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A fast and accurate building-level visual place 
recognition method built on an image-retrieval scheme 
using street-view images is proposed. Reference images 
generated from street-view images usually depict multiple 
buildings and confusing regions, such as roads, sky, and 
vehicles, which degrades retrieval accuracy and causes 
matching ambiguity. The proposed practical database 
refinement method uses informative reference image and 
keypoint selection. For database refinement, the method 
uses a spatial layout of the buildings in the reference image, 
specifically a building-identification mask image, which is 
obtained from a prebuilt three-dimensional model of the 
site. A global-positioning-system-aware retrieval structure 
is incorporated in it. To evaluate the method, we 
constructed a dataset over an area of 0.26 km2. It was 
comprised of 38,700 reference images and corresponding 
building-identification mask images. The proposed 
method removed 25% of the database images using 
informative reference image selection. It achieved 85.6% 
recall of the top five candidates in 1.25 s of full processing. 
The method thus achieved high accuracy at a low 
computational complexity. 
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I. Introduction 

Visual place recognition is the process of geographically 
localizing a given query image of a street or building using its 
visual features. It has various applications, such as location-
based services, site-specific information for visitors, accurate 
geo-tagged imagery, and augmented reality. 

This task has been formulated as an image-retrieval problem 
in many approaches [1]–[9], whereby images of the same place 
depicted in a query image are retrieved from a geo-tagged 
image database. In this framework, a common approach is to 
first construct database images from street-view panoramic 
images [1], [2], [7], [8]. Then, the image is represented using  
a bag-of-visual-words (BoVW) [10]–[11], vector of locally 
aggregated descriptors (VLAD) [12], or Fisher vector (FV) 
[13] by aggregating a densely sampled scale-invariant feature 
transform (SIFT) [14]. Finally, retrieval is conducted using 
indexed structures.  

Many methods have been proposed to further improve 
retrieval accuracy. In [1], a retrieval database was expanded 
using rectified frontal images, and a global positioning system 
(GPS)-aware retrieval structure was incorporated. In [8], a 
synthesis of virtual views with compact VLAD encoding of a 
dense SIFT was introduced to effectively cope with large 
viewpoint changes. In this case, however, the number of 
retrieval database images was increased almost nine-fold using 
synthesized views. In [9], a convolutional-neural-network 
architecture that enables end-to-end learning for visual place 
recognition was proposed. The parameter of this architecture 
was learned from Google Street-View images depicting the 
same place over time. 

In addition, several approaches have targeted specific tasks  
in visual place recognition, such as coping with repetitive 
structures on building facades [2], detecting and removing 
confusing features [3], and selecting informative features [4]–[7]. 
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Fig. 1. Examples of images depicting the same building with
changes in appearance and surrounding objects.  

 
However, most of the above methods require place-specific 

learning, database expansion, or time-consuming computations, 
such as querying each database image to identify confusing or 
informative features that are not sufficiently scalable and are 
thus less practical. These methods are therefore not feasible to 
address dynamic database changes, such as adding new 
buildings or deleting obsolete buildings, on account of building 
appearance changes (Fig. 1). Moreover, previous approaches 
have focused on street-level place recognition.  

In this work, we propose a practical building-level place 
recognition method to provide building-specific information to 
visitors. To achieve this objective, the following requirements 
are considered: 
1) High accuracy with low computational complexity. The 
overall retrieval stage should be conducted at a low 
computational cost with reasonable accuracy. In this study, we 
strived to complete all system processing in approximately 1 s 
with greater than 80% accuracy. 
2) Genericity, scalability, and flexibility. The system should be 
generic and scalable by not involving place-specific learning, 
database expansion, and time-consuming computations 
between database images. In addition, the system should be 
flexible to deal with dynamic database changes. 
3) Fine granularity (building-level recognition). The degree of 
granularity is dependent on the application scenario. In the 
scenario considered in this study, a visitor seeks information 
about a building by querying an image depicting it. In this case, 
the query image contains a single dominant building. We thus 
consider building-level recognition. 

