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Abstract—In this paper, we are devoted to solving the
problem of crossing surveillance and mobile phone visual location recognition, especially for the case that the query and
reference images are captured by mobile phone and surveillance camera, respectively. Besides, we also study the influence
of the environmental condition variations on this problem.
To explore that problem, we first build a cross-device location recognition dataset, which includes images of 22 locations
taken by mobile phones and surveillance cameras under different time and weather conditions. Then based on careful
analysis of the problems existing in the data, we specifically design a method which unifies an unsupervised subspace
alignment method and the semi-supervised Laplacian support
vector machine. Experiments are performed on our dataset.
Compared with several related methods, our method shows to
be more efficient on the problem of crossing surveillance and
mobile phone visual location recognition. Furthermore, the influence of several factors such as feature, time, and weather is
studied.
Index Terms—Cross-device (C-D) recognition, semi-supervised
learning, visual localization.

I. I NTRODUCTION
OBILE visual location recognition [1]–[7] is a challenging task in computer vision that has attracted much
attention in recent years. It is particularly useful for indoor
localization or in the environment where global positioning
system signal is unavailable. In order to improve the location retrieval efficiency, most work (see [8]–[16]) is devoted
to designing a better image representation. In addition, there
are also some interesting extensive researches on visual localization, such as location recognition based on architectural
style [17], mountain contour [18], [19], the sun position and
sky appearance [20], 3-D overhead imagery [21], satellite
imagery [22], etc.
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The basic idea of the above mentioned visual location recognition methods is to take a photo of a location and query
the database of reference images. The result is given by the
location corresponding to the best matched image. Thus, the
performance of these methods critically depends on the coverage of the candidate locations, and a considerable number of
labeled images are necessary for high recognition accuracy.
However, due to the use of special data collection equipments (e.g., Street View vehicles), they have to spend a lot
of time and money on building the reference dataset. Besides,
it is notable that they ignore the influence from environmental
variation on visual localization.
Since surveillance cameras spread almost everywhere nowadays, we utilize these devices for reference images collection,
which is economical and convenient by connecting to the
surveillance system. Accordingly, we propose a new mobile
visual location recognition method based on the indoor and
outdoor surveillance network. Taking the indoor scene localization as an example, our cross-device (C-D) localization
strategy is presented in Fig. 1. When a photo taken by a
mobile phone at some place is queried, the location is identified by finding out which surveillance camera covers that
place. Such a location recognition process can be solved as
a classification problem, where the classifier is trained using
the surveillance images that are automatically labeled with the
location of surveillance cameras. Then the location of a query
mobile image is given by the classifier taking that image as
a test sample. Moreover, as we know, environmental condition is an important factor for image recognition. However,
previous visual localization methods pay little attention to the
influence on performance caused by environmental condition
variations. In this paper, we take the time and weather factors into account, and study their influence on visual location
recognition.
Compared to most existing methods that work on a global
environment (e.g., landmark buildings of a city) based visual
location recognition, we currently focus on more detailed
visual location recognition in some local areas (e.g., a few
locations inside a building or residential community) which
are inconvenient for the street view vehicles to drive in. Thus,
our work can be regarded as a complement to the city-scale
visual location recognition based on street view images and
we will adapt it for larger scale in the future work. At present,
our work would be helpful for the police or state security services identifying where an uploaded (e.g., Facebook) image
was captured. In the near future, we believe that there would
be more public available surveillance cameras. Then, our work
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Fig. 1. Illustration of our strategy for mobile visual location recognition. The pink shadow represents the visible region of a surveillance camera. Some
example images from two of the scenes are shown under the sketch, which are captured by surveillance cameras (first row) and mobile phone (second row),
respectively. Images inside one rounded rectangle are captured at the same scene.

would be useful in many fields due to its economy and convenience, for example, mobile navigation in a shopping mall,
mobile scenic spots introduction, and so on.
Since there is no dataset currently available for location
recognition across surveillance and mobile phone cameras
with influence from time and weather variation, in this paper,
we construct a dataset that consists of images collected from
surveillance videos and photos taken by mobile phone cameras at some selected places. It is notable that this dataset is far
beyond a localization dataset, and it can be also used to evaluate general C-D scene classification algorithms. Furthermore,
the samples are captured under different time and weather conditions, and thus it is also useful for researchers in the area of
multidomain learning.
Then we propose a method for visual location recognition
across surveillance and mobile cameras based on careful analysis. We find out that the location recognition performance is
usually poor by directly training the classifier using surveillance images. To achieve a high recognition accuracy, there
are two main problems to solve. On one hand, there exists
obvious discrepancy (e.g., resolution, viewpoint, illumination,
etc.) between the images acquired by surveillance cameras and
mobile phones as shown in Fig. 1, which will degrade the classification accuracy. On the other hand, due to the immobility of
surveillance cameras, few differences exist between the photos
taken by the same surveillance camera except a bit of illumination variation as shown in Fig. 1, and thus the variety of
labeled training samples for each location is extremely low.
As a result, the classifier learned from surveillance images is
incapable of representing the variety of the mobile images,
which seriously deteriorates the location recognition accuracy
on mobile images.
In this paper, we take advantages of machine learning to solve these problems. For the first problem about
the discrepancy between images from different devices and
different environmental conditions, we apply a subspace

