [6] or an off-line training manner with
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logistic regression [7]. Spatial reranking also plays an impor-
tant role in logo retrieval, which tackles the affine invariance
problem by imposing a spatial coherence constraint. As a geo-
metric model, locally optimized random sample consensus [8]
is invariant to the full 6-degree of freedom affine transforma-
tions. The geometric layout of an image can also be captured
by combining spatial cooccurrences and pyramid partitioning
(SCK) [9]. Wu and Kashino [10] model the second-order geo-
metric coherence by extending the application of the Hessian-
based affine adaptation. Then, Liu et al. [11] further adopt the
k-nearest neighbor to explore the second-order spatial structure
while embedding the inner geometry to obey a large variety
of affine invariance. A faster neighborhood association can be
achieved by selecting tuples of local features with a centrality-
sensitive pyramid [12]. However, in case of small logos, tradi-
tional keypoint-based methods get inferior results due to the lack
of interest points. EdgeBox [13] is adopted to address this is-
sue with logo proposals, which are combined with shape-aware
descriptor EdgeBoW to generate a powerful logo representa-
tion [14], whereas it relies on the edge detector, and can not get
satisfying result if some edges are missing.

Convolutional neural networks (CNN) have also been
applied on logo related tasks. Iandola et al. [15] propose three
modified CNN architectures and conduct those networks on
logo classification and detection. Hoi et al. [16] collect two new
logo databases and evaluate several state-of-the-art methods on
logo detection tasks. These two methods aforementioned both
adopt hand-crafted feature based proposal detector, while Faster
R-CNN [17] has demonstrated superior performance of region
proposal network (RPN) on generic object detection tasks.
Bianco et al. [18] adopt CNN features on logo recognition task,
and also corrupt the database to evaluate the robustness of the
proposed method against blur, noise, and lossy compression.
What is more, logo image bears smaller foreground and more
complex background, and the aggregation of the whole feature
map for generic retrieval are prone to make errors on logo
retrieval task.

In this letter, we propose a detection-based logo retrieval sys-
tem. We detect logos with RPN which is a subpart of Faster
R-CNN and get the feature tensor of each proposal in the mean-
time. In order to have a greater robustness to the localization of
proposals, we adopt max pooling to get the feature vector for
each proposal. Then, we aggregate the feature vectors of proper
number of proposals to obtain a global representation via the
proposed adaptive weighted pooling strategy, which can effec-
tively suppress the false positive proposals and achieve a more
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Fig. 1. Framework of detection based image representation.

accurate global signature. Experimental results also demonstrate
the effectiveness of the proposed method.

The rest of the letter is organized as follows. Section II
introduces logo detection and our aggregation method. Sec-
tion III demonstrates that our experimental results are better than
state-of-the-art methods on FlickrLogo32 database. Finally, in
Section IV we conclude the letter.

II. METHODS

The proposed logo retrieval system is based on logo detection.
Fig. 1 shows how we calculate the global representation of a
particular database logo image. First, we input a logo image to
RPN which shares the conv5 3 and down layers with VGG16-
net, and get the rois (i.e., the red rectangles in the logo image)
from the output of box regression layer in Fig. 1. Then, we
feed those rois into the roi pooling layer to get the roi features,
followed by a two-step pooling strategy which is composed
of max pooling and sum pooling, and the sum pooling step
integrates the adaptive weights according to the outputs of the
softmax layer. Finally, the commonly used rerank and query
expansion parts are incorporated to form the whole logo retrieval
system.

A. Detection

We use Faster R-CNN network to train our detector, which is
composed of RPN and Fast R-CNN [19] network. The former
can get class-agnostic proposals, and then the latter is applied
to classify each proposal.

We use RPN as our proposal generator. RPN applies sliding
window on the feature maps of conv5 3 layer to generate pro-
posals (i.e., anchors in [17]), followed by a convolution layer and
two sibling output layers minimizing a multitask loss function

L(c, c∗, b, b∗) = Lcls(c, c∗) + λLreg(b, b∗) (1)

where the classification loss Lcls is two classes Softmax loss.
Lreg is the bounding box regression loss for positive boxes which
keep a higher intersection-over-union with the ground-truth box
than the predefined threshold (0.5). c is the predicted probabil-
ity of an anchor being a logo, whereas c∗ is the correspond-
ing ground-truth label, and b is a vector representing the pre-

dicted bounding box coordinates, whereas b∗ is the ground-truth
coordinates.