To fulfill the above requirements, the proposed system was 
designed as follows. We constructed database images and 
associated building identification (ID) mask images from 
street-view panoramas and a prebuilt three-dimensional (3D) 
model of the area, including all buildings in the district. The 
building ID mask image provides a spatial layout of the image; 
that is, the building ID mask identifies the listed buildings and 
their locations in the image. The building ID mask can be used 
to clarify which building in a retrieved image matches the 
queried building.  

To obtain the building ID mask image, a 3D model of the 
place and manual alignment are required. However, 3D models 

are usually prebuilt for commercial street-view services by 
online map service companies. Manual alignment can be 
significantly reduced using current mobile mapping devices 
with high positional mapping accuracy.  

A reference images generated from street-view panoramas 
usually depicts both multiple buildings and confusing regions, 
such as roads, vehicles, pedestrians, vegetation, and sky, as 
shown in Fig. 1. Furthermore, very small buildings and 
features from confusing regions in reference images do not 
contribute to a correct match with a query that depicts the 
building. These reference images may degrade the retrieval 
accuracy from false matching with irrelevant queries.  

To address the above problems and achieve high accuracy 
with low computational complexity, we refined the reference 
database based on a building-ID mask by selecting informative 
images and a limited number of informative keypoints on each 
selected image. 

This process is individually applied to each reference image 
based on its associated building ID mask. Accordingly, the 
reference database can be easily updated without place-specific 
learning and time-consuming computations between the 
database images, which are burdens in practical applications. 
To further improve the computational efficiency and retrieval 
accuracy, the GPS-aware retrieval structure is incorporated, 
which makes the system scalable. 

The remainder of the paper is organized as follows.    
Section II describes our database construction process. In Section 
III, the proposed system is presented. Experimental results are 
provided in Section IV. We conclude the paper in Section V. 

II. Dataset Construction 

We constructed a dataset for the Garosu-gil district in Seoul, 
South Korea. The district is one of the most renowned visitor 
sites in Seoul. The dataset was comprised of 38,700 reference 
images and associated building ID mask images. Street-view 
panoramas and a prebuilt 3D Garosu-gil model—required for 
the dataset construction—were provided using a Daum map 
[15], which is similar to a Google map. The dataset was 
constructed for the region shown in Fig. 2. 

1. Reference Images from Street-View Panoramas 

For the Garosu-gil district, 1,075 spherical panoramas were 
captured within an area of 0.26 km2. Its resolution and field of 
view (FOV) were 8,000 × 4,000, and 360° × 180°, respectively. 

We followed a similar approach to the ones in [1], [2], [7], 
and [8]. Specifically, 36 perspective images with combinations 
of three pitch angles of {0°, 20°, 40°} and 12 yaw angles of 
{0°, 30°, 60°, … , 330°} were generated from each panorama, 
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Fig. 2. Dataset constructed for the Seoul Garosu-gil district (blue 
circles: reference image locations; red circles: locations of 
queries). 

 

 

Fig. 3. Perspective image generation with three pitch and 12 yaw
angles. 

Perspective
image generation 

 
as shown in Fig. 3. This produced a total of 38,700 reference 
images (1,075 panoramas × 36 views). The resolution and 
horizontal FOV of each perspective image was 640 × 640 and 
60°, respectively. 

2. Building ID Mask Generation 

A perspective image generated from a panorama image 
usually depicts multiple buildings, as shown in Fig. 4(b). In our 
building-level place recognition scheme, however, ambiguity 
arises in determining which building was matched with a query 
in a retrieved image when multiple buildings are present. To 
avoid this ambiguity, we introduce a building ID mask image 
associated with each perspective image to provide the spatial 
layout of the buildings. For each building region, a non-zero 
unique ID is assigned at the pixel level. 

A building ID mask image is generated using a prebuilt 3D 
model of the place and manual alignment. The procedure to 
create a building ID mask is summarized below. 
1) Using their initial positions and attitudes (roll, pitch, and 
yaw), the panorama images are placed in the 3D model of the 
Garosu-gil district. 
2) Based on a visual inspection, the position and attitudes of  

 

Fig. 4. (a) Geo-registration tool for building ID mask generation
and (b) example of a reference image and associated 
building ID mask. 

(a) (b) 

 

 

Fig. 5. Query images of the same building with large viewpoint 
changes. 

