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ABSTRACT
Recent years have witnessed unprecedented amounts of
telecommunication (Telco) data generated by Telco radio and core
equipment. For example, measurement records (MRs) are
generated to report the connection states, e.g., received signal
strength at the mobile device, when mobile devices give phone
calls or access data services. Telco historical data (e.g., MRs) have
been widely analyzed to understand human mobility and optimize
the applications such as urban planning and traffic forecasting.
The key of these applications is to precisely localize outdoor
mobile devices from these historical MR data. Previous works
calculate the location of a mobile device based on each single MR
sample, ignoring the sequential and temporal locality hidden in
the consecutive MR samples. To address the issue, we propose a
deep neural network (DNN)-based localization framework namely
DeepLoc to ensemble a recently popular sequence learning model
LSTM and a CNN. Without skillful feature design and
post-processing steps, DeepLoc can generate a smooth trajectory
consisting of accurately predicted locations. Extensive evaluation
on 6 datasets collected at three representative areas (core business,
urban and suburban areas in Shanghai, China) indicates that
DeepLoc greatly outperforms 10 counterparts.
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1 INTRODUCTION
Recent years have witnessed unprecedented amounts of
telecommunication (Telco) data generated by Telco radio and core
equipment. For example, when mobile devices give phone calls or
access data services, measurement records (MRs) are generated to
report the connection states, e.g., received signal strength of the
mobile device, during each call/session. In a modern urban city,
Telco data generated by Telco radio and core equipment account to
2.2TB per day, significantly greater than those accounting and
billing data generated by business supporting systems with
trivially tens of GB/day [4]. Massive Telco historical data (e.g.,
MRs) have been widely used to understand human mobility [2, 24]
and optimize the applications such as urban planning and traffic
forecasting [3], due to the unique advantages: the data can be
collected cheaply, frequently and on a global scale.

The key of human mobility and the applications above is to
capture the locations of human beings holding mobile devices. To
this end, the outdoor localization problem, i.e., how to precisely
localize outdoor mobile devices from Telco historical data (e.g.,
MRs), has attracted intensive research interests. For example, a
simple approach adopted by Google MyLocation [1] is to
approximate outdoor locations by the positions of cellular towers
connected by mobile devices. This method unfortunately suffers
from median errors of hundreds and even thousands of meters.
More recently, by using the sparse geo-tagged MR data as training
data, machine learning approaches such as Random Forest
[5, 25, 27], Deep Neural Network [23], and Hidden Markov Model
(HMM) [6, 10, 13] are exploited to localize outdoor mobile devices
with the median errors of tens of meters.

Unfortunately, the above-mentioned approaches usually
calculate location based on a single MR sample, ignoring the
sequential or temporal correlations between the locations. When
people holding mobile devices are moving around, the associated
locations obviously exhibit the temporal and spatial locality.
Though several works tried to either manually design temporal
and spatial contextual features based on domain expert knowledge
[5, 27] or use the first order sequence model such as HMM
[6, 10, 13], the challenge still remains: how to automatically
discover meaningful spatial and temporal dependencies without
applying non-trivial postprocessing steps [19] such as filtering
techniques [13] and map-matching algorithms [26]?

To address the issue above, in this paper, we propose a
DNN-based localization framework namely DeepLoc to ensemble a
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recently popular sequence learning model, long short-term
memory networks (LSTM), and a convolutional neural network
(CNN). With trivial feature engineering overhead, DeepLoc
automatically extracts contextual features and generates the
trajectory connecting predicted outdoor locations from input MR
sequence data. Specifically, for each MR within the input MR
sequence DeepLoc first exploits the CNN model to estimate a
score for every potential location based on the extracted spatial
features. Next, for the entire input MR sequence, we leverage
RecuLSTM (an improved version of LSTM) to generate a smooth
trajectory. RecuLSTM infers each location within the trajectory by
the scores estimated by CNN. In this way, RecuLSTM and CNN
work together to generate a smooth trajectory consisting of
precisely estimated locations. As a summary, we make the
following contributions in this paper.

• To the best of our knowledge, this is the first to exploit
DNN to automatically learn spatiotemporal knowledge from
Telco MR data for Telco localization. With trivial overhead
for feature engineering and domain expert knowledge (e.g.,
skillful feature design and post-processing steps), DeepLoc
can train a spatiotemporal sequence prediction model for
accurate localization.

• As two key components of DeepLoc, CNN learns local
spatial features from each individual MR, and the proposed
RecuLSTM extracts short and long-term dependencies from
a series of sequential MRs. DeepLoc then can generate
smooth and accurate trajectories.

• We evaluate DeepLoc against 10 counterparts by using 6
datasets collected from three representative (core, urban
and suburban) areas in Shanghai, China. Our evaluation
results indicate that DeepLoc significantly outerperforms
these counterparts.

The rest of this paper is organized as follows. Section 2 first
introduces preliminaries. Next, Section 3 gives the problem setting
and Section 4 reports the design of DeepLoc. After that, Section 5
evaluates DeepLoc and Section 6 reviews the related works. Section
7 finally concludes the paper.

2 PRELIMINARIES
2.1 Measurement Record (MR)
A MR indicates the connection states of a mobile device to nearby
base stations in a Telco network. Table 1 gives an example 2G GSM
MR collected by an Android phone. Each MR contains a unique
number (IMSI: International Mobile Subscriber Identity),
connection time stamp (MRTime), up to 6 nearby base stations
(RNCID and CellID), signal measurements such as AsuLevel,
SignalLevel, and RSSI (radio signal strength indicator). AsuLevel,
i.e., Arbitrary Strength Unit (ASU), is an integer value proportional
to the received signal strength measured by the mobile phone.
SignalLevel indicates the power ratio (typically logarithm value) of
the output signal of the device to the input signal. Among the 6
base stations, one of them is selected as the primary serving base
station to provide communication and data services for the mobile
device.