based unsupervised domain adaptation (DA) method to the
data so that the labeled surveillance images and queried
mobile images are aligned in a unified domain, which can
thus improve the classification accuracy. For the second
problem about the low variety of labeled training samples, we adopt the semi-supervised Laplacian support vector
machine (LapSVM) [23] which naturally utilizes the unlabeled
samples to learn a more accurate classifier by discovering the intrinsic structure of data. In this way, the variety
of unlabeled mobile samples is well incorporated into that
classifier.
The proposed method is evaluated on our dataset and the
results prove its effectiveness. The main contributions of this
paper are as follows.
1) We build an image dataset for location recognition
across surveillance and mobile phone cameras which
also takes the time and weather variation into account.
2) We introduce a subspace projection-based domain adaption method and the LapSVM for the problems of our
C-D visual location recognition.
3) We study the influence of time and weather on the
performance of visual location recognition.
This paper is an extension of our conference paper [7], and
they differ in the following aspects. First, in this paper we
build a dataset consisting of images captured from 10 indoor
and 12 outdoor locations under different time and weather conditions, while the data for evaluation in the conference version
was collected from only six indoor locations under the same
time and weather condition. Second, we use a new projection
strategy in the DA method to reduce the discrepancy between
images from different devices in this paper, which is shown to
be more efficient than the one used in the conference version.
Third, we put much effort on studying the influence of time
and weather conditions on combining surveillance and mobile
cameras visual location recognition, which is not involved
in the conference paper. Moreover, the convolutional neural
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network (CNN)-based feature is newly introduced in this paper
to represent the image.
The rest of this paper is organized as follows. We discuss
related work in Section II first. Then in Section III, we detail
how the C-D database is created. Section IV is devoted to the
presentation of our location recognition method. After that,
Section V presents the experimental setting and results for
indoor C-D localization, while Section VI gives the results of
some extension experiments for outdoor visual localization.
Finally, this paper is concluded in Section VII.
II. R ELATED W ORK
In this paper, we unify a subspace-based DA method and
the semi-supervised LapSVM for visual localization across
surveillance and mobile phone cameras. We briefly review the
relevant work below.
A. Visual Localization
Most of the existing visual location recognition methods (see [4], [8]–[16], [18], [24]–[28]) are based on image
retrieval, while a few studies (see [17], [29], [30]) cast the
visual localization problem as an image classification task.
They all focus on visual location recognition for a global environment, such as buildings on both sides of the street in a city,
symbol architecture in the world, and so on. Their reference
images are mostly extracted from Google Maps Street View
or some similar datasets, which are collected using a special mapping vehicle composed of 360◦ panoramic camera,
light detection and ranging sensors and the global positioning system. In spite of its effectiveness, building this dataset
is expensive and time-consuming, which suffers from the
following drawbacks.
1) The expensive street view vehicles have to be driven
everywhere so that the reference images cover all the
candidate locations.
2) Since the environment is variational as showcases or
buildings may change over time and the appearance usually changes with seasons, dataset has to be updated
dynamically (e.g., update the database every hour or
every day), which is also an expensive and timeconsuming process.
Compared to the previous work which mostly studies location recognition in the scope of a city, this paper focuses on
more detailed (e.g., time, weather, and device factors) visual
location recognition in some local areas (e.g., a few locations
inside a building or residential community), which are inconvenient for the street view vehicles to drive in. Huitl et al. [31]
provided a useful database for indoor visual localization.
However, their reference images were collected using a special
equipment (a custom-built mapping trolley), which is also an
expensive and time-consuming process for building a database
that can be updated dynamically. We consider exploiting the
existing surveillance cameras to collect the reference images
for the locations inside a building or residential community,
which benefits from the following advantages. First, surveillance cameras spread almost everywhere in the city and can
naturally provide reference images with adequate coverage of
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the candidate locations. We just need to connect to the surveillance system, and then reference images can be collected by
computer automatically. It is more economical and convenient.
Second, since the location of each surveillance camera is fixed
and known, the surveillance network indeed constructs a complete geographic coordinate system. The location information
can be obtained directly from the coordinate of surveillance
cameras and we do not need to spend time assigning the labels.
Finally, since a surveillance camera works during the whole
day, it can capture any variation of the environment. By connecting to the surveillance system, the database can be updated
dynamically, which is also economical and convenient.
B. Domain Adaptation
DA [32]–[36] has long been one of the challenging problems in computer vision. This problem typically arises when
training (source domain) and testing (target domain) samples
are drawn from different marginal probability distributions. In
visual recognition, this case is caused by the situation that
training and testing samples are acquired under different sets
of background, lighting, viewpoint, and resolution conditions.
In recent years, subspace-based DA has demonstrated a good
performance. In order to identify a latent subspace in which the
distributions of different domains would be close to each other,
Jiang et al. [37] converted the DA problem into a bi-object
optimization problem via the kernel method. Gong et al. [38]
and Cui et al. [39] sought to find intermediate subspaces that
embedded between the source and target domains in a lowdimension manifold, so as to capture the intrinsic domain shift
between the two domains. In contrast to paper [40] which minimizes the domain differences based on some labeled sample
pairs of different domains, Fernando et al. [41] proposed an
unsupervised subspace alignment-based DA (SADA) method,
which aims to learn a mapping function that aligns the source
subspace to the target one directly. Similarly, Liu et al. [33]
proposed a subspace which consists of aligned objects. In our
C-D based visual location recognition, the data discrepancy
(e.g., resolution, viewpoint, illumination, etc.) between images
from different devices and different environmental conditions
is viewed as a cross-domain problem. Thus, we propose a subspace projection-based domain adaption method to reduce the
discrepancy of data from different devices.
C. Semi-Supervised Learning Methods
Semi-supervised learning is a class of techniques that
make use of a small amount of labeled data and a large
amount of unlabeled data for training a robust model. It has
attracted considerable attention in recent years. Some cluster assumption-based methods mainly focus on looking for an
optimal separation boundary that lies in the low density region
of the data space, such as the transductive support vector
machines [42], semi-supervised support vector machines [43],
and weakly supervised latent category learning [44]. Recently,
some manifold assumption based methods [45], [46] mainly
consider the marginal distribution of data lying on a lowdimensional manifold embedded in a high-dimensional space,
which show great success. As the discrete approximation of
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Fig. 2. C-D dataset framework. The C-D dataset consists of two parts: outdoor and indoor. For every scene in the outdoor part, images from surveillance
and mobile phone cameras are collected at five different time points under three kinds of weather conditions: sunny, cloudy, and rainy. For indoor part, images
are collected in a similar way except that the weather conditions are ignored.