  

 
 
each panorama image are manually adjusted so the building 
mesh is properly overlaid with the corresponding panorama 
image. The geo-registration tool developed for Step 2 is shown 
in Fig. 4(a). The manual alignment can be reduced using recent 
mobile mapping devices with high position-mapping accuracy. 
3) For each panorama image, a ray up to 200-m long is cast 
from the image center to each pixel. 
4) Once the casted ray hits a building in the 3D model, the 
corresponding unique building ID for each building is assigned 
to the building ID layer, which has the same dimension as the 
panorama image. 
5) The same perspective image generation scheme is applied 
to the building ID layer so the generated building ID masks 
cover the identical area of the reference images. 

An example of a building ID mask and corresponding 
reference image are shown in Fig. 4(b). There are three 
buildings in this image. For each building, a different building 
ID is assigned and represented with different colors in the 
building ID mask. This building ID mask is used in the 
proposed method for informative image and keypoint selection 
to improve retrieval accuracy and avoid matching ambiguity. 
The process is described in Section III. 

3. Query images 

We constructed a query dataset of 57 different buildings in 
the Garosu-gil district. The dataset contained 624 images 
captured by two different mobile devices from different 
viewpoints. In each query image, a single building was 
predominant. As shown in Fig. 5, the query dataset contained 
extreme viewpoint changes. For each query image, the ground 
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truth building ID was manually assigned, whereas the raw GPS 
data were obtained from a mobile device.   

III. Proposed Method 

The proposed building-level visual place recognition method 
for practical applications is fast and accurate. While previous 
approaches provide place-level information, the proposed 
method provides building-level information with a low 
computational cost and high retrieval accuracy. This is 
achieved using the building ID mask and refinement of the 
reference database. The database refinement is accomplished 
using an informative reference image and keypoint selection 
with a GPS-aware retrieval structure. 

The proposed system is comprised of two key stages—an 
offline stage and an online stage—as presented in Fig. 6. In the 
offline stage, a retrieval database is created from the reference 
images. First, an informative reference image is selected using 
the proportion of the building region area that is based on the 
building ID mask. For each selected image, keypoints are 
detected using a Laplacian-of-Gaussian (LoG) method. A 
limited number of keypoints are selected using a building ID 
mask and relevance measures according to the statistically 
learned model [16]. For each selected keypoint, the upright 
SIFT feature [14], which is highly discriminative in visual 
place recognition [1], [8], is extracted. The feature is then 
encoded in a compact descriptor to generate the reference 
database.  

In the online stage, a query descriptor is extracted using the 
same procedure without a building ID mask. The retrieval is 
then performed using GPS information of the query image.  

In the proposed system, we employ the compact descriptor 
for visual search (CDVS) [17] framework for the descriptor 
extraction and retrieval structure. CDVS is the standard for  
 

 

 

 

Fig. 6. Proposed visual place recognition pipeline. 
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compact descriptor extraction and provides an efficient 
retrieval structure. Details of CDVS are provided in   
Section IV. 

In the following sub-sections, the informative reference 
image selection, keypoint selection, and search strategy 
processes are described. 

1. Informative Reference Image Selection 

In this section, we overview the informative reference image 
selection process, which determines whether a reference image 
is informative (potentially contributes to a correct match).  

When manually verifying the correctly retrieved results in 
our experiments, it was observed that a building depicted in a 
query image occupied a large proportion (more than 25%) of 
the retrieved image in most cases. The proportion (in terms of 
area) of the particular building in an image was measured using 
a building ID mask as follows. 
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where bi is the unique building ID of the ith building, and W 
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is a function that verifies whether a pixel at (x, y) in the building 
ID mask image, B, belongs to a particular building region.  

Based on the above observation, we assumed that an image 
is informative as a reference database when the maximum of 
any building ID area ratio (computed by (1)) is greater than a 
predefined threshold. That is, an image is not informative when 
all buildings are depicted as being small. This can be 
formulated through the following equation: 

max ( ) ,
i r

i
b B

P b 


                 (3) 

where Br, bi, and τ are the whole set of buildings depicted in a 
reference image, the unique building ID of the ith building, and 
the threshold parameter, respectively.  