MRTime IMSI SRNC_ID BestCellID LCS_BIT
2018/4/23 9:20 xxx 6188 26051 300
RNCID_1 CellID_1 AsuLevel_1 SignalLevel_1 RSSI_1
6188 26051 27 4 -74.5
RNCID_2 CellID_2 AsuLevel_2 SignalLevel_2 RSSI_2
6188 27394 10 3 -84.88
RNCID_3 CellID_3 AsuLevel_3 SignalLevel_3 RSSI_3
6188 27377 18 4 -85.13
RNCID_4 CellID_4 AsuLevel_4 SignalLevel_4 RSSI_4
6188 27378 12 4 -85.87
RNCID_5 CellID_5 AsuLevel_5 SignalLevel_5 RSSI_5
6182 41139 8 3 -88.88
RNCID_6 CellID_6 AsuLevel_6 SignalLevel_6 RSSI_6
6188 27393 9 3 -90.22

Table 1: An example of a 2G GSM MR

2.2 Telco Localization
The literature works on Telco localization are typically divided
into three categories. First, measurement-based methods localize
mobile devices by estimating absolute point-to-point distance or
angles [12, 16, 17]. However, triangulation-based approaches which
require signal strength measurements of at least three cells do not
work well in 4G LTE networks, since 4G LTE MRs often contain
measurements of at most two cells.

Second, fingerprinting-based methods [7, 9, 11] usually perform
better than the measurement-based methods above by dividing
an area of interest into small grids and representing each grid by
an associated fingerprint [9]. A recent work NBL [11] assumed
that signal strengths of each neighboring cell tower in the grid
follow a Gaussian distribution. The online stage next adopts either
Maximum Likelihood Estimation (MLE) or Weighted Average (WA)
to localize mobile devices.

Lastly, some recent works [5, 27] adopt machine learning (ML)
techniques, such as Random Forest, to build a training model to
describe the correlations between the features extracted from MRs
and the associated locations (e.g., GPS coordinates). The predicted
locations could be either spatial regions (grid cells) or numeric
GPS coordinates. ML techniques train the corresponding
multi-classifiers [7, 11] or regression models [5, 27].

ML techniques significantly differ from measurement- and
fingerprinting-based methods in terms of their application
scenarios. That is, ML techniques work as Telco backend
approaches on historical Telco big data that are maintained by
Telco operators. ML techniques usually exhibit better results
because ML techniques can leverage the rich information from
various Telco data including (geo-tagged) MR data and
configuration parameters (e.g., GPS coordinates) of base stations,
Web log data and etc. Instead, measurement and
fingerprinting-based methods usually work on frontend mobile
devices as active localization methods, and may not use the rich
data as ML techniques do.

3 PROBLEM SETTING
Let us consider that Telco operators have maintained a historical
MR dataset. MRs usually do not contain the accurate locations
of mobile devices (identified by IMSI in MRs), and we want to



annotate the MRs with accurate locations regarding the mobile
devices in MRs. There are various ways to find location labels
for such MRs. For example, when mobile users are using vehicle
navigation services and switching on GPS receivers in the mobile
devices, GPS coordinates of mobile devices are embedded in the
URLs of mobile web logs. By extracting GPS coordinates from such
URLs, we establish linkage between the extracted GPS coordinates
and MRs with help of IMSI and timestamp. In this way, MRs are
annotated by the linked GPS coordinates.

However, mobile users frequently switch off GPS receivers in
mobile devices e.g., for energy saving. Mobile web logs contain
very sparse GPS coordinates. Thus, the majority of Telco MR data
cannot be annotated with the associated GPS coordinates. To tackle
this issue, we could first train a machine learning model by using
the sparse geo-tagged MRs as training data and next localize those
MRs without GPS locations (as testing data).

Instead of using a single-point-based localization, we generate a
trajectory of the locations predicted from a sequence of consecutive
MRs. Using the sequence data, we expect that the localization model
can capture the underlying spatial and temporal locality. The MR
sequence data can be acquired as follows. Given a database D of
MRs, we first group the MRs by IMSI and then sort the grouped
MRs by timestamp. For each IMSI, we have a group of sorted MRs,
which become the MR sequence data for this IMSI. Until now we
define the following sequence-based localization problem.

Problem 1. Given a databaseD of training MR sequence data and
associated GPS location labels, we train a machine learning model
to precisely localize the testing MR sequence T with the objective
to minimize the distance between the predicted locations and actual
ones.
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Figure 1: Framework Overview

We highlight the general idea of DeepLoc as follows. For each
MR within the input MR sequence, we first exploit CNN to
estimate the scores for all possible locations as described in Section
4.1. The score indicates the chance for the location as the actual
one. Next, for the entire input MR sequence, we leverage
RecuLSTM (an improved version of LSTM) to generate a smooth

trajectory. Each location within the trajectory is specially selected
by RecuLSTM from the list of estimated locations by CNN. In this
way, RecuLSTM and CNN work together to generate a smooth
trajectory consisting of precisely estimated locations. In Figure 1,
RecuLSTM is fed with CNN’s prediction results to inherit the
advantages of CNN in processing spatial data, and to learn the
temporal contextual knowledge at the same time. In this way,
DeepLoc can capture the underlying spatial and temporal mobility
patterns and greatly improve the prediction accuracy. We give the
details of DeepLoc in the following section.