data manifold, the graph construction [47], [48] plays a crucial
role in these kinds of learning approaches. Many transductive semi-supervised learning algorithms [49]–[51] have been
proposed based on the graph construction and manifold preserving, but the model has to be retrained for each new test
sample. In our mobile location recognition problem, there
are only a few effectively labeled surveillance data due to
the extremely low variety, but a large amount of unlabeled
mobile query data with high variety. Since transductive semisupervised learning method retrains the classification model
for each query, it cannot meet the real-time requirement for
localization. In this paper, we focus on the LapSVM algorithm [23], [52], [53], which supports a natural out-of-sample
extension to novel examples and has proved to perform well
in many semi-supervised classification problems.
III. C ROSS -D EVICE DATASET
In this section, we detail the creation of our C-D dataset.1
The main purposes of building the C-D dataset are as follows.
1) To provide real data for research on visual location recognition across surveillance and mobile phone
cameras.
2) To explore the influence of the environmental factors
(such as time and weather) on the performance of C-D
localization.
Moreover, the data are organized according to the time and
weather conditions of samples, which can support researches
on cross-time or cross-weather scene recognition.
A. Building the Dataset
The appearance of some location is usually influenced by
various environmental factors, such as time, weather, etc. Thus
1 The C-D dataset is available at https://www.researchgate.net/profile/
Pengcheng_Liu11.

it is worthy to study the influence of such factors on visual
location recognition. However, at present, very little visual
localization dataset considers that influence when collecting
samples. To support the research on location recognition with
influence from environmental variation, we take the time and
weather conditions into account in our C-D dataset.
Because environmental conditions have different impacts on
outdoor scenes and indoor scenes, our C-D database is divided
into an outdoor part and an indoor part, as shown in Fig. 2.
The outdoor part is composed of three subsets according to
the weather when the samples are collected: sunny, cloudy,
and rainy.2 For every kind of weather, we collect data at five
different time points. The outdoor part contains samples from
12 outdoor scenes in our office park and the example images
of them taken by surveillance cameras are shown in Fig. 3. At
one time point and under each weather condition, we collect
about 150 surveillance images (extract one frame per 25 s
from a surveillance video) for one scene and capture about
100 images at the same scene using three mobile cameras.
Hence, a total of about 45k samples for outdoor scenes, and all
the images are resized to 640 × 480. Some outdoor example
images are shown in Fig. 4(a).
We perform the similar image collection procedure for
indoor part, as shown in Fig. 2. The only difference is that we
do not consider the weather condition which has little impact
on the indoor scenes. There are altogether ten indoor scenes,
the example images from ten indoor surveillance cameras are
shown in Fig. 3. Most of the indoor scenes are selected from
the areas covered by surveillance cameras shown in Fig. 1. We
collect about 12k images from surveillance and mobile cameras in these indoor scenes, and resize the image to 640 × 480
as well. Some examples are shown in Fig. 4(b).
2 The photos taken at a foggy day are rather similar to the ones taken at a
rainy day.
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Fig. 3.
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Outdoor and indoor scenes. The example images for 12 outdoor and 10 indoor scenes are collected from the corresponding surveillance cameras.

Fig. 4. Examples from outdoor and indoor. S means that images on the first row are collected from surveillance camera, and M means that images on the
second row are captured from mobile camera. Images in one rounded rectangle are collected from one scene at the same time point. Examples from one
(a) outdoor scene and (b) indoor scene.

As the examples shown in Fig. 4, the images captured
by one surveillance camera at the same time are similar to
each other. In contrast, for the same scene (images in one
rounded rectangle), images taken by mobile cameras are obviously different from the ones captured by surveillance cameras
due to the discrepancies of views, resolution, positions of
the cameras, etc. In addition, we capture images under the
lamplight during the night.
In our C-D dataset, the surveillance images and images
from mobile phones are all labeled with the location of the
scene. Moreover, the information about time, weather, and
mobile device number of each sample is also provided. This
is useful for some other interesting research, such as domain
discovery [54], [55], color inconsistency [56], [57], and so on.
B. Feature Extraction
In order to represent the image in our C-D dataset, we
provide three kinds of representative image features: GIST,
bag-of-visual-word (BOW), and CNNf.
1) GIST (Low-Level Feature): The GIST descriptor [58]
computes a wavelet image decomposition and models
a holistic representation of the location. We use the
Gabor-like filters with eight orientations and four scales.
As a result, each image is directly represented by a
512-D GIST feature.

