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ABSTRACT

The clock bias of cellular code division multiple access
(CDMA) base transceiver station (BTS) sectors is char-
acterized. The clock biases of individual sectors and the
discrepancy between the clock biases of different sectors
of the same BTS cell are studied. If not modeled and ac-
counted for appropriately, this discrepancy could be harm-
ful when cellular CDMA signals are exploited for naviga-
tion, introducing tens of meters of error in the position
and tens of nanoseconds of error in the receiver’s clock
bias estimate. A model for the discrepancy is proposed
and validated through extensive experiments at different
locations and times. Finally, an empirical upper bound
on the discrepancy between the sector clock biases is pro-
vided.

I. INTRODUCTION

Exploiting ambient radio frequency (RF) signals of oppor-
tunity (SOPs) for positioning and navigation in global nav-
igation satellite system (GNSS)-challenged environments

has received considerable attention recently [1–5]. The lit-
erature on SOPs answers theoretical questions on the ob-
servability and estimability of the SOP signal landscape
[6,7], motion planning in the SOP signal landscape for op-
timal information gathering [8–10], and collaborative SOP
landscape map building [11]. Moreover, different studies
have been conducted on specific types of SOPs including
AM/FM radio [12, 13], iridium satellites [14, 15], digital
television [16, 17], cellular [18–20], and Wi-Fi [21, 22].

One of the main challenges associated with using SOPs for
navigation is the unavailability of error models and associ-
ated analysis for different classes of SOPs. A critical source
of error in SOP-based navigation is the mismatch in the dy-
namics and/or observation models [23]. In [19], a new error
source corresponding to cellular code division multiple ac-
cess (CDMA) signals was revealed, namely observed clock
bias mismatch corresponding to different sectors within
the same cellular base transceiver station (BTS) cell. It
is important to note that while this error is not harmful
for communication purposes, it severely degrades the nav-
igation performance if it is not modeled and accounted for
appropriately.

This clock bias mismatch could be particularly harmful
for navigation purposes in two scenarios. In the first sce-
nario, a receiver that has no knowledge of its own states,
nor has access to GNSS, is present in a cellular CDMA
environment and is making pseudorange measurements to
BTSs nearby. The receiver has access to estimates of the
BTSs’ states through a central database. These estimates
could be produced through stationary mapping receivers
or crowdsourced from mobile receivers in the environment.
In some cases, while estimates of the BTS sector in which
the navigating receiver is located may not be available, es-
timates of a different sector of the same BTS cell may be
available in the database. If the navigating receiver uses
such estimates, the discrepancy between the sector clock
biases will introduce errors on the order of tens of meters in
the receiver’s position estimate and tens of nanoseconds in
the receiver’s clock bias estimate. A second scenario where
this discrepancy is harmful is when the receiver is navigat-
ing in a simultaneous localization and mapping (SLAM)
framework [24], in which case it must account for the afore-
mentioned discrepancy when transitioning from one sector
of the BTS to another sector. This paper analyzes the dis-
crepancy between the clock biases of different sectors of a
BTS by showing experimental data of several realizations
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of this discrepancy and of its process noise over different
time and locations.

The remainder of the paper is organized as follows. Sec-
tion II discusses the discrepancy between sector clock bi-
ases. Section III describes the hardware setup and the
environments in which the data was collected. Section IV
presents experimental results characterizing the discrep-
ancy between the clock biases observed in different sectors
of the same BTS. Concluding remarks are given in Section
V.

II. CLOCK BIAS ESTIMATION AND SECTOR

CLOCK BIAS DISCREPANCY

This section discusses the estimation of the sector clock
bias and the observed discrepancy between the clock biases
of different sectors of a BTS cell.