4 DESIGN OF DEEPLOC
In this section, we first describe the CNN-based single point
localization for each MR, and next the RecuLSTM-based sequence
localization for an entire MR sequence.

4.1 CNN-based Single Point Localization
The CNN model performs a multi-classification prediction. Given
numeric GPS coordinates, we divide the area of interest into grid
cells (each cell has the fixed width and height cw × ch) and every
GPS location is then located inside a certain grid cell. In this way,
the localization problem can be formulated as a multi-classification
problem that considers grid cells as different classes: given an input
MR record, the multi-classification problem identifies the most
likely cell among all grid cells, and the centroid of the classified
grid is set as the predicted location with respect to (w.r.t) this MR.

To make the CNN model work, we first process an individual
MR. Recall that CNN is widely used for image recognition, and we
borrow the idea from image recognition as follows. When an area
of interest is divided into M × N grid cells (where M and N are
the rows and columns of divided cells, respectively), we intuitively
treat the area as an image, where each cell is treated as a pixel. Since
a pixel is with image features such as color and brightness, each
cell in our case is with various MR features such as ASULevel. In
this way, for each MR, we build a three-dimensional (3D) feature
tensorM × N × F , where F is the number of MR features.

By taking the example MR sample in Table 1 for illustration, we
have F = 3 features, i.e., ASULevel, SignalLevel and RSSI, and Figure
2 shows the 3D feature tensor. First, for each BSi in the MR, we
use the GPS coordinates of BSi to find the grid cell where BSi is
located. Given at most 6 base stations in a MR, we can identify the
associated grid cells and generate a BS grid map for each MR. Note
that it is highly possible for multiple base stations to be located
inside the same cell (see that BS3 and BS4 belong to the same grid
cell). Suppose that B(m,n) base stations in a given MR are located
inside the same cell w.r.t them-th row and n-column, we compute
the average of the f -th Telco signal feature values V f

i as follows.

Im,n,f =

∑B(m,n)
i=1 V

f
i

B(m,n)
(1)

Unfortunately, the 3D feature tensor could be rather sparse: each
MR contains at most 6 base stations and the majority of the tensor
is empty. A sparse tensor w.r.t a certain MR sample makes it hard
to differentiate from others, leading to low prediction accuracy.
To overcome this issue, for each MR inside an input sequence, we
propose to build a 3D feature tensor from the consecutive MRs.
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Figure 2: 3D input tensor of CNN

Specifically, within an input MR sequence, we use k consecutive
MRs preceding the given MR. In this way, the 3D feature tensor
w.r.t the given MR is actually built from the (k + 1)MRs.

Until now for each input MR, we have built an associated 3D
feature tensor. Meanwhile, for the GPS location w.r.t this MR, we
have a grid cell ID where the GPS location is located. Based on the
3D feature tensor and the corresponding grid cell ID, we train a
CNN-based multi-classifier that maps from a 3D feature tensor to its
corresponding grid cell. During the prediction phase, when given a
testingMR (together with itsk precedingMRs in an input sequence),
the multi-classifier computes a score (probability) for each class (i.e.,
grid cell). Suppose that the input h0 of the CNN-based classifier
is a tensor I , and the output of the m-th hidden layer in CNN
is hm = f (Wmhm−1 + bm ), where Wm and bm are the learned
parameters by CNN and f (·) denotes the activation function. The
output of the final hidden layer can be written as f (I : (W,b)).
We train the CNN classifier to compute the conditional probability
p(c |I ) by the Softmax function in Equation 2, where C is the total
number of grid cells.

p(c |I ) =
efc (I :(W,b))∑C
i=1 e

fi (I :(W,b))
c ∈ {1, 2, ...C} (2)

For a testing MR, the CNN-based multi-classifier generates a
C × 1 output vector. Each vector element is the score of a certain
class (grid cell). A greater score indicates a higher chance for the
grid cell to be classified as the actual one.

4.2 RecuLSTM-based Sequence Localization
4.2.1 Baseline Approach. For an input sequence with S MR
samples, the CNN classifier generates a C × 1 score vector for each
MR sample, leading to S C × 1 vectors for the sequence. Given a
sequence of these S vectors (x1,...,xn ), a baseline solution is to
exploit the basic LSTM structure to generate a trajectory of n

predicted locations by maximizing the probability of these n
locations when given the S vectors:

l̃1 ...l̃L = argmax
l1 . . .lL

P (l1, ..., lL |x1 ...xL ) (3)

Nevertheless, the sampling rate of various MR sequences could
differ between mobile devices. Let us consider two mobile devices
with different sampling rates (for simplicity we assume that the two
mobile devices follow the same mobility pattern). The MR sequence
with a lower (resp. higher) sampling rate might indicate a larger
(resp. smaller) spatial distance between the locations corresponding
to two consecutive MR samples. How can a localization model adapt
to various sampling rates?

4.2.2 RecuLSTM-based Approach. To answer this question, we
propose a recursive LSTM structure, namely RecuLSTM. It consists
of 1) multiple LSTM layers to recursively learn sequential features
in terms of short- and long-term temporal dependencies and 2) a
prediction layer that can infer a trajectory of predicted locations
with help of the extracted short- and long-term temporal features.
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Figure 3: RecuLSTM Network Structure

As shown in Figure 3, we give an example RecuLSTM structure
that consists of two recursive layers and one prediction layer.
Given a sequence of nine input MR samples (i.e., nine 3D feature
tensors) x1, ...,x9, in the 1st recursive layer, the CNN-based
approach generates a C × 1 score vector for each input tensor and
thus totally nine score vectors. After receiving a window of
w1(= 3) vectors, the concatenation function (see the concat-1 in
Figure 4) of the 1st layer generates a C ×w1 2D feature tensor as
the output sequence.