2) BOW (Middle-Level Feature): The BOW [59] feature
is generated based on the scale-invariant feature transform (SIFT) descriptors. The SIFT features are extracted
from the images first, and then a codebook of size 800 is
generated by k-means clustering on SIFT features from
randomly selected 10k images. Finally, an image is represented by an 800 bin histogram corresponding to the
codebook.
3) CNNf (High-Level Feature): The CNNf feature is generated based on the state-of-the-art CNN [60] which is
pretrained on the ImageNet dataset. We define fc6 as
the first fully connected layer of the CNN. We use the
output of the fc6 layer to represent the image, which
shows great performance improvement in image recognition in recent years. For every image, we can get a
4096-D CNNf feature.
IV. S EMI -S UPERVISED L OCATION R ECOGNITION ACROSS
S URVEILLANCE AND M OBILE C AMERAS
In this section, we present our C-D location recognition
method in detail. After the problem definition with some
necessary notations in Section IV-A, we elaborate the subspace based DA approaches for reducing the data discrepancy
between two kinds of devices in Section IV-B. Section IV-C
presents the semi-supervised LapSVM classifier to overcome
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the scarcity of labeled training samples. Finally, the whole
algorithm is presented in Section IV-D.
A. Problem Definition and Notations
In the perspective of machine learning, the first problem caused by the differences between the surveillance and
mobile phone cameras is a DA problem where the surveillance images and mobile images constitute a source domain
s
and
and target domain, respectively. We use X s = {(xsi , ysi )}ni=1
nt
t
t
X = {xi }i=1 to denote the sample sets of the source domain
and target domain, respectively, where ysi is the label of xsi indicating its location. Then the objective of location recognition
is to learn a classifier using the surveillance images X s and
predict the label (location) yti for each mobile image xti . Here,
the images xsi and xti are represented by three kinds of image
features, i.e., GIST, BOW and CNNf, which are introduced in
the previous section.
The second problem caused by the low variety of labeled
samples is that the training surveillance samples corresponding to the same label are all similar to each other, while the
test mobile samples corresponding to the same label may be
different from them. It makes the training samples incapable
to capture the variety of test samples. This problem can be
solved by semi-supervised learning since there are a lot of
unlabeled data available from user’s queries.
Our problem obviously differs from the traditional domain
adaption or semi-supervised learning problems in that the
scarce (low variety) labeled surveillance data and the plentiful (high variety) unlabeled mobile data are in different
domains. In other words, the DA and semi-supervised learning
are reversed in our problem, which makes the problem complex. Thus, in the following parts, we jointly exploit the DA
method and semi-supervised method to solve the problems.

our conference paper), M ∗ is a linear mapping matrix between
Ss and St . For GFK, M ∗ is a set of intermediate subspaces that
embedded between Ss and St in a Grassmann manifold. For
us, we focus on finding a common subspace that minimizes
the data difference between surveillance and mobile phone
domains.
The basic idea of the above described DA methods is based
on three assumptions.
1) The important information is concentrated in a subspace
spanned by principal components (principal subspace).
2) The distributions of the samples in both domains are
similar in their respective subspaces.
3) There is a discrepancy between the principal subspaces
of the two domains.
Therefore, the samples can be aligned by aligning the principal
subspaces, and its performance critically depends on the precision of the principal components in both domains. However, in
our problem, the precise principal components of the surveillance samples are difficult to obtain, which seriously degrades
its performance. To solve this problem, we further assume that
the discrepancy between the principal subspaces is negligible
and thus only the Assumptions 1 and 2 are considered. In such
a case, the useful information of both domains is concentrated
in a common principal subspace while the noises are contained
in its orthogonal complement subspace. Thus, the samples can
be aligned by projecting to that common principal subspace.
Since there are enough mobile images, the subspace St can be
easily obtained by calculating the principal components of target domain. In addition, the ideal case of (1) is Ss M = St , thus
St is the reliable common principal subspace. Then, samples
from both domains are aligned by projecting to this subspace.
We call it the adaptation by subspace projection (ASP) method.
By experiments, this method gives satisfactory results, which
prove our assumption.

B. Subspace Based Domain Adaptation
For the same location, images collected from a surveillance
camera are different from those taken by a mobile phone camera due to the differences of views, illuminations, weather,
etc. This results in the discrepancy between source domain
(surveillance camera) and target domain (mobile phone), and
the classifier trained on X s will be likely to classify X t incorrectly. In order to build a robust classifier, it is necessary to
take into account the shift of distributions between the two
domains.
In order to reduce the discrepancy between source and target domains, the subspace based DA methods seek to learn a
transformation M that aligns source data distribution to that
of the target data. To find M, we assume the source and target
domains lie on lower dimensional subspaces, Ss , St ∈ RD×d ,
whose columns are composed of the d principal components of
X s and X t , respectively. Then the objective of subspace based
DA methods can be formalized as minimizing the distance
between the aligned source and target subspaces, as follows:
M ∗ = arg minM ψ(Ss M, St ).