Only the reference image satisfying (3) proceeds to the next 
feature extraction stage; otherwise, it is discarded. When τ is set 
to 0.25, approximately 25% of all 38,700 reference images 
(9,859 images) are removed. Examples of the discarded 
reference images are illustrated in Fig. 7. All of the examples 
are cluttered with too many buildings, roads, and vehicles. 

By refining the database images prior to the feature extraction 
stage, we not only reduced the size of the reference database 
and computational complexity for the feature extraction, but 
we also improved the retrieval accuracy and speed. This 
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Fig. 7. (a) Example of a discarded image by informative image
selection, (b) its corresponding building ID mask, and (c–
d) other examples. 

Max ratio = 0.20 Max ratio = 0.044 Max ratio = 0.095

(a) (b) (c) (d) 

 
 
finding is verified in Section IV. 

2. Informative Keypoint Selection 

After reducing the reference images using the building ID 
mask, a limited number of keypoints are selected to reduce the 
computational cost in the feature extraction and local descriptor 
matching. 

It should be noted that Francini and others [16] proposed a 
relevance-based keypoint selection method. It estimates the 
conditional probability of a correct match as a function of four 
keypoint characteristics (scale, orientation, detector peak 
response, and distance from the image center). The keypoint 
relevance is computed by multiplying the four conditional 
probabilities.  

Based on that work, we redesigned the informative keypoint 
selection method using only its peak and scale, as well as 
information based on the building ID mask. In our method, we 
do not consider the orientation and distance from the center 
because: (1) the upright SIFT, which is used in our feature 
extraction, does not compute a dominant keypoint orientation, 
and, (2) as reported in [18], keypoint selection regarding 
distance from the center removes informative keypoints, when 
the buildings are not at the image center. Thus, we train the 
conditional probability functions of a correct match according 
to the quantized value of the peak and scale of a scale-
normalized LoG detector using different datasets [19]–[22], as 
shown in Fig. 8. This means that a keypoint with a high peak 
value or middle range on the scale has a high probability of 
being a correct match. 

In the following sub-section, we describe the proposed 
keypoint selection method for a query and reference image, 
respectively. By selecting a limited number of informative 
keypoints prior to feature extraction, the computational 
complexity for the feature extraction and local matching, as 
well as the reference database size, can be further reduced. 

A. Reference Keypoint Selection 

As mentioned above, a reference image generated from 
street-view panoramas is usually cluttered with multiple  

 

Fig. 8. Conditional probabilities of a correct match according to 
the quantized value of peak and scale of the LoG detector.
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Fig. 9. (a) Input image, (b) all keypoints, and 300 keypoints 
selected using (c) peak (P), scale (S), and distance from 
the center, (d) PS (peak and scale), and (e)–(f) building 
ID mask. 

(a) (b) (c) 

(d) (e) (f) 

 
buildings and confusing regions, making it difficult to 
recognize a particular building. With the keypoint selection 
method based on its characteristics (peak, scale), irrelevant 
keypoints from confusing regions may be selected instead of 
informative keypoints from buildings, as shown in Figs. 9(c) 
and 9(d). This causes retrieval accuracy degradation. 

To address the above problem, we present the keypoint 
selection method for a reference image based on both the 
building ID mask, and the peak and scale of the keypoint.  

For a reference image, its associated building ID mask is 
available in the proposed method. Using these strong spatial 
priors, irrelevant keypoints from confusing regions can be 
effectively filtered, as shown in Figs. 9(e) and 9(f). However, a 
building ID mask has errors. This can result in a loss of 
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informative keypoints, as shown in Fig. 10.  
To alleviate this issue, we consider the N × N neighboring 

pixels in the building ID mask. That is, if any neighboring pixel 
around the keypoint has the building ID, the keypoint is 
assumed to belong to the building region. The relevance of 
keypoint k, r(k), is computed by multiplying the building ID 
mask factor and conditional probabilities of the peak and scale 
as follows: 

r(k ) = c(pk) c(sk) bN(lk),                (4) 

where p, s, and l are the peak, scale, and location (x, y 
coordinate) of the keypoint, respectively. In addition, c(z) is the 
conditional probability of a correct match corresponding to the 
characteristic of keypoint, z.  

As shown in Fig. 8, we obtained the conditional probability 
functions of a correct match according to the quantized value 
of the keypoint peak and scale. Given z, scalar quantizer Q 
identifies the closest quantized value in Fig. 8, and the 
corresponding probability of a correct match is obtained.  