Fast R-CNN shares the same objective function as (1), but
Lcls becomes the Softmax loss of K + 1 categories (i.e., K logo
classes and one nonlogo class). We follow the 4-step training
algorithm in [17] to alternately optimize the two networks.

B. Aggregation

Roi-pooling layer maps the logo proposal on the feature maps
of conv5 3 layer, leading to a (W ∗ H ∗ C) roi feature tensor
F for each proposal, whereas W , H , and C separately denotes
the width, height, and channel number of F , as Fig. 1 shows.
We denote the feature tensor of ith proposal as F i . Then, we
perform spatial max pooling on F i , and define the feature vector
of ith proposal as follows:

fi = [F i
1 ...F

i
k ...F i

C ]T (2)

where F i
k is the maximum activation of the kth channel of F i .

Finally, common sum pooling is adopted on all the proposals to
obtain the global representation of a logo image

g =
1
N

N∑

i = 1

1 × fi (3)

where N counts the number of proposals, and fi is a C-
dimensional vector which denotes the ith proposal’s feature
vector.

As for the sum pooling, we calculate the probability of the
query and database image being similar pair by

p(sim|q; db) =
1
N

N∑

i = 1

p(sim|q, obji) (4)

p(sim|q; obji) = p(sim|q; proi) × p(obji|proi) (5)

where q stands for the query image, db is short for each database
image. p(sim|q, obji) is the similarity between ith foreground
meaningful object (fi) and the query (fq ), and we adopt inner
product to calculate the similarity during actual operation (i.e.,
fq · fi). p(obji |proi) is the probability of regarding proposal as
an object, and we denote it as si in (6).
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Fig. 2. FlickrLogo32 detection APs.

Combining (4) and (5), we interpret p(sim|q; db) as

p(sim|q; db) =
1
N

N∑

i = 1

(fq · fi) × si = fq ·
(

1
N

N∑

i = 1

si × fi

︸ ︷︷ ︸
ĝ

)

(6)
Obviously, the final part (i.e., ĝ) of (6) is the global represen-

tation of an database image. Now, we see the difference between
ĝ and g in (3), where g wrongly ignores si , i.e., the conditional
probability term in (5).

Motivated by aforementioned analysis, we propose a simple
but effective method to add the conditional probability term.
We assign the pooling weight of each proposal according to the
two-class Softmax layer output which interprets the probability
of each proposal being a logo

ĝ =
1
N

N∑

i = 1

si × fi (7)

where si is the Softmax result of the positive label.
Enhancing the pooling strategy with adaptive weights can be

interpreted from another view. Detection methods always adjust
the balance between precision and recall according to particu-
lar tasks. We observe that when we select a proper number of
proposals for a high recall performance, the false positive pro-
posals will bias the representation of an image towards nonlogo
features, even the background. In order to reject the false pos-
itive proposals, an intuitional way is to reduce the number of
proposals. However, this will hurt the recall. By simply adding
the weight, the adaptive weight theme can effectively suppress
the false positive instances. Experimental results demonstrate
that our method achieves a better global representation while
remaining high recall detection results.

III. EXPERIMENTS

In this section, we experimentally compare our method with
other excellent methods on FlickrLogo32 database. FlickrL-
ogo32 contains 32 logo classes used for detection, classifica-
tion, and retrieval tasks. Each class contains 70 images, 10
for training set, 30 for validation set, and the remaining for
test set. Meanwhile, validation and test set have extra 3000
nonlogo images. For retrieval tasks, we have 960 query im-
ages, and the database size is 4280. The performance is evalu-
ated by mean average precision (mAP) and mean precision at
top-4.

TABLE I
RESULTS OF DIFFERENT POOLING STRATEGIES

Method Initial Filtering Rerank Query Expansion

w/o w w/o w w/o w

sum-sum 0.398 0.642 0.633 0.708 0.446 0.691
fc6-sum 0.300 0.582 0.540 0.647 0.320 0.626
max-sum 0.580 0.662 0.672 0.680 0.642 0.712

We train Faster R-CNN on FlickrLogo32 trainval and opti-
mize the two subnetworks alternately. We tune the conv3_1 and
up layers for first stage RPN train, and then use nonmaximal
suppression (NMS) to generate top 2000 proposals for the first
Fast R-CNN train stage. The second RPN train stage shares the
weight of the first Fast R-CNN stage and only tunes the fc6
and up layers, and it feeds the proposals to the second Fast R-
CNN stage. Finally, we select the top 300 proposals for every
test image and compare our Faster R-CNN results with Iandola
et al. [15], which selects EdgeBoxes as the proposal detector.
The results are listed in Fig. 2. For the logo class “hp,” Iandola
et al. [15] does not provide the result, and we use our AP in-
stead of N/A. We also tag the final mAP value on the top of the
bar. The results in Fig. 2 show that RPN outperforms Iandola
et al. [15] on almost all the logo classes except for two, i.e.,
“adidas” and “ferra,” and the final mAP demonstrates that RPN
can get satisfying performance on logo detection task.