(1)

The SADA [41] and geodesic flow kernel (GFK) [38] can be
regarded as two special solutions of (1). For SADA (adopted in

C. Semi-Supervised Laplacian SVM for Classification
For the aligned surveillance domain X̃ s and mobile phone
domain X̃ t , the classifier learned using X̃ s still can not give
satisfactory recognition accuracy on X̃ t because the low variety of training samples in X̃ s are incapable to reflect the true
distribution of X̃ t . However, take the mobile navigation in a
shopping mall as an example, with the increasing number of
visual location recognition users, they will upload more and
more unlabeled mobile camera images to our server for querying location. Although there is no label information, the mobile
images can also help to discover the true marginal distribution
of X̃ t . Thus, we consider to exploit these unlabeled images to
enhance the accuracy of the classifier.
We adopt the LapSVM to learn a more accurate classifier
by utilizing the unlabeled query samples from mobile phones.
The classifier of our location recognition problem is learned
from
f ∗ = arg min
f ∈HK

l

  
1
max 1 − ysi f x̃si , 0 + γA  f 2K + γI  f 2I .
l
i=1

(2)
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In the above objective function, the first part is the hinge
loss encouraging a large margin from samples to the separating
plane, the regularization γA  f 2K imposes smoothness conditions on possible solutions, and γI  f 2I reflects the intrinsic
structure of PX and penalizes f along the manifold that the
probability distribution is supported on.
An appropriate choice for  f 2I is x∈M ∇M f 2 dPX (x),
which is empirically estimated by the graph Laplacian [61]
associated with labeled and unlabeled examples. Since the
labeled surveillance samples and unlabeled mobile samples
are united to construct  f 2I , we join them into one training
set with totally ns + nt samples defined by
x̃i = x̃si ,

∀i = 1, . . . , ns

x̃i = x̃ti−ns ,

∀i = ns + 1, . . . , ns + nt .

(3)
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Algorithm 1 Our Location Recognition
s
Input: ns labeled images {(xsi , ysi )}ni=1
captured by surveilt
captured by
lance cameras, nt unlabeled images {xti }ni=1
mobile phone cameras.
t
.
Output: Predict the locations {yti }ni=1
1: Subspace generation: St ← PCA({xti }).
2: Subspace projection: x̃si = St xsi , x̃ti = St xti .
3: Construct data adjacency graph with x̃si and x̃ti by KNN,
and choose heat kernel for edge 4weights Wij .
4: Compute graph Laplacian matrix L = D − W.
5: Choose a kernel function K(x, y). Compute the Gram
matrix Kij = K(x̃i , x̃j ) where x̃i are obtained by combining
X̃ s and X̃ t as (3).
6: Choose γA = 1 and γI = 1.
7: Solve {α ∗ } using the method proposed by [53].
ns +nt ∗
8: Output yti ← sign( f ∗ (x̃ti )) = sign( j=1
αj K(x̃ti , x̃j ))

Then the manifold based regularization can be formulated as
 f 2I =
=

n
s +nt

1
(ns + nt )

2



 2
f (x̃i ) − f x̃j Wij

i,j=1

1
(ns + nt )2

f Lf

where Wij are edge weights in the data adjacency graph,
f = [ f (x̃1 ), . . . , f (x̃ns +nt )] , L = D − W is the graph
Laplacian
matrix, and the diagonal matrix D is given by
 s +n
t
Wij .
Dii = nj=1
According to [23, Th. 2 ], the optimal solution to problem (2) in HK is
f ∗ (x) =

n
s +nt



αi K x̃i , x

i=1

where coefficients αi ’s are parameters of the LapSVM classifier and K(·, ·) is the kernel function. We choose the linear
kernel in our experiments.
Once the parameters are solved, the label of any enquired
sample can be obtained by y(xti ) = sign( f ∗ (x̃ti )). Furthermore,
the newly enquired samples always enrich the unlabeled
dataset, which further improves the performance of location recognition. Therefore, our location recognition method
can update the unlabeled data once a period to balance the
computing load and recognition accuracy.
D. Algorithm Flow
We have introduced our C-D visual location recognition utilizing the ASP and LapSVM to solve the two main problems
in the recognition process. The most important part of our
ASP method is to find the common subspace based on principal component analysis (PCA), which is scalable for larger
dataset [62]. In addition, the LapSVM has proved its scalability on large-scale problem by introducing a linear manifold
regularization [63] or sparsified manifold regularizer [64].
Thus, in theory, our C-D visual location recognition method
is scalable for large scale localization. The algorithm flow of
our method is presented in Algorithm 1.

V. I NDOOR E XPERIMENTS
In this section, we evaluate some related approaches on the
indoor scenes of C-D dataset to explore the characteristics of
the data, and our proposed method is compared with them.
As described in Section I, we cast the C-D visual location
recognition problem as a classification task, where the classifier is trained using the labeled surveillance images. Then the
location of a query image is given by the classifier taking
that image as a test sample. Thus, the classification accuracy is equal to the localization performance. For simplicity,
images captured by surveillance cameras and mobile phones
are denoted by S and M, respectively. We experimentally validate the existence of the two problems (the low variety of
training samples in S and different data distribution between S
and M) in our crossing surveillance and mobile phone cameras
visual location recognition. Then, we evaluate the effectiveness
of DA methods and LapSVM on our C-D localization.
A. Evaluating the Discrimination of Indoor Scenes
In order to ensure the effectiveness of our method for indoor
C-D localization, we evaluate the discrimination of indoor
scenes based on some in-device experiments first. Here, “indevice” means training and testing data are from the same kind
of device. At each time point, we train an SVM classifier for
all the indoor locations, and then test it on five sets of data
corresponding to five different time points. For data collected
at one time point, we randomly select half of the samples
from each location for training and the rest for testing. The
average accuracies of in-surveillance and cross-time location
recognition over ten random trials are 100%, no matter what
kind of features. Looking through the example images from
each indoor surveillance scene in Fig. 3, they are from different parts of a building and very different from each other. In
addition, we capture indoor images under the lamplight during
the night. Images from one surveillance camera are very similar to each other at any time. Thus, for the indoor surveillance
scene image, the difference of intraclass data is far less than
that of interclass data. The perfect results further verify that
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TABLE I
L OCATION R ECOGNITION ACCURACIES OF L INEAR SVM S
ON I N -M OBILE AND C ROSS -T IME L OCALIZATION