 ( )  correct match | ( ) .c z P Q z          (5) 

Here, bN(∙) is a binary step function that indicates whether any 
neighboring pixels in the N × N block around the keypoint 
belong to the building region. 

bN(x, y) = 
   

    

1, ( , ) 0,

0, otherwise,

x N i x N

y N j y N

B i j
   
   

 






          (6) 

where B is the building ID mask image. 
By assigning a relevance to each keypoint using (4), and 

sorting them in descending order, the target numbers of the 
keypoints with a high relevance are finally selected for the 
reference image. 

B. Reference Keypoint Selection for Each Building 

Irrelevant keypoints from confusing regions can be 
effectively filtered for a reference image using the scheme 
introduced in the previous section. However, keypoints that do 
not contribute to a correct match remain, even when they are 
derived from the building regions. For example, only a small 
part of the building was captured (rightmost building in    
Fig. 10), or the whole building was depicted as too small in the 
reference image. Meanwhile, although a single descriptor can 
represent multiple buildings of an image, a detailed description 
for each building is not available. Thus, ambiguity arises in  
the local matching, which causes a many-to-one matching 
problem when a query image contains a single building. 

To resolve this issue, we propose another keypoint selection 
method that selects keypoints and extracts a separate descriptor 
for each building, respectively, which has a large proportion  

 

Fig. 10. (a) Input image depicting multiple buildings, (b) without 
and with keypoint selection with (c) N = 1 and (d) N = 
30, and keypoint selection for each (e) left and (f) right 
building with N = 30. 

(a) (b) (c) 

(d) (e) (f) 

 
(more than 25%) in the reference image. In this case, multiple 
descriptors can be extracted from the reference image, as 
shown in Figs. 10(e) and 10(f). In our dataset, up to three 
descriptors (one to two on average) were extracted from the 
reference image. 

Using this approach, we can filter non-informative keypoints 
from the building regions and provide a detailed description for 
each building. In addition, descriptor matching is reduced  
from a many-to-one to a one-to-one problem. This removes 
matching ambiguity and fulfills the “fine granularity” 
requirement, which is described in Section I. 

C. Query Keypoint Selection 

In contrast to the reference image, the associated building ID 
mask is not available for a query image. Thus, the features are 
selected based only on the peak and scale of the keypoint. 

3. Search Range Reduction Using GPS Information 

In large-scale visual place recognition, it is very effective to 
filter unnecessary images, even though the GPS location of the 
query image has a low accuracy. This results in improved 
retrieval accuracy. 

Chen and others [1] proposed a GPS-aware retrieval method 
that scores all database images using a vocabulary tree. It 
excludes the distant images from the query GPS prior to a 
geometric consistency check. Based on that work, we 
incorporate a GPS-aware retrieval method into the proposed 
method. When the GPS location of a query is available, the 
database images within an R × R square block are matched to a 
query image. The square block is shown in Fig. 11 (for 
indexing efficiency, a square block is used instead of a circle). 
Because we follow the CDVS framework, and our database is 
linearly stacked with descriptors and GPS locations, the GPS-
aware retrieval structure can be efficiently implemented with 
an arbitrary value of R by simply indexing the database images 
that are within the R × R square block around the query  
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Fig. 11. Examples of search range reduction using the query GPS
location: (a) R = 60 m and (b) R = 150 m. 
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position. We then perform a match among these selected 
images. In our experiments, this indexing required only 7.3 ms 
with R = 200 m for 38,700 reference images. 

If the GPS location of a query is not available, or none of the 
database images is near the query position, all database images 
are matched to a query. 

An example of a GPS-aware retrieval structure with       
R = 60 m and 150 m is illustrated in Fig. 11. For a given query 
GPS (red x), the database images (green circles) within an    
R × R square block (red rectangle) are compared during the 
retrieval. By limiting the number of database images to be 
matched using a query GPS, both the retrieval accuracy and 
speed were improved. This finding is verified in Section IV. 

IV. Experimental Results 

In this section, we describe the evaluation of the proposed 
method on the Garosu-gil dataset. The implementation 
details, evaluation measures, and analysis results are 
presented below. 

