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Abstract

The problem of image based localization has a long his-
tory both in robotics and computer vision and shares many
similarities with image based retrieval problem. Existing
techniques use either local features or (semi)-global im-
age signatures in the context of topological mapping or
loop closure detection. Difficulties of the location recog-
nition problem are often affected by large appearance and
viewpoint variation between the query view and reference
dataset and presence of non-discriminative features due to
vegetation, sky and road. We demonstrate that the avail-
ability of semantic information about the presence of man-
made landmark structures such as buildings, can enhance
the traditional BoW local features methods. Focusing the
matching on man-made structures, helps to discard irrele-
vant features from the scene that often act as confusers in
various voting strategies (e.g. trees, vegetation and road
features are often not discriminative of location).

1. Introduction
The problem of visual place recognition has been stud-

ied extensively by many and the existing approaches vary
in the proposed image representation and associated match-
ing strategy as well as datasets used for evaluation. In the
computer vision literature the approaches often bear simi-
larity with image based retrieval techniques, where the con-
sidered baseline method is often the bag-of-visual-words
(BoW) representation, followed by spatial verification of
the top k retrieved images using geometric constraints [13].
The spatial verification helps to refine the matched using
RANSAC with an appropriate geometric model effectively
eliminating outliers. Various improvements of BoW meth-
ods include learning better vocabularies, developing better
quantization and spatial verification methods [10, 19], em-
ploying more sophisticated models of dependence of local
features [3] or improving the scalability [15]. In the context
of visual place recognition, in contrast to image based re-
trieval, there is often additional structural information avail-

Figure 1. Overview of our semantically aware BoW: Left is query
image. Middle is the semantic segmentation of the image. Right
shows horizontal extent of the building with dashed lines.

able that can be exploited towards the task. In case the
locations and/or landmarks are visible in many views 3D
reconstruction techniques can help quatifty the ’matchabil-
ity’ of individual features. Authors in [1] chose the stable
keypoints detectable across many views and trained a ran-
domized decision tree classifier per keypoint to classify the
new images. In [14] authors built adjacency matrix between
reference images and then find the clusters within training
images. During the recall, they first classify the image by
assigning it to most likely image cluster and then retrieve
the image using TF-IDF weighting scheme. The confusion
weight for each features is learned in [8] exploiting the ge-
ographic location of the unweighted retrieved views. In [6]
they train exemplar SVM per image in the training set where
the negative examples are the images that have similar co-
sine distance but they are far away. The retrieval approach
of [8] is similar to our method in selecting the features that
are informative for localization and suppressing the confus-
ing ones. We instead of learning the weight for each feature
using the GPS coordinates, propose to use general purpose
semantic segmentation technique [16] to classify features
to different semantic categories and filter those that do not
belong to man-made structures. Arandjelovic and Zisser-
man [2] augmented the dictionary with semantic categories
surrounding each SIFT feature and they retrieve using the
augmented vocabulary. The difference of their method and
the proposed method is that we use semantic information to
refine the unrelated SIFT features, while they use semantic
information to add extra information to the SIFT features in
order to disambiguate the SIFT representation.

We show (1) that semantic segmentation of man-made
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structures provides an improvement in retrieval accuracy of
traditional bag-of-words methods in the presence of large
variation in imaging conditions between the query views
and reference views; (2) we further demonstrate the capabil-
ity of these local features to categorize individual building
instances and estimate their extent in query views. The ob-
tained semantic representation can be exploited further for
semantic localization and mapping as well as determining
geographic location of the query views.

2. Proposed Method
Given the reference set of images, the standard BoW

method clusters the SIFT features to build vocabulary of
visual words, assigning each visual word with the same
weight.TF-IDF weighting [5] tackles this problem by defin-
ing two terms; The term frequency tf(w, I) which is equal
to the number of times words w appears in image I and
inverse document (image) frequency idf(w) is equal to

idf(w) = log
N

|{Ii : w ∈ Ii}|

where N is the number of images in the dataset and |{Ii :
w ∈ Ii}| is the number of images Ii containing visual
word w. The more frequent a visual word is, the smaller
idf(w) gets. TF-IDF representation of image I will be the
|W | dimensional vector where |W | is the vocabulary size
and each dimension is equal to the product of tf(w, I) and
idf(w). Even though TF-IDF improves the performance
considerably, it still considers all the visual words of the
image. Therefore, if there are many frequently occurring
words with small IDF weights in the query image, the prod-
uct of the frequency of that word and the corresponding IDF
weight will be large. We propose to rectify this problem by
exploiting the semantic information available in the image,
which will be used to change the weighting in more infor-
mative way.