As shown in Figure 4, the concat-1 function concatenates the
window size w1 of C × 1 score vectors to generate a C × w1 2D
tensor. The output 2D tensor of the concatenation function can be
intuitively interpreted as a short-term dependence of three input
MR samples. The purpose of the concatenation operation (instead
of using an average of thesew1 input vectors) is to ensure that those
features (extractedCNN or LSTM in the underlying recursive layers)
are not discarded and can still preserve the extracted knowledge



even when the number of recursive layer increases. Thus, with
help of this concatenation operation, the temporal correlations of
the input sequence can be comfortably captured, regardless of MR
sampling rate or the underlying mobility patterns.

When theC ×w1 2D tensor (sequence) of the 1st recursive layer
are transmitted to the 2nd layer, the LSTM in the 2nd layer generates
a C ′ ×w1 2D feature tensor, and the concatenation function (see
concat-2 in Figure 4) processes w2 input C ′ ×w1 2D tensors and
generates aC ′ × (w1 ×w2) 2D feature tensor. Note that the window
size w2 in the 2nd layer does not necessarily be equal to the one
w1 in the 1st layer. Following the example above with 9 input MRs,
we tune w1 × w2 = 9, so that each of the 9 input MR samples is
mapped to a 1DC ′ × 1 feature vector within theC ′ × (w1 ×w2) 2D
feature tensor.

Finally, the prediction layer in RecuLSTM consists of an LSTM
layer and a fully connected (FC) layer. The LSTM layer processes
theC ′ × (w1 ×w2) 2D feature tensor and generates a 2 × (w1 ×w2)
2D tensor, where 2 corresponds to the number of features in a
GPS coordinate (i.e. longitude and latitude). The FC layer trains
a regression model that processes the generated 2 × (w1 × w2)
2D feature tensor to predict the MR locations. Using a regression
model is mainly because the locations are represented by numeric
GPS longitude and latitude coordinates. As show in Figure 3, when
given the 2 × (w1 × w2) 2D feature tensor with the associated
(w1 ×w2) = 9 locations, the training model essentially maps the
2 × (w1 ×w2) tensor to a trajectory consisting of these 9 locations.
After the regression model is trained, it can be used to predict the
GPS locations from an input feature tensor.

4.2.3 Optimization. In this section, we give three tricks to optimize
DeepLoc. First, the CNN approach could lead to a great size C . For
example we could divide an area of interest into hundreds or even
thousands of grid cells, e.g., C = 1000. Given the window size
w1 = 3 in the 1st recursive layer of RecuLSTM, the output 2D
tensor of the concatenation function in this layer is a 1000 × 3 2D
tensor (i.e., a matrix). Here, the problem is that the matrix contains
only several non-zero elements (i.e., the scores w.r.t grid cells). To
this end, to avoid the curse of dimensionality, we add a FC layer
to the output of CNN for dimensionality reduction [18], and the
processing result of this FC layer then becomes the input of the
concat-1 function.

Second, we tune the window sizes such asw1 andw2 as follows.
For an input MR sequence, we count those MR samples sharing the
same serving BS (denoted by C1_bs ) and those MRs sharing both
the same serving BS and at least one neighbouring BS (denoted by
C2_bs ), and empirically set w1 = C2_bs and w1 × w2 = C1_bs . In
this way, setting such window sizes asC1_bs andC2_bs can roughly
capture the underlying mobility pattern with help of base stations.

Finally, in Figure 5, we tune the parameters of the fully connected
network in the prediction layer of RecuLSTM. 1) In terms of the
number of hidden layers in this FC layer, we set it as the number
of grid cells where the GPS locations of the training data set are
located. In this way, we can greatly reduce the number of hidden
layers. 2) We initiate the weightW (1) between the input layers and
the hidden layers by the prediction score of CNN. Specifically, the
output of this FC layer is computed by o = fc (XW + b), where
W =W (1)W (2) and b are the weight and bias, respectively. Since

we have tuned the number of hidden layers, the weightsW (1) are
initiated as follows.

W
(1)
i, j = score(x

j
i ) = p(дirdj |xi ) (4)

wherep(дirdj |Xi ), i.e., the j-th item in the output vector of CNN for
the i-th input MR sample xi , is computed by Equation 2. The weight
initialization above offers the following benefit: the FC layer can
re-use the prediction result of CNN to speed up the convergence
of FC loss and to improve the FC prediction accuracy.

5 EXPERIMENTS
5.1 Experimental Setup
5.1.1 Data Sets. We evaluate the performance of DeepLoc using
the data sets collected at three representative areas in Shanghai,
China: a core business area Xuhui, an urban area Siping and a
suburban area Jiading. The physical distance of Jiading ∽ Siping,
Jiading ∽ Xuhui and Siping ∽ Xuhui is around 31 km, 37 km and
15 km, respectively. The data sets (including both MR samples
and GPS location labels) at Xuhui were provided by one of the
largest Telco operators in China, and the data sets at Jiading and
Siping were collected by own-developed Android mobile app.When
mobile users are moving around in outdoor road networks to collect
MR samples, we meanwhile switch on GPS receivers on Android
mobile phones to collect current GPS coordinates. Since the GPS
coordinates collected by mobile phones may contain noises, we
thus employ the map-matching technique [26] to mitigate the effect
of noises.