the images from one indoor surveillance camera are very different from the images captured by another indoor surveillance
camera. Therefore, as the source of our indoor reference scene
images, the surveillance scenes are distinguishable. Similarly,
Table I shows the location recognition results of in-mobile
cameras and cross-time localization. The five results in one
column represent the localization accuracies of an SVM classifier trained at one time point and tested on five different time
points. The location recognition accuracies in Table I proves
that the CNNf is the most powerful feature and the representation ability of GIST is obviously not as good as others. In
addition, the time of crossing day and night has a little influence on in-mobile localization, e.g., the performance of the
classifier (trained by data from daytime) degrades when it is
tested on data from night, and vice versa.
B. Experimental Validation of the Two Problems
Preliminarily, we present the baseline performance of our
C-D location recognition strategy in Table II. The experimental setup is similar with that introduced in the above section,
but the only difference is that the classifier is trained with
surveillance data and tested on mobile data. While comparing
with the performance of the in-mobile localization shown in
Table I, the C-D localization accuracy is significantly degraded
by using surveillance images instead of mobile images as
training samples. Thus, there may exist some problems if a
classifier trained on S is directly tested on M.
In order to further explore the problems existing in our C-D
location recognition strategy, we first evaluate the influence of
the number of training samples over ten random trials. For
each trial, we randomly sample n ∈ (1, 25) images from each
surveillance camera as training data. The average accuracies of
C-D location recognition are presented in Fig. 5. As increasing of training samples from S, the localization accuracy for
query images from M improves very slowly when the number of training samples for each location is more than five,

TABLE II
L OCATION R ECOGNITION ACCURACIES OF L INEAR SVM S
ON C-D AND C ROSS -T IME L OCALIZATION

Fig. 5. Location recognition results on different number of training images
using the linear SVM classifier.

no matter what kind of feature is used. It indicates that there
are only a few (about 5) valid labeled samples in S, which is
to say, the variety of the surveillance data is extremely low.
As a consequence, the surveillance images are incapable to
represent the variety of mobile images and this problem will
seriously deteriorate the performance of location recognition.
For scalable C-D localization, it is reasonable to randomly
select five labeled images from S for each location.
Second, the problem that different data distribution in different devices is evaluated. For simplicity, we randomly select
five samples from S and 60 samples from M for each location based on the most powerful CNNf representation. By
projecting the data from different devices into their principle
subspaces which consists of three eigenvectors corresponding
to the three largest eigenvalues, we present the visual example of data distribution between S and M from three scenes
in Fig. 6(a). Ideally, if a surveillance image s ∈ S and a
mobile image m ∈ M are captured at one scene and generated from the same marginal distribution, they are more liable
to lie closer with each other. However, as shown in Fig. 6(a),
the surveillance images in S from scene 3 (represented by
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(a)

(b)

(c)

(d)

Fig. 6. Original and after aligned data distributions based on the CNNf representation (best viewed in color). Data points have the same color are captured at
the same scene, and pentagrams represent surveillance images while circles represent the mobile images. (a) Original data. (b) SADA. (c) GFK. (d) Our ASP.

red pentagrams) are far away from the corresponding mobile
images in M (red circles), though they are captured at the same
location. In addition, the popular SADA method is devoted to
aligning the principle subspaces that with similar distribution.
However, in our problem, the SADA method fails to align the
samples from different devices as shown in Fig. 6(b). This
phenomenon proves the discrepancy between the distributions
of S and M, which makes a classifier trained on S performs
poorly on M.
C. Evaluation of DA and LapSVM
We now empirically study the influence on performance by
introducing DA and LapSVM. First, the effect of DA methods (SADA, GFK, and Our ASP) for eliminating the data
differences between S and M is evaluated. We use the similar experimental setup outlined in the previous section. The
data from different devices is projected into their 3-D principle subspaces, and then do subspace alignment. Fig. 6 presents
the results. As shown in Fig. 6(b), while comparing with the
original data distribution in Fig. 6(a), the data in M from
one location are much closer with each other after aligned by
SADA. However, the SADA method cannot shorten the distance between samples from differen devices, though they are
captured at the same scene. What is worse, it makes the blue
pentagrams farther away the blue circles. The data distribution
aligned by GFK seems much better in Fig. 6(c). However, for
some samples from different devices, the GFK method also
cannot make them stay close with each other even if they
are captured at the same scene. The images from different
devices are best aligned by our ASP method, and meanwhile
the data from different locations are discriminable, as shown
in Fig. 6(d). This again validates that the precise principle