1. Implementation Details 

For both query and reference images, up to 300 keypoints 
with a high relevance were selected for computational 
efficiency to extract the upright SIFT features. To further speed 
up the SIFT extraction, a partial gradient computation [23] was 
used. To encode a compact descriptor from the upright SIFT, 
we followed the CDVS Test Model 8.0 framework [24] (Test 
Model 14.0 [25] is the final version).  

The CDVS framework extracts a compact descriptor 

consisting of global and local descriptors, and it creates a 
reference database by linearly stacking these descriptors. The 
retrieval is conducted in two steps. First, a shortlist of the top-
matched images is generated based on the global descriptor 
matching. Second, the images in the shortlist are re-ranked by 
local descriptor matching using the Hamming distance and by 
checking the geometrical consistency using the distance ratio 
coherence (DISTRAT) [26]. The extraction procedure of 
CDVS global and local descriptors is summarized below. 
1) Global descriptor: The SIFT features are aggregated into a 
binary global descriptor, specifically a scalable compressed 
Fisher vector (SCFV) [27]. SCFV is based on the FV [13] and 
uses a 1-bit scalar quantizer to binarize the FV. In the CDVS 
Test model 8.0 [24], a Gaussian mixture model with 128 
Gaussian components is used to aggregate the local descriptors.  
2) Local descriptor: To increase the discriminability,      
128-dimensional (D) SIFT features are transformed by 
predefined sets of linear transform functions [17]. Ternary 
scalar quantization and variable length coding are then applied 
to generate binary local descriptors. According to the target 
descriptor length, all or a subset of the descriptor elements are 
encoded to the local descriptor. In the retrieval stage, 40D 
among 128D transformed descriptor elements are used.  

In the following experiments, we set the size of the shortlist, 
produced through global matching, to 1,500. After re-ranking 
the shortlist, the top-five results were used to measure the 
accuracy. 

The proposed method was examined using various values 
for the following two parameters: informative image selection 
parameter τ, and radius R in the GPS-aware retrieval structure. 

2. Evaluation Measure 

In related works [2], [4], [8], [9], the query image is assumed 
to be correctly localized if one of the top K retrieved images is 
within d = 25 m from its ground truth location. Moreover, the 
percentage of correctly localized queries (recall) according to 
the top K candidates is a general evaluation measure from the 
literature. However, this is a relatively rough measure for 
practical applications that must provide information on the 
queried building. This is because there were several buildings 
within a radius of 25 m, which produced ambiguity in the 
matching of the retrieved image.  

In our Garosu-gil dataset, there were more than nine 
buildings on average. In addition, there were up to 17 buildings 
within a radius of 25 m from each location where the 
panoramic image was captured, even when we counted only 
those buildings whose building ID area ratios (computed using 
(1) from an average of 374 nearby images) were greater than 
0.25.  
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For an accurate evaluation, we generated the ground-truth list 
for each of the 57 different buildings in the query dataset. 
Using the building ID of the query, a set of database images in 
which the proportion of the queried buildings in the image was 
over 25% were listed on the ground-truth list. 

Based on this ground-truth list, we used a very strict 
evaluation measure: the percentage of query images (recall) 
when one of the top K retrieved images was found on the 
ground-truth list. Three different values of K were used (1, 3, 
and 5), which is meaningful in practical applications.  

3. Performance Analysis 

We conducted the following experiments to examine the 
various components of the proposed method. The average 
query descriptor extraction time and retrieval time per query 
image were measured using an i7-2600 @ 3.4-GHz personal 
computer on 50 randomly selected query images.  

A. GPS-Aware Retrieval Structure with Re-ranking Strategy 

First, we examined the GPS-aware retrieval structure to 
determine the radius values in the search range, R, for the 
remaining experiments. In this experiment, the whole dataset 
was used for the database images without refinement through 
informative image selection. The keypoints were selected using 
the peak and scale for both the query and reference. We 
measured the average number of compared database images 
for each query, the retrieval accuracy, and the speed according 
to different values of R. 