Jiading Siping Xuhui

Num. of samples (2G/4G) 15954/10372 6723/4953 13404/7755
Route Len (2G/4G) in km 94.1/52.1 24.6/15.5 26.4/12.7
Sampling Period (sec) 1 1 2
Num. of BSs per km2 (2G/4G) 5.67/8.42 7.96/10.35 8.32/12.44

Table 2: Statistics of Used Data Sets

Table 2 summarizes the used data sets. In each area, we have two
data sets containing MRs collected from both 2G GSM and 4G LTE
networks, respectively. Each sample in the data sets includes one
MR and the associated GPS coordinates. Due to the limitations of the
Android APIs in the 4G networks, each 4G MR sample collected in
Jiading and Siping contains only one (serving) base station without
the information about other neighboring base stations. Yet the 4G
samples in Xuhui still contain up to 6 base stations.

Besides, we acquire the GPS longitude and latitude coordinates
of every BS included in the our datasets from a base station
database, and use them as additional features of MR samples.
However, those parameters such as antenna height and location
angle are unavailable due to the limited information provided by
the database. We believe that these parameters, if available, could
improve DeepLoc.

5.1.2 Counterparts. In Table 3, we compare DeepLoc against 4
literature works given by [11, 13, 27] and 6 DNN-based
approaches. First, regarding the localization result, the
counterparts are either single-point-based or sequence-based
approaches. In addition, in terms of used models, the counterparts
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can be either the fingerprinting-based, the traditional machine
learning-based (e.g., Random Forests and HMM) or deep neural
network-based models (e.g., CNN, LSTM, ConvLSTM [14], stacked
LSTM, Seq2Seq [15], RecuLSTM and DeepLoc). Here, RecuLSTM is
a simplified version of DeepLoc by removing the used CNN model.
For the literature work [27], the localization model can be either
only a single layer random forest, namely RaF, or a two-layer
random forests (we use the name CCR to be consistent with [27]).
Here, the 2nd layer random forest in CCR uses the contextual
features e.g., moving speed, acquired from the predicted result of
the 1st layer. We thus say that CCR is an implicit sequence-based
approach due to the contextual features.

For evaluation, we select 80% and 20%MR samples as the training
and testing datasets, respectively. During the training phase, we
adopt the 10-fold cross validation to tune parameters. After the
models are trained, we use them to calculate the locations of testing
MR samples. By computing the Euclidian distance between the
predicted locations and the corresponding ground truth (i.e., the
GPS coordinates of MR samples) as the prediction error, we choose
median error, mean error and top 90% error (by sorting errors of
validation data in an ascending order) as evaluation metrics.

Counterpart Description Approach

NBL Recent fingerprinting method [11] Single Point
RaF 1-layer random forest regression [27] Single Point
CCR 2-layer random forest regression [27] Single Point
HMM HMM + particle filtering [13] Sequence
CNN CNN using 4 convolution layers Single Point
LSTM basic LSTM Sequence
StackLSTM two-layer stacked LSTM network sequence
Seq2Seq sequence to sequence model [15] by LSTM sequence
ConvLSTM convolutional LSTM [14] Sequence
RecuLSTM Proposed Recursive LSTM Sequence
DeepLoc CNN + RecuLSTM Sequence

Table 3: DeepLoc’s Counterparts

5.2 Baseline Study
In Table 4, we compare the prediction errors (median, mean and
90% errors) of the 11 approaches in three areas (Jiading, Siping,
and Xuhui). For each area, we have a 2G data set AND a 4G data
set, and thus totally 6 datasets. In addition, for two
single-point-based approaches such as CCR and NBL, we
particularly perform post-processing steps on their predicted
locations by using the particle filtering (PF) technique, namely
CCR_F and NBL_F, respectively. Following [13], we set the
parameters used for PF as follows: 1) 500 particles, 2) 100 times of
recurrent processes and 3) Gaussian distribution for system and
observation noises. Moreover, with help of extra road network
information, we exploit the map-matching technique [26] to
project the predicted locations by CCR, NBL and HMM and
DeepLoc onto the road networks, and name them by CCR_M, etc.
From this table, we have the following findings.

First, DeepLoc offers the least error among these 11 approaches
on 6 MR datasets only except those 4G MR samples in Siping and
Jiading areas which contain only one BS information in each
sample. For example, in case of 2G data sets from Jiading, DeepLoc
reduces the median error by 55.4% compared with CCR. In
addition, DeepLoc slightly outperforms the 6 other DNN-based
approaches (i.e. CNN, LSTM, StackLSTM, and SeqtoSeq,
ConvLSTM, and RecuLSTM). Such results indicate that DeepLoc
outperforms both the state-of-the-art approaches and alternative
deep-learning approaches.

Second, we are interested in the result of two post-processing
techniques. At first, the particle filters-based post-processing
CCR_F and NBL_F lead to slightly better results than the original
ones. However, DeepLoc still outperforms CCR_F and NBL_F,
mainly because particle filtering can correct individual outliers but
not multiple continuous outliers which could entirely shift away
from ground truth locations. Secondly, the map matching-based
approaches CCR_M, NBL_M and HMM_M leverage road network
constraints and lead to much lower errors than particle filters.
Nevertheless, the majority of those map matching-based results
still cannot compete with DeepLoc, let alone DeepLoc_M. These
numbers verify the power of DeepLoc to generate smooth and
accurate location trajectories.