components of the surveillance samples are difficult to obtain,
which seriously degrades the performance of the popular DA
methods. More numerical experimental results will be shown
below.
After the original data have been well aligned by our ASP
method, we then can experiment with LapSVM when adding
more and more unlabeled images from M to training set S.
For example, we considered the data captured at 10:00. This
process indeed simulates the situation that there are more and
more mobile users uploading query images to the server for
location recognition, and we are making a decision on utilizing how many unlabeled mobile images to learn a more
accurate classifier. For each scene, we randomly select five
labeled images from S and n ∈ (0, 50) unlabeled images from
one half of M as training data, and the rest half of M as testing samples. Then the corresponding classification models are
trained with the LapSVM. The average location recognition
accuracies over ten random trials are shown in Fig. 7. The
recognition accuracy is improved gradually when there are
more and more unlabeled mobile images in the training set.
However, the performance improvement is very small when
the number of unlabeled mobile samples from each scene
reaches 50. Thus, for all the latter LapSVM experiments, we
randomly select 50 unlabeled mobile data from each scene for
data-aided training.
D. Indoor Location Recognition Result
To evaluate the performance of our C-D location recognition method, we compare with two baseline methods: k-nearest
neighbors (KNN with k = 1) and SVMs with linear kerneltrained with surveillance data only, and present indoor localization accuracy in Table III. At each time point, we train a
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TABLE III
AVERAGE ACCURACIES OF I NDOOR C-D AND C ROSS -T IME
P OINTS L OCATION R ECOGNITION

Fig. 7. Performance comparison of a LapSVM classifier trained on different
number of unlabeled mobile images.

classifier by randomly selecting five labeled samples at each
location from S and 50 unlabeled samples at each location
from M in our recognition system. Consequently, there are
five classifiers corresponding to five different time points. Each
classifier is evaluated by all the rest samples in M from five
different time points. The average location recognition accuracies of five classifiers over ten random trials are presented in
Table III. In other words, each result in Table III represents an
average accuracy for C-D and cross-time localization over ten
random trials. For example, the first row of data in Table III
are the average accuracies over Table II.
We get a location recognition performance increase by
utilizing DA methods to eliminate the data differences between
S and M, and our ASP method gives the best performance
improvement. The subspace dimension of all DA methods
is set to 16. As shown in Table III, compared with the noDA baseline methods, the complicated GFK method works
much better than the SADA on reducing the data distribution discrepancy between two kinds of devices. Surprisingly,
our simple DA method ASP shows the best performance over
all the three kinds of features, especially for improving the
localization performance with CNNF features.
We next demonstrate that the unlabeled samples from M
are helpful for our C-D localization. In Table III we observe
that SVM and KNN give almost the same recognition result
when they are cooperated with same DA or no-DA methods
over three kinds of features. However, both of them do not
effectively utilize the unlabeled samples in M to learn a more
accurate localization classifier. Thus, in order to discover the
intrinsic data structure, we train a LapSVM classifier using
both the labeled samples in S and unlabeled samples in M
after they are aligned by the DA methods. The results are
presented in the last three rows of Table III. Since the GIST
feature is not discriminative enough, the LapSVM is not helpful for localization with GIST features. But apart from that, our
final location recognition method has significant performance
increase over other methods on BOW and CNNf features. This
again validates that the two problems do exist in the across
surveillance camera and mobile phone based location recognition. In addition, the fluctuation value (about ±2.7) in Table III
is very small, which means that our indoor C-D localization

TABLE IV
L OCATION R ECOGNITION ACCURACIES OF L INEAR SVM S FOR
I N -S URVEILLANCE AND C ROSS -T IME L OCALIZATION
ON A S UNNY DAY

TABLE V
AVERAGE ACCURACIES OF L INEAR SVM S FOR I N -S URVEILLANCE
AND C ROSS -W EATHER L OCATION R ECOGNITION

is not sensitive to the environment variation caused by
different time.
VI. O UTDOOR E XPERIMENTS
Based on the indoor experiments and analysis in the previous section, we do some similar experiments for outdoor
scene recognition with the most powerful CNNf features in
this section.
A. Evaluating the Discrimination of Outdoor Scenes
In order to ensure the effectiveness of our method for outdoor C-D localization, we evaluate the discrimination of 12
outdoor scenes based on some in-device experiments. Table IV
shows example location recognition results of in-surveillance
cameras and cross-time localization on the sunny day over
ten trials. The experiment setup is same as the previous one
described in Section V-A. In spite of the significant environmental differences between day and night, there is only slight
decrease of the performance, as shown in the last row and last
column of Table IV.
We also present the average accuracies of cross-weather
and in-surveillance cameras scene classification in Table V.
Under each kind of weather condition, we train five different
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TABLE VI
L OCATION R ECOGNITION ACCURACIES OF L INEAR SVM S FOR
I N -M OBILE AND C ROSS -T IME L OCALIZATION ON A S UNNY DAY

TABLE VII
AVERAGE ACCURACIES OF L INEAR SVM S FOR I N -M OBILE
AND C ROSS -W EATHER L OCATION R ECOGNITION

linear SVM classifiers according to five different time points.
Then each classifier is tested on all the data from five different time points under one kind of weather condition, and the
average localization accuracy of that five classifiers is reported
as one item in Table V. For instance, the first value at the first
column is the mean accuracy of Table IV. Looking through
the example images from each outdoor surveillance scene in
Fig. 3, they are from different parts of a residential community and very different with each other. The results in Table V
also show that the images from one outdoor surveillance camera are very different from the images from another outdoor
surveillance camera, no matter when and no matter what kind
of weather. Therefore, as the source of our outdoor reference
scene images, they are distinguishable.
Similarly, Table VI shows example location recognition
results of in-mobile cameras and cross-time points localization on the sunny day over ten trials, and they should be the
upper bounds for our outdoor C-D localization on the sunny
day. However, the distinct difference between day and night
makes the performance decrease seriously at crossing day and
night scene recognition, see the results at the last row and
last column of Table VI. It would be a problem for mobile
phone-based visual location recognition. The large fluctuation
value (about ±17.0) of the cross-weather and in-mobile location classification results (see Table VII) validates this problem
again.
B. Baseline for Outdoor Cross-Device Localization
We present the baseline results for outdoor C-D localization in this section. The experimental setup is similar with that
introduce for outdoor in-device localization in Section VI-A.
For simplicity, in this section we select the linear SVM trained
with data from S only as the baseline for outdoor C-D localization. First, the example localization results of C-D and
cross-time localization on the sunny day over 10 trials are
presented in Table VIII. Compared with the in-mobile outdoor localization accuracies in Table VI, the performance of
the basic outdoor C-D localization degrades seriously and is
also sensitive to the environmental change of crossing day
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TABLE VIII
L OCATION R ECOGNITION ACCURACIES OF C-D AND
C ROSS -T IME L OCALIZATION ON A S UNNY DAY