A. Clock Bias Estimation

A cellular CDMA receiver is assumed to be drawing pseu-
dorange measurements from the nearby BTSs. The state

of the receiver is defined as xr ,
[

rr
T, cδtr

]T

, where rr =

[xr, yr]
T is the position vector of the receiver, δtr is the

receiver’s clock bias, and c is the speed-of-light. Similarly,

the state of the ith BTS is defined as xsi ,
[

rsi
T, cδtsi

]T

,

where rsi = [xsi , ysi ]
T
is the position vector of the ith BTS

and δtsi is the clock bias. The pseudorange measurement
to the ith BTS at time k, ρi(k), is given by

ρi(k) = ‖rr(k)− rsi‖+ c · [δtr(k)− δtsi(k)] + vi(k), (1)

where vi is the observation noise, which is modeled as a
zero-mean white Gaussian random sequence with variance
σ2
i [25]. Knowing the receiver’s position and clock states

(from GPS, for example) and the BTS position (through
prior mapping, surveying, or database access), the clock
bias of the BTS can be readily estimated.

B. Clock Bias in Different Sectors of the Same

BTS Cell

Ideally, the clocks of all sectors within a particular BTS
cell should be driven by the same oscillator, which implies
that the same clock bias should be observed in all sectors
of the same cell. However, factors such as unknown dis-
tance between the phase-center of the sector antennas and
delays due to radio frequency (RF) connectors and other
components (e.g., cabling, filters, amplifiers, etc.) cause
the clock biases corresponding to different BTS sectors to
be slightly different. This behavior was consistently ob-
served in experimentally collected data. In order to detect
the discrepancy between sectors’ clock biases, a cellular

CDMA receiver was placed on the border of sectors pi and
qi of a BTS cell and was drawing pseudorange measure-
ments from both sector antennas. The receiver had full
knowledge of its state and of the BTS’s position. Subse-

quently, the receiver solved for the BTS clock biases δt
(pi)
si

and δt
(qi)
si observed in sectors pi and qi, respectively. A

realization of δt
(pi)
si and δt

(qi)
si is depicted in Fig. 1.
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Fig. 1. (a) A receiver placed on the border of sectors pi and qi of the
ith BTS, making pseudorange observations on the sector antennas
simultaneously. In this scenario, the receiver has knowledge of its
own states and has knowledge of the BTS’s position. (b) Observed
BTS clock biases corresponding to two different sectors.

Fig. 1 suggests that the clock biases δt
(pi)
si and δt

(qi)
si can

be related through

cδt(qi)si
(k) = cδt(pi)

si
(k) + [1− 1qi(pi)] ǫi(k),

where ǫi is a random sequence that models the discrepancy
between the sectors’ clock biases and

1qi(pi) =

{

1, if pi = qi,

0, otherwise,

is the indicator function.

C. Clock Bias Discrepancy Dynamic Model

From what has been consistently observed in experimental
data, it is hypothesized that the discrepancy between the
clock biases of different sectors of the same BTS behaves
as a random walk. Subsequently, it can be modeled as

ǫi(k + 1) = ǫi(k) + ζ(k), (2)

where ζ, referred to as the process noise, is a white random
sequence.

III. TEST ENVIRONMENTS AND HARDWARE

SETUP

This section discusses the environments in which the ex-
periments were conducted as well as the hardware setup.
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A. Cellular CDMA SOP Test Scenarios

The tests were performed twice at three different locations.
There is a six day period between each test at each of the
three locations. A total of three carrier frequencies were
considered, two of them pertaining to VerizonWireless and
one to Sprint. The test scenarios are summarized in Table
I and Fig. 2. The date field in Table I shows the date in
which the test was conducted in MM/DD/YYYY format.

TABLE I

Test Dates, Locations, and Carrier Frequencies

Test Date Location Frequency Provider

(a) 01/14/2016 1 882.75 MHz Verizon

(b) 01/20/2016 1 882.75 MHz Verizon

(c) 08/28/2016 2 883.98 MHz Verizon

(d) 09/02/2016 2 883.98 MHz Verizon

(e) 08/28/2016 3 1940.0 MHz Sprint

(f) 09/02/2016 3 1940.0 MHz Sprint

Location 1

Location 2

Location 3

Colton

Riverside

UCR

BTS 1

BTS 2

BTS 3 2Km

Fig. 2. Locations of the cellular CDMA BTSs. Colton, CA; River-
side, CA; and the University of California, Riverside (UCR).