Dataset Jiading(2G) Jiading(4G) Siping(2G) Siping(4G) Xuhui(2G) Xuhui(4G)
Median Mean 90% Median Mean 90% Median Mean 90% Median Mean 90% Median Mean 90% Median Mean 90%

NBL 57.4 67.2 300.9 53.7 66.8 318.6 42.8 63.0 298.3 43.2 64.9 256.7 45.9 59.0 240.7 32.2 52.7 191.2
NBL_F 40.8 59.2 214.7 38.6 55.7 207.8 37.4 56.1 209.3 36.7 57.2 209.3 37.2 51.4 186.5 29.3 48.5 171.3
NBL_M 38.9 50.7 165.8 36.1 49.2 149.5 30.5 45.1 141.8 31.1 46.6 140.6 32.3 45.6 155.1 30.6 44.8 142.9
RaF 38.3 48.3 168.9 38.5 47.2 158.9 41.1 47.3 158.8 35.1 44.4 105.8 35.6 43.4 137.7 32.2 41.5 104.4
CCR 34.1 43.2 142.3 30.2 44.5 145.9 37.5 42.8 139.5 29.5 40.6 101.2 30.0 40.2 125.2 20.0 34.1 98.3
CCR_F 29.3 40.8 130.7 27.7 41.2 136.3 30.1 39.6 128.4 24.5 37.4 95.6 25.3 34.2 117.3 18.6 32.1 91.9
CCR_M 22.1 36.6 99.1 17.8 32.9 105.5 23.8 33.5 93.9 16.8 32.1 79.9 18.4 34.5 92.6 13.6 28.4 86.7
HMM 38.9 59.9 172.8 42.1 53.6 188.4 37.2 51.4 160.3 30.7 48.2 145.6 35.3 42.7 148.0 28.6 39.1 129.5
HMM_M 22.3 41.7 109.2 24.6 40.3 118.3 25.0 36.6 121.0 19.7 35.1 99.3 21.2 34.8 113.4 18.3 31.9 103.5
CNN 18.2 42.2 82.7 25.4 47.2 92.3 18.9 45.4 79.1 24.1 44.3 96.4 17.6 43.1 73.0 15.9 39.9 67.4
LSTM 26.5 51.3 89.2 24.3 50.6 88.9 25.2 49.6 86.3 24.3 48.2 88.5 22.6 48.2 90.1 21.4 44.1 82.3
StackLSTM 26.7 56.1 93.1 25.4 54.2 92.3 25.4 54.2 89.9 24.5 50.8 84.4 23.7 44.8 86.3 21.9 43.5 84.9
SeqtoSeq(LSTM) 25.4 50.6 85.3 24.2 50.1 81.7 23.4 48.9 84.9 22.7 47.3 83.5 22.5 43.2 84.7 21.9 42.9 81.8
ConvLSTM 28.5 59.3 129.3 27.3 58.1 124.5 27.7 57.3 120.4 25.6 55.7 117.2 25.3 52.5 113.2 24.4 50.6 107.8
RecuLSTM 17.9 42.6 67.7 17.0 38.7 63.5 18.5 43.8 70.4 16.9 37.4 62.5 18.8 37.6 64.5 14.6 34.6 62.1
DeepLoc 15.2 37.8 63.2 16.4 39.6 66.4 16.7 33.2 62.17 17.4 35.7 60.2 15.7 34.4 62.5 13.7 31.2 59.3
DeepLoc_M 13.9 33.5 60.1 13.7 34.8 61.4 13.7 31.5 60.4 14.8 33.7 58.6 14.2 32.8 60.3 13.1 29.9 57.5

Table 4: Baseline Experiment: Localization Errors of 9 Approaches

Thirdly, we compare the top-90% errors among the 11 approaches.
Still on Jiading 2G dataset, DeepLoc outperforms CCR with 60.3%
lower top-90% error and 55.4% lower median error. Similar results
apply to the other literature works. These numbers indicate that
DeepLoc, due to the used sequence model, can effectively mitigate
the outliers among the predicted locations.

Fourthly, we compare the results of the 8 sequence-based
approaches against 3 single-point-based ones. For example,
DeepLoc outperforms CNN by 16.8% smaller median error on
Jiading 2G data set. Note that CNN works better than all other
models except DeepLoc among most datasets except Jiading and
Siping 4G datasets. It is mainly because CNN can comfortably
capture the spatial features in case that the MR samples contain
enough BSs. In case there is only one BS in a MR sample of the
Jiading and Siping 4G datasets, CNN cannot consistently lead to a
good result. In addition, though CCR and RaF are both Random
Forest-based approaches, CCR, due to the used contextual features
such as moving speed, leads to better result than RaF by 10.9%
smaller median error. Such results verify that the sequence models,
no matter implicit or explicit use of contextual features, could lead
to better results than the original single-point-based approaches.

Fifthly, among the 7 deep neural network-based approaches,
ConvLSTM (see Section 6 for an introduction of ConvLSTM)
suffers from the highest errors. It might be mainly because
ConvLSTM is typically used to solve flow prediction (e.g.,
precipitation nowcasting [14] and traffic accident [21]) for the
sequence data involving explicit spatiotemporal information.
However, our MR records do not contain accurate locations, which
are just the objective of our model (Note that the GPS locations of
BSs are used as additional features, but not the locations of MR
records). Thus, ConvLSTM may not properly solve our problem
though ConvLSTM also utilizes the power of both CNN and LSTM.