TABLE IX
AVERAGE ACCURACIES OF C-D AND C ROSS -W EATHER
L OCATION R ECOGNITION

TABLE X
L OCATION R ECOGNITION ACCURACIES OF C-D L OCALIZATION ON A
S UNNY DAY A FTER DATA M ERGING

and night localization. More localization results on C-D and
cross-weather are shown in Table IX. The mean accuracies
and fluctuation value demonstrate the two problems (performance degradation and sensitive to the environmental change
caused by crossing day and night) of the outdoor C-D localization once again. Here, the first value at the first column of
Table IX is the mean localization accuracy over Table VIII.
In order to reduce the sensitivity of the outdoor C-D localization on the environmental change of crossing day and night,
we merge together the data collected at five time points by
surveillance cameras to one training set for every kind of
weather. Because the surveillance camera works during the
whole day and night, it is very cheap to collect surveillance
images at different time. In addition, we have shown that there
are only very few valid training samples at one time point
from one surveillance camera in the previous section, thus
we randomly select five samples at one time point from each
surveillance camera for every kind of weather, then merge
together as the training set. Taking the sunny day, for example, after the data merging operation, there are 25 labeled
surveillance samples for each location in the training set S,
and the example localization results for query images from
mobile phone captured at different time over ten trials are
presented in Table X.
Table XI shows the mean average localization performance
on C-D and cross-weather localization after data merging in
S over ten trials. Compared with the localization accuracies
shown in Table IX. Table XI shows better localization performance and lower fluctuation value. It means that the data
merging operation in S is helpful for improving C-D localization accuracy and meanwhile reducing the sensitivity of
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TABLE XI
AVERAGE ACCURACIES OF C-D AND C ROSS -W EATHER L OCATION
R ECOGNITION A FTER DATA M ERGING

TABLE XII
AVERAGE ACCURACIES OF O UR O UTDOOR C-D L OCATION R ECOGNITION

C-D localization on the environmental change caused by crossing day and night. Moreover, as shown in Table XI, the C-D
localization model trained with data in S from the sunny day
shows the best localization performance on the testing data
from whatever kind of weather, which is shown in the first
column value in Table XI. Thus, we can observe that the light
brightness is an important factor for surveillance image based
C-D and cross-weather location recognition. In the following
experiments, we would focus on the situation that the training
set is consisted of the data from the sunny day only.

presented a new visual location recognition method which
recognizes the location of photos taken by mobile phones
utilizing the images from surveillance cameras. By unifying
a subspace projection-based domain adaption method and the
LapSVM, we have effectively solved the reversed DA and
semi-supervised learning problem where the scarce effectively
labeled (low variety) surveillance data and plentiful unlabeled
mobile data exist in different domains. Experimental results
have shown the superiority of our method over other related
methods.
In addition, we find out that the indoor C-D location recognition is insensitive to the time when the images are taken,
while outdoor C-D location recognition is very sensitive to it.
We solve this problem by merging together a small amount of
data taken at different time to one training set. For C-D and
cross-weather outdoor localization, the model trained on the
sunny day shows the best localization performance, no matter
what weather the query samples are captured in. This goes
against the intuition that the C-D localization should perform
better for the data captured under the same weather condition.
All these phenomenons show the importance of illuminative
condition for the location recognition.
This paper is a baseline for location recognition across
surveillance and mobile phone cameras with influence from
time and weather. We utilize the existing surveillance cameras
for building a reference image dataset that can be updated
dynamically. It is very economical and convenient. In the
future, we would like to enlarge the number of locations in
our dataset for research on visual location recognition across
surveillance and mobile phone cameras.

C. Outdoor Location Recognition Result
In this section we evaluate our method on outdoor C-D
localization over different weathers using the training set consisted of the data from the sunny day only. Based on the
experimental analysis of indoor localization, we also compare
with the two baseline methods (i.e., KNN and SVM), and
present the outdoor C-D localization accuracies in Table XII.
According to Table XII, we observe that the SVM shows a
bit more robust than the KNN for the outdoor C-D and crossweather localization. In addition, our simple ASP method gives
significant improvement for every kind of weather. It means
that our simple ASP method is an effective solution for reducing the data distribution differences between S and M. After
the data is aligned by our ASP method, the LapSVM further improves the localization performance by utilizing the
information of unlabeled samples from M. Comparing with
the SADA and GFK methods, the LapSVM with our simple ASP method performs best on every kind of weather. For
our C-D location recognition, the performance improvement
in Table XII again validates the existence of the two problems: the low variety of training samples in S and different
data distribution between S and M.
VII. C ONCLUSION
In this paper, we have established a C-D scene dataset which
takes the time and weather factors into account. We have also
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