2.1. Semantic Segmenatation

The semantic labels we consider are five commonly oc-
curring semantic categories in street scenes - ground, sky,
building, car, tree. Our approach for semantic labeling is
based on using a single bottom-up segmentation of the im-
age where the superpixels are characterized with a variety
of features including color, texture, location and perspec-
tive cues. The proposed semantic segmentation approach is
closely related to [7], [18], and [17]. An example of seman-
tic segmentation is shown in Figure 1.

2.2. Semantically Aware Image Retrieval

We first build vocabulary of all of the SIFT features
using k-means algorithm and then compute the IDF term
for each of the visual words in the vocabulary (Algorithm

Algorithm 1 Training Procedure
1: Build vocabulary using approximate k-means.
2: Compute IDF for each visual word.
3: Prune SIFT features that are not in the man-made struc-

ture regions.
4: Compute TF-IDF BoW representation for each training

image.

Algorithm 2 Retrieval Procedure
1: Compute the TF-IDF vector using all the extracted

SIFT features in the query image.
2: Retrieve top K images based on the TF-IDF represen-

tation using cosine distance.

1, lines 1 and 2). Semantic segmentation [17] for all
images in the reference set labels each pixel as belonging
to one of the 5 semantic categories man-made structure,
sky, grass, road, trees, vegetation. Given this information
we discard the local SIFT features that do not belong to
man-made structure regions (Algorithm 1, line 3). After
pruning the local features that do not belong to buildings,
we recompute the TF component for each of the training
images and compute a new TF-IDF BoW representation
(Algorithm 1, line 4). This is different from [8] where
the weight is computed for each visual word for all of its
occurrences regardless of the semantic category by using
GPS coordinates of the images.

In the test phase, we extract the SIFT features from the
query image and assign each feature to one of the visual
words in the learned vocabulary. We then compute TF-IDF
representation using the IDF and the frequency of visual
words in the query image (Algorithm 2, line 1). We re-
trieve top K matches by finding K-nearest neighbors using
the cosine distance between the query BoW and semanti-
cally pruned feature vectors of training images (Algorithm
2, line 2). More details can be found in [11]. Note that we
compute TF-IDF representation of query image without any
semantic pruning. In order to build the vocabulary of the
visual words, we use all features regardless of the seman-
tic categories. If we only use features belonging to man-
made structures, our vocabulary overfits to the features on
man-made structures and it does not generalize well to the
features present in the query image.

2.2.1 Finding Horizontal extent

In this section, we describe a method for localization and
identification of buildings in query views, assuming that our
reference training set has B = {b1, b2, ..., bnb

} set of build-
ing identities. We have in the training stage labelled each
image in the reference set by the building identity present
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Algorithm 3 Horizontal Extent Estimation
1: Find corresponding feature pairs between query image

and each of the retrieved images.
2: Compute retrieval score for each of the retrieved images

using Eq 2.
3: Compute feature match probability p(qi|pkj ).
4: Compute feature identity probability p(b|pkj ).
5: Accumulate p(qi|pkj )× p(b|pkj , i)× p(Iq|Itk) for all the
K retrieved images in the corresponding column xqk .

6: Convolve it with Gaussian filter with σ = σx.

in the image and their horizontal extent. Given the matches
between query view and reference view, we will show how
the matched features provide evidence about building iden-
tity and its horizontal extent. Let P k be the set of features
in the kth retrieved image and Q be the set of features in
the query image. pkj represents the jth feature in the kth
retrieved image and qi denotes the ith feature in query im-
age. If pkj and qi correspond to each other and pkj is on
building b, then it is likely that feature qi will be on build-
ing b too. In order to find feature correspondence we use the
standard method by [9] followed the symmetric matching to
keep only the mutual matches. For the geometric verifica-
tion stage we use 5-point algorithm [12] (Algorithm 3, line
1) to find the inliers.
We next proceed with the estimation of horizontal extents
of buildings in images. Horizontal extent of a building is
the horizontal interval that contains a building. An exam-
ple of horizontal extent is shown in Figure 1. We discretize
the horizontal field of view into columns c ∈ C and for
each column in the query image, we compute the likelihood
of column c containing building b ∈ B using the top K
retrieved images. For each image in the reference set, we
label each building pixel with the identity of the matched
building. The idea is to transfer the building identity from
the inlier features in the retrieved set to the query image and
then accumulate all the likelihoods to get the overall prob-
ability building b given each column c. The probability of
column c having identity b is computed using the following
equation:

p(b|c) = βc ×
∑

f,It
i ,qi,p

k
j

[
p(Iq|Itk)× p(qi|pkj )×

p(b|pkj )×N
(
xqi − c, σ2

x

)]
(1)

p(Iq|Itk) is the likelihood of kth retrieved image having at
least one common building with query image Iq (Algo-
rithm 3, line 2). Let p(qi|pkj ) be the likelihood that fea-
ture qi is indeed a correct match for pkj and is equal to
N (||pkj − qi||2, σ2

s) (Algorithm 3, line 3). p(b|pkj ) is the
probability of feature pkj belongs to building b and it is equal
to the frequency of pixels in the 7× 7 pixels neighborhood

Table 1. Comparison of Image Retrieval F1-score using Top K
Matches

K=1 K=4 K=8 K=12
Baseline 0.7766 0.8475 0.8511 0.8460

Method of [2] 0.6322 0.7001 0.7289 0.7414
Our Method 0.7621 0.8647 0.8735 0.8672

of the feature point and being labeled as b over the number
of pixels in the patch (Algorithm 3, line 4). The probability
of identity of each column is not independent of its neigh-
boring columns because buildings are continuous. We en-
force this by propagating the probability of each column to
its neighbors by a weight of N

(
xqi − c, σ2

x

)
(Algorithm 3,

lines 5 and 6). βc is the normalization parameter for column
c.

Two images that contain at least one common building,
should have 1) similar TF-IDF representation and 2) large
number of inlier corresponding features. Therefore, we de-
fine p(Iq|Itk) as following:

p(Iq|Itk) = α× |Mk| × Sk (2)

where |Mk| is the number of inlier matches between query
image Iq and the retrieved image Itk. Sk is the cosine dis-
tance between the feature vector of query image and the
retrieved image. If the TF-IDF representation of the im-
ages Iq and Itk are similar to each other, their dot product
becomes larger. In addition, the more inlier features there
are, the more likely that we retrieved correct image (Algo-
rithm 3 line 2). Algorithm 3 illustrates the procedure more
clearly. Figure 2 shows the qualitative comparison between
BoW and semantically aware BoW (SBoW). As it is shown
the top image using the proposed method is more suitable
for retrieving images containing the same buildings.

3. Experiments

The dataset consists of 816 sparsely sampled images
which are taken from 11 buildings in a university campus.
The images are labeled with the pixel level identity of the
buildings. Table1 shows the F-1 measure for the image re-
trieval. The precision is defined as the number of images
containing at least a building in common with the query im-
age and recall is total number of buildings in the query im-
age for which at least one image is retrieved. We compared
our approach with the method [2] where they augmented vi-
sual words with semantic categories. As Table2 shows the
accuracy of horizontal extent identification, SBoW can re-
trieve images with more overlap comparing to BoW and [2].
Therefore, our method is more suitable for identifying the
landmarks, buildings in our case, for localization.
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Figure 2. Qualitative evaluation of our method with and without
semantic information. The first column is the query image and
column (b) and (c) show the top retrieved image. Column (d) il-
lustrate the estimated horizontal extent using only the top retrieved
images in column (b). The vertical dash line represent the ground
truth of the horizontal extents of buildings in the query image and
the solid lines represent unnormalized probabilities for each col-
umn.

Table 2. Quantitative Evaluation of the Horizontal Extent Estima-
tion Accuracy

K=1 K=4 K=8 K=12
Baseline 0.4458 0.6046 0.6384 0.6370

Method of [2] 0.5433 0.6586 0.6947 0.7451
Our Method 0.5331 0.7514 0.8025 0.8145

4. Discussion

We used semantic segmentation to eliminate features
which do not belong to man-made structures. Our results
show that semantically aware bag-of-words not only im-
proves the retrieval, but also retrieves more images with a
sufficient overlap, which is desirable for image-based geo-
location and increases the matchability of the related in-
stances. In the future work we plan to use the semantically
aware bag-of-words and building identification in a local-
ization setting.
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