Sixthly, we compare DeepLoc against the three LSTM variants
including StackLSTM, Seq2Seq and RecuLSTM. Simply stacking
the LSTM layers for deeper neural networks might not greatly
decrease prediction errors, instead incurring the worst result.
Though slightly better than StackLSTM, Seq2Seq cannot process
the MR sequence in a hierarchical manner and still cannot
compete with DeepLoc. As a simplified version of DeepLoc
without using the CNN model, RecuLSTM does not capture the
spatial features offered by the CNN model and thus leads to a
worse result than DeepLoc.

Finally, Table 4 is consistent with the previous works CCR and
NBL: for the same area e.g., Xuhui, 4G MR samples typically lead to
better result than 2G samples; and for the same Telco networks, the

results of the Xuhui 2G dataset are better than those of Siping and
Jiading 2G datasets. Such a result is consistent with the statistics
in Table 2: higher BS deployment density in 4G networks and core
areas can achieve better result than those in 2G and rural areas. We
also note that due to only one BS per MR in Jiading and Siping 4G
datasets, their errors are even higher than those 2G datasets. Such
result verifies the importance of having measurements of multiple
base stations for precise localization.

5.3 Sensitivity Study
Due to space limit, we choose Jiading 2G dataset (with the most
data samples and largest area) for sensitivity study.
(1) CNN Configuration: Recall that the CNN component in
DeepLoc is important to capture spatial features and even can be
used as a single-point model. Thus, we are interested in the
performance of DeepLoc by varying the configurations of the
CNN components. Table 5 gives the prediction errors of 5
configurations, in which the prediction layers follow the same
configuration “FC256-FC256-Softmax”, i.e., a fully connected
network with 2 hidden layers and the softmax for regression. In
this table, the 1st configuration means a 100 × 100 × 3 input MR 3D
tensor and 4 convolution layers (three of them contain the
associated maximal pooling) plus the aforementioned prediction
layer.

We first find that the 100× 100× 3 input MR 3D tensor in the 1st
configuration performs better than the 50 × 50 × 3 tensor in other
configurations, due to the finer-grained grid mapping. Secondly, the
four-convolution-layer models in the 2nd and 3rd configurations
are generally better than the three-convolution-layer model in the
5th configuration. However, having more than four convolutional
layers in the 4th configuration does not significantly reduce the
errors. Thirdly, a greater filter kernel (9×9 in the 3rd configuration)
leads to higher errors than the one with a smaller filter kernel such
as 5 × 5 in the 2nd configuration. It is mainly because a greater
kernel leads to more loss of BS spatial information especially when
those BSs in a MR sample are not very far away. As a summary,
when compared with the 5th configuration, the 2nd one even with
one less convolution layer can achieve acceptable errors.
(2) Number of Recursive Layers: We study how the number of
recursive layers in the RecuLSTM component affects prediction
errors by varying the number of recursive layers from 0 to 4. Here,
DeepLoc with no recursive layer contains a fully connected layer
alone, leading to the highest error. A greater number of recursive
layers give better results, though after 2 recursive layers, deeper
models do not greatly improve the errors. Therefore, using 2



Configuration Input Tensor Conv Median Mean Top-90%
1 50 × 50 × 3 Conv15*256-Maxpool–Conv25*128-maxpool-Conv33*64-Maxpool-Conv43*32 25.7 49.9 97.8
2 100 × 100 × 3 Conv15*256-Maxpool-Conv25*128-Maxpool-Conv33*64-Maxpool-Conv43*32 18.2 42.2 82.7
3 100 × 100 × 3 Conv19*256-Maxpool-Conv25*128-Maxpool-Conv33*64-Maxpool-Conv43*32 23.1 47.5 89.5
4 100 × 100 × 3 Conv15*512-Maxpool-Conv25*256-Maxpool-Conv35*128-Maxpool-Conv43*64-Maxpool-Conv53*32 18.0 41.7 83.1
5 100 × 100 × 3 Conv15*256-Maxpool-Conv25*128-Maxpool-Conv33*64-Maxpool 24.3 48.6 99.2

Table 5: Prediction Errors of various network configurations
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Figure 7: Effect of Prediction Layer

recursive layers can achieve comfortable results with a short
execution duration.
(3) Optimization of Prediction Layer: Recall that in Section 4.2,
we have applied two optimization techniques (tuning the number
of hidden layers and initiating the weightW (1) by the processing
result of CNN). To study the effect of the optimization techniques,
we evaluate DeepLoc (after optimization) against the one without
optimization. For the two versions of DeepLoc, we manually vary
the number of used epoches (or iterations) to train RecuLSTM in
DeepLoc and see when DeepLoc becomes converged. As shown in
Figure 7, after 200 epoches, the prediction error of DeepLoc with
optimization remains rather stable meanwhile with much smaller
prediction error than the one without optimization. It verifies that
the optimization techniques do speed up convergence and also lead
to smaller errors.
(4) Concatenation Function: Recall that we perform a
concatenation operation on the input sequence vectors (or
tensors). Alternatively, such operations as mean, max and last can
be applied to these vectors/tensors. Here, the last function
indicates that among the input sequence consisting of multiple
vector/tensors, the last vector/tensor is directly taken as the output.
As shown in this figure, the concatenation operation leads to the
best result. It is mainly because this operation can preserve the
exactly entire information from the input sequence. In addition,
the last operation leads to a slightly better result than the max and
mean Operations. It might be because the final prediction result is
highly possible related to the last hidden state of each LSTM.
(5) Sampling Interval: For the raw Jiading 2G dataset, we
randomly select some samples by varying the sampling interval
from every 2 seconds to every 30 seconds. Figure 9 gives the
prediction errors of 4 deep neural network-based approaches (we
do not choose ConvLSTM, StackLSTM, and Seq2Seq because