To ensure that the ground-truth images for given a query 
always exist within R, we measured the GPS errors of the 
query images by computing the Euclidean distances between 
the query GPS location (red x in Fig. 11) and the location of 
each ground-truth database image (blue circles in Fig. 11). For 
each query, we obtained the mean and maximum GPS errors. 
The mean values of the mean and maximum GPS errors over 
the 384 images in the query subset were 33.8 m and 57.22 m, 
respectively.  

From this result, four different values for R were tested (60 m, 
100 m, 150 m, and 200 m). These values were greater than  
the mean of the maximum GPS errors. In addition, the 
performances were measured without the GPS locations of 
query images, whereby all database images were compared. 
For retrieval accuracy and speed, we compared the shortlist re-
ranking strategy described in Section IV and a linear search in 
which exhaustive local matching was performed on all images 
within the search range without global matching. 

As shown in Fig. 12 and Table 1, the retrieval accuracy and 
speed were improved with a smaller R by limiting the 
number of images to be compared. In the linear search, the  

Fig. 12. Comparison of retrieval accuracy in the GPS-aware 
retrieval structure. 
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Table 1. Computational complexity comparison in the GPS-aware 

retrieval structure. 

  Average # of 
compared images

Retrieval time in 

re-ranking search (s) 

Retrieval time

in linear search (s)

R = 60 m 2,248.3 1.152 2.041 

R = 100 m 5,769.2 1.168 5.116 

R = 150 m 10,719.6 1.173 9.675 

R = 200 m 15,983.4 1.185 14.31 

Without GPS 38,700.0 (all) 1.233 34.081 

 

 

Fig. 13. Performance comparison of informative reference image 
selection. 
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retrieval time linearly increased based on the average number 
of compared images according to R. On the other hand, by 
virtue of the re-ranking strategy and efficient matching of the 
binary global descriptor, the retrieval time remained nearly 
constant with a varying R. Based on this result, the re-ranking 
strategy and R = 60 m were used in the remaining 
experiments. 

B. Informative Reference Image Selection 

We examined the informative reference image selection by  
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Table 2. Computational complexity comparisons for informative 
reference image selection. 

 
# of descriptors in 
refined database 

% of removed 
images 

Average retrieval 
time (s)  

τ = 0.15 34,713 10.3 1.148 

τ = 0.20 31,968 17.4 1.139 

τ = 0.25 28,841 25.5 1.124 

B(Building)-ID per 
building (τ = 0.25) 

31,880 25.5 1.137 

 

measuring the retrieval accuracy, speed, and number of refined 
database images with values of τ (threshold parameter) of 0.15, 
0.2, and 0.25. In this experiment, keypoints were selected using 
the peak and scale for both the query and reference. The results 
are shown in Fig. 13 and Table 2. 

The retrieval accuracy was improved with a larger τ in all 
cases. The gain in the informative image selection was up to 
3.4%. This was achieved by removing irrelevant images that 
caused false matches. As shown in Table 2, with τ = 0.25, 
approximately 25% of the database images were removed,  
and fewer descriptors were extracted, which reduced the 
computational burden. Based on this result, τ = 0.25 was used 
in the remaining experiments. 

C. Keypoint Selection 

While the keypoints in the query image were selected using 
their peak and scale (PS), the following four different reference 
keypoint selection schemes were compared in this experiment: 
(1) the same method as a query, (2) the method using a 
building ID mask and PS (Section III), and (3) the per-building 
selection (Section III), which were denoted as PS, B-ID, and B-
ID per building, respectively. For the B-ID related method,  
the size of neighboring windows, N, was set to 30 based on 
empirical experiments.  

Moreover, four additional methods were compared.  
All: All keypoints are used to extract the descriptor for both 

the query and reference. 
Dense VLAD: Dense RootSIFT [28] + VLAD encoding 
Dense VLAD + PCA (principal component analysis) (+ 

whitening and L2-normalization [29]). This is one of the 
state-of-the-art method. The extraction and matching 
procedures follow that in [8]. 

B-ID per building++: It is the same as B-ID per building 
except that a local descriptor of 128D instead of 40D is used. 
The average number of keypoints in the query descriptor is 
650.  
For all of the methods, a refined database with τ = 0.25 and a 

GPS-aware retrieval structure with R = 60 m were used. 
The results are shown in Fig. 14 and Table 3. Although the  

 

Fig. 14. Performance comparison of different keypoint selection 
methods. 
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Table 3. Computational complexity comparisons for different 

keypoint selection methods. 