B. Hardware Setup

For the purpose of collecting data, a receiver that was
placed close to the border of two sectors for each BTS
was equipped with two antennas to acquire and track: (1)
GPS signals and (2) signals from the cellular CDMA BTS
sector antennas. The CDMA antenna used for the experi-
ments in location 1 was a consumer-grade 800/1900 MHz
cellular antenna and a high-gain tri-band cellular antenna
for locations 2 and 3. Both GPS antennas were surveyor-
grade Leica antennas. The GPS and cellular signals were

simultaneously down-mixed and synchronously sampled at
2.5 MS/s via a dual channel universal software radio pe-
ripheral (USRP) driven by a GPS-disciplined oscillator.
Samples of the received signals were stored for off-line post-
processing. The GPS signal was processed by a General-
ized Radionavigation Interfusion Device (GRID) SDR [26]
and the cellular CDMA signals were processed by the cel-
lular CDMA module of the LabVIEW-based Multichannel
Adaptive Transceiver Information Extractor (MARTRIX)
SDR [19]. The receiver’s clock bias obtained from the GPS
solution was used to solve for the BTS sector clock bias.
Fig. 3 shows the experimental hardware setup.

GPS Antenna

CDMA
Antenna

USRP

Storage

Laptop
+

CDMA
Antenna

GPS Antenna

Location 1Locations 2 & 3

Fig. 3. Experimental hardware setup for each location. Left: hard-
ware setup for locations 2 and 3. Center: data collection equipment.
Right: hardware setup for location 1.

IV. BTS SECTORS CLOCK BIAS DISCREP-

ANCY CHARACTERIZATION

This section provides extensive experimental data that
validate the sector clock bias discrepancy dynamic model
given in (2).

A. Realizations of the Discrepancy

Fig. 4 shows six realizations, five minutes each, of the dis-
crepancy corresponding to Tests (a)–(f) in Table I. It can
be seen from Fig. 4 that the behaviour of the discrepancy
is consistent across the tests. The initial discrepancy is
subtracted out so that all realizations start at the origin.

B. Realizations of the Discrepancy Process Noise

Next, the process noise driving the discrepancy is charac-
terized. The process noise sequence was calculated accord-
ing to

ζ(k) = ǫi(k)− ǫi(k − 1),

where ǫi is the measured discrepancy. The autocorrelation
function (acf) of each of the six realizations of ζ corre-
sponding to the six realizations of ǫi from Fig. 4 are shown
in Fig. 5. The shape of the acfs in Fig. 5 exhibits very
quick de-correlation, implying that ζ is approximately a
white sequence.

3



Time [s] Time [s]

ǫ
i
(k
)
[m

]
ǫ
i
(k
)
[m

]
ǫ
i
(k
)
[m

]

ǫ
i
(k
)
[m

]
ǫ
i
(k
)
[m

]

(a)

(c)

(e) (f)

(d)

(b)

ǫ
i
(k
)
[m

]

Fig. 4. Six realizations, five minutes each, of the sector clock bias
discrepancy for the tests in Table I.
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Fig. 5. The acf of the six realizations of the process noise ζ corre-
sponding to the discrepancies in Fig. 4.

Finally, the probability density function (pdf) of ζ is stud-
ied. It has been found that the Laplace distribution best
fits the distribution of ζ obtained experimentally, as de-
picted in Fig. 6. A maximum likelihood (ML) approach
was employed to estimate the parameters of the Laplace
distribution based on the experimental data [27].

C. Practical Upper Bound on the Discrepancy

It has been noted in [19] that in practice, |ǫi(k)| ≤ α,
where α is on the order of tens of meters. A plot showing
α(k) , max

l
{|ǫi(l)|}

k

l=0 for each realization is provided in

Fig. 7. It can be seen from Fig. 7 that α is consistently on
the order of tens of meters, with a typical maximum value
of around 40m.
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Fig. 6. A histogram of each realization of the process noise along
with the estimated Laplace distribution.
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Fig. 7. Upper bound on the absolute value of the discrepancy as a
function of time corresponding to Tests (a)–(f) in Table I.

V. CONCLUSION

This paper discussed the discrepancy between the clock
biases of different sectors of the same BTS cell. A model
for the discrepancy was proposed and validated experi-
mentally. A total of six tests were conducted at different
locations and times in order to check for repeatability. The
experimental results were consistent across all tests.
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