ConvLSTM incurs the worst results as mentioned above, and both
StackLSTM and Seq2Seq are the variants of LSTM and they have
the similar prediction errors compared with LSTM). Given a higher
sampling interval (and thus more sparse data samples), all
approaches incur higher prediction errors. Secondly, the (single
point-based) CNN approach performs better than the
(sequence-based) LSTM approach for a low sampling interval, and
yet worse for a high sampling interval. It is mainly because the
CNN model can comfortably capture the spatial features locally
from dense samples and instead the LSTM approach can extract
better temporal dependencies even from sparse samples. Finally,
RecuLSTM can capture short/long-term dependency from either
sparse or dense MR sequences, and DeepLoc ensembles the power
of CNN and RecuLSTM, leading to the least errors.
(6) Sliding Window Size: Recall that DeepLoc with 2 recursive
layers leads to the best prediction results. Thus, we study how
the window sizes in these 2 layers affect the prediction errors of
DeepLoc. By enumerating the various window size from 1 to 10, our
experiments empirically find thatw1 = 8 andw2 = 3 can achieve the
best result. These numbers are roughly consistent with the empirical
setting in Section 4.2.2: we set w1 = C2_bs and w1 ×w2 = C1_bs .
Based on Jiading 2G dataset, we compute the average C2_bs = 8.33
and C1_bs = 27.53, leading tow1 = 8.33 andw2 = 3.3.

5.4 Visualization
Finally Figure 10 visualizes the prediction results of DeepLoc and
three existing Telco localization approaches (HMM, CCR and NBL)
on a randomly selected small area from Jiading 2G data set. In
addition, with help of the extra road network, we perform the
map-matching technique [26] on the trajectories and plot the
map-matching trajectories in this figure.
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In case of no map-matching, the trajectory predicted by
DeepLoc is the closet to the ground truth in terms of horizontal
moving directions and vertical shift out of road segments. Yet NBL
leads to the most significant shift in both horizontal and vertical
directions. HMM and CCR, though with better results than NBL,
cannot compete with DeepLoc still due to some minor outliers.

In terms of the map-matching results of these approaches, this
post-processing technique can greatly improve CCR and NBL to
generate smooth trajectories. However, the map-matching
technique cannot fully overcome the overall shift along the
horizontal moving direction, which has been clearly visualized in
this figure. Consistent with Section 5.2, DeepLoc can still lead to
the acceptable result, even without those post-processing steps
such as map-matching.

6 RELATEDWORK
Trajectory Recovery: Some literature works focus on calculating
single-point locations, and others on estimating a sequence (or
trajectory) of multiple locations. For example, AT&T researchers
[13] proposed to apply HMM for trajectory generation and next
apply particle filters to smooth the trajectory. CCR [27] designed
temporal and spatial contextual features (e.g., moving speeds, time
gap, etc.) based on domain expert knowledge and feature
engineering expertise to greatly improve prediction accuracy. In
addition, when given a set of (GPS) locations, some works
proposed to recover an entire trajectory from such locations. For
example, with help of road network constraints, map-matching
techniques and their variants [26] can project the locations onto
road networks to correct outlier locations (for example those noisy
GPS points). Also some works use various filtering techniques (e.g.,
particle filters) [13, 19] to smooth the trajectories.

Mobile Data Processing by Deep Learning: Deep neural
networks have been widely used in various scenarios for
processing mobile data in recent years [22]. First, for the
time-series data generated by mobile sensors (e.g., accelerometers
and gyroscopes), some works were proposed to address data noise
issues [8, 20]. In [8], the authors proposed an outlier detection
framework that incorporates several deep neural network based
autoencoders. DeepSense [20] targets to improve the accuracy of

estimating signals from noisy measurements in mobile sensing
applications by integrating convolutional and recurrent neural
networks.

ConvLSTM [14] and its variants such as Hetero-ConvLSTM [21]
have been used in flow predictions when using spatiotemporal
sequence data. ConvLSTM is a variation of LSTM to handle
spatiotemporal prediction problem for precipitation nowcasting.
Each input feature of a ConvLSTM is a 3D spatio-temporal tensor,
where the first two dimensions (row and column in the 3D tensor)
are the spatial dimensions. Comparing with the original LSTM, the
input-to-state and state-to-state transitions of the ConvLSTM cell
involve the convolutional operations that output 3D tensors. To
study the traffic accident prediction problem using ConvLSTM, the
authors in [21] proposed a Hetero-ConvLSTM framework to
address the spatial heterogeneity challenge in the data over the
state of Iowa. Our work DeepLoc differs from ConvLSTM [14]
because MR data do not explicitly contain accurate spatial
information which is just our prediction objective (note that the
GPS locations of base stations are not the locations of the mobile
devices in MRs). Moreover, in terms of network structure, we
utilize the prediction results of CNN, but not a convolution
operator in input-to-state and state-to-state transitions.

7 CONCLUSION
In this paper, to generate a smooth trajectory connecting precisely
predicted outdoor locations, the proposed framework DeepLoc
ensembles the power of CNN and RecuLSTM. Our extensive
evaluation validates that DeepLoc greatly outperforms four
state-of-the-art Telco localization approaches and six alternative
deep neural network-based approaches on six 2G/4G datasets
collected in three representative areas in Shanghai. The promising
result of DeepLoc inspires the following future work. For example,
we are interested in the use of those generated trajectories from
Telco MR data for mobility pattern analysis, and the potentials of
applying DeepLoc to forthcoming 5G networks.
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