 
Average # of 

keypoints in each 
reference descriptor 

Query descriptor 
extraction time (s)

Retrieval 
time (s) 

All 985.3 0.169 19.940 

PS 300 0.106 1.124 

B-ID, N = 1 299.81 0.106 1.124 

B-ID, N = 30 299.98 0.106 1.125 

B-ID per building 298 0.106 1.137 

B-ID per building++ 298 0.138 7.050 

Dense VLAD 378,238 2.553 2.920 

Dense VLAD+PCA 378,238 2.561 2.003 

 

VLAD-related methods and B-ID per building++ achieved a 
higher accuracy, the query descriptor extraction time and 
retrieval time were not feasible to real-time applications. In 
addition, for the 640 × 640 reference image, VLAD used more 
than 1,260 times as many keypoints compared to our methods. 
Our best method, B-ID per building, achieved a recall of the  
top 5 of 85.6% within 1.25 s of the whole processing time. This 
result shows that the proposed method significantly reduced the 
computational cost while maintaining high retrieval accuracy. 

In a comparison of keypoint selection methods, the B-ID 
method outperformed the PS method. The gain of B-ID 
compared to PS was up to 2.7%. This is because irrelevant 
features from the background and confusing regions were 
effectively removed based on the building-ID mask. The B-ID 
per building method achieved a further improvement. The  
gain compared to PS and B-ID was up to 5.8% and 3.7%, 
respectively. This is because non-informative keypoints from 
the building regions were effectively filtered and a detailed 
description for each building was provided. For B-ID per 
building method, approximately 3,000 more descriptors were 
produced through the per-building-descriptor extraction 
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method compared to the other methods. 
The B-ID related methods showed a better or similar result 

in terms of recall of the top three and recall of the top five over 
the “All” keypoints case. Although more than three times as 
many keypoints on average were used in the “All” case to 
extract the descriptor, the B-ID related methods achieved better 
results. This can be explained as follows. With R = 60 m, 
approximately 2,000 images were compared in the retrieval. In 
this case, the use of 300 keypoints that were carefully selected 
from each building region were more discriminative than   
the “All” keypoints case, which included non-informative 
keypoints. Despite the efficient re-ranking strategy, the average 
retrieval time in the “All” case was approximately 20 s, which 
is not feasible for practical applications. 

V. Conclusions  

In this paper, a fast and accurate building-level visual place 
recognition method using street-view images was proposed. 
From the street-view panoramas and pre-built 3D models of 
the Garosu-Gil district in Seoul, reference images and their 
associated building ID masks were constructed.  

Considering their practical applications, several methods 
were presented to improve the retrieval accuracy and 
computational complexity. Database refinement was proposed 
to remove non-informative reference images prior to feature 
extraction. This improved not only the retrieval accuracy, but 
also the computational complexity in both feature extraction 
and retrieval by reducing the number of database images.  

In addition, reference image keypoint selection was 
proposed to select relevant features in building regions rather 
than irrelevant features from confusing regions. A GPS-aware 
retrieval structure enables efficient and accurate retrieval by 
limiting the number of images to be compared. The proposed 
method can be generically adopted for other methods based on 
BoVW, VLAD, and FV when a building ID mask image is 
available. 

The proposed method was evaluated from experiments on 
our constructed Garosu-gil dataset. The proposed method 
achieved a recall rate of approximately 86% in the top-five 
candidates in the full processing time of 1.25 s on a single PC. 
This result is reasonable for practical applications. 

Based on the proposed method, we developed a visual place 
recognition application for mobile devices, as shown in Fig. 15. 
It provides information associated with the queried building, 
such as a restaurant menu and reviews.  

In future work, we will develop a generic confusing-region 
detection method to automatically distinguish confusing 
regions from building regions. Additionally, we will further 
improve the informative image and keypoint selection and  

 

Fig. 15. Developed building-level visual place recognition
application for a mobile device: (a) queried restaurant,
(b) top-five retrieved results, and (c)–(d) information
associated with the queried restaurant. 

(a) (b) (c) (d) 

 
 
extend our dataset to validate the method scalability. 
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