Then, we conduct experiments on retrieval tasks. We ag-
gregate the top 300 proposals after NMS to get a global rep-
resentation and evaluate three kinds of pooling methods, i.e.,
sum − sum, max − sum, and fc6 − sum, which means that
we can obtain the feature vector of each proposal by spatial
sum/max pooling or directly capturing the fc6 layer activa-
tions, and then obtain ĝ in (7) by weighted sum pooling of all
the proposals’ feature vectors. Finally, the global feature ĝ is
l2− normalized. We do the initial filtering by calculating the co-
sine distances of query and database images, and then we rerank
the initial rank list by comparing the query with every proposal
of the top ranked results. Finally, we perform query expansion
by simply retrieving with the mean feature of the source query
and the top ranked proposals after the rerank stage. We empiri-
cally set the rerank and query expansion number as 500 and 3,
respectively.

Table I shows the results of different pooling methods, w/o
are the results without our newly added weight, i.e., the result
of g in (3), whereas w corresponds to the performance of ĝ.
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TABLE II
RETRIEVAL RESULTS OF DIFFERENT PROPOSAL NUMBER

Method Initial Filtering Rerank Query Expansion

(w/o)-100 0.621 0.630 0.676
(w/o)-300 0.580 0.670 0.642
(w)-300 0.662 0.680 0.712

TABLE III
COMPARISON BETWEEN THE PROPOSED METHOD AND STATE-OF-THE-ART

METHODS (%)

Method MAP MP@4

MSDT [5] 54.8 81.1
SCK [9] 63.4 87.5
Liu et al. [11] 65.3 89.5
k NN-ASA2 [10] 67.5 90.9
CSP-ASA2 [12] 68.0 91.2
our 71.2 93.8

We observe that max − sum performs better than both
sum − sum and fc6 − sum, which indicates that max-pooling
can better represent the logo proposal. This phenomenon may
be caused by the inaccurate localization, and max pooling can
further suppress the feature of the proposal’s nonlogo part. By
adding the weights, the nonlogo and incorrect located proposals
are weakened. We also observe that convolutional features ob-
tain superior performance to fc6 features. Overall, our weighted
pooling strategy provides mAP gains for all the three pooling
methods, which indicates that the proposed method can get a
better global representation.

We also evaluate our method on less number of propos-
als. As max − sum obtains the best performance, we choose
max − sum as the baseline pooling strategy and follow the
parameters of Table I.

Table II shows that when we change the proposal number from
100 to 300, the mAP of rerank stage gets better because the recall
of logo proposals increases. However, the precision decreases,
leading to the inferior performance in the initial filtering and
query expansion stages which both adopt mean operation on
different proposals. By adding the adaptive weights, the above
problem can be addressed, and we get better performance on
all the three stages. The results demonstrate that the proposed
method achieves precise representation while remaining high
recall detection results for the rerank stage, thus getting a better
mAP.

Table III compares the proposed method with other state-
of-the-art methods. The results clearly show that our approach
performs better than other published methods which are based
on SIFT and BOW framework, indicating the superiority of
combining detection and retrieval in a logo search system. The
results also demonstrate that our adaptive weighted pooling can
effectively aggregate the proposals and obtain a more accurate
global representation for logo image. Meanwhile, the results of
top-4 precision show that our method can achieve a more precise
top-4 performance.

IV. CONCLUSION

In this letter, we adopt RPN to generate proposals, fol-
lowed by a max − sum pooling strategy, and perform adaptive
weighted pooling for the second step pooling, i.e., the sum pool-
ing part. Experimental results demonstrate the effectiveness of
our method. Particularly, as we focus on our weighted pooling
and detection themes, we choose the simplest rerank and query
expansion strategies. We believe that our method can get a even
better performance by improving those parts. Besides, there are
several future study directions, for example, designing particu-
lar detection network for small logo detection by utilizing the
planar context information, and injecting the adaptive weight
strategy to the CNN framework so as to learn the feature end to
end.
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