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ABSTRACT
Nowadays, an increasing number of objects can be represented by their wireless electronic identiﬁers. For example,
people can be recognized by their phone numbers or their
phones’ WiFi MAC addresses and products can be identiﬁed
by their RFID numbers. Localizing objects with electronic
identiﬁers is increasingly important as our lives become increasingly “digitalized”. However, traditional wireless localization techniques cannot meet the fast growing needs of
accurate and cost eﬃcient localization. Some of these techniques require expensive hardware to achieve high accuracy,
which is impractical for massive deployment. Others, such
as WiFi RSSI based localization, are inaccurate and not robust to environmental noise. In this paper, we propose a
new localization technique called EV-Loc. In EV-Loc, we
use visual signals to help improve the accuracy of wireless
localization. Our technique fully leverages visual signals’
high accuracy and electronic signals’ pervasiveness. To effectively couple these two signals, we design an E-V match
engine to ﬁnd the correspondence between an object’s electronic identiﬁer and its visual appearance. We implement
our technique on mobile devices and evaluate it in real-world
scenarios. The localization error is less than 1 m. We also
evaluate our approach using large scale simulations. The
results show that our approach is accurate and robust.
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1.
1.1

INTRODUCTION
Motivation

Mobile devices have proliferated in recent decades. Almost everyone carries one or more such devices, e.g., smartphones and laptops. RFID technology is also developing
rapidly. RFID applications like product tags are becoming
an integral part of our daily lives. Following this trend,
our lives are becoming increasingly “digitalized”. We are
living in and connecting with a new interactive “web” that
involves almost everything around us. It is imaginable in
the near future, our intelligent house will respond to our
needs automatically. For example, the door will open and
the lights will turn on when and only when the house owner
approaches and wants to enter. In supermarkets, if we want
to ﬁnd something, a robotic assistant will come up to help
localize or even retrieve the product (with an RFID tag)
amidst racks of merchandise.
One key enabling technique for the digital life described
above is accurate localization of an object, such as a human, a product, a robotic assistant or even a phone. In a
digitalized world, every object can be assigned an electronic
identiﬁer, e.g., we can represent a person by his phone number or a product by its RFID number. Therefore, we are
interested in the following localization problem: given an
electronic identiﬁer, how can we localize the object bearing
this electronic identiﬁer accurately? Here accuracy is critical. In the above examples, with large localization errors,
the back door may be opened when the house owner is at
the front door, or the robotic assistant may bring back the
wrong product. As we consider the electronic identiﬁer and
its bearer as one logical point in the space, we will use ‘localizing the electronic identiﬁer’ and ‘localizing the object
with the electronic identiﬁer’ interchangeably hereafter.
To localize an object with an electronic identiﬁer, people
naturally use wireless technologies to capture and measure
wireless signals. Diﬀerent wireless localization techniques
have been proposed in recent years [19]. However, the performance of these localization techniques (shown in Table 1)
is still not satisfactory. Some techniques like Cricket [25] or
Pinpoint [32] provide accurate localization results, but their
accuracy relies on special hardware, which is often costly.
These techniques are impractical for civilian use. Other
techniques, e.g., Virtual Compass [5], do not rely on special hardware, but their localization results have relatively
low accuracy, because these techniques rely on such measurements as signal strength, which are very vulnerable to
the noise in the electronic environment.

System
Pinpoint [32]
Cricket [25]
RADAR [3]
Horus [31]
TIX [15]
Virtual Compass [5]

Technologies
RF TOA
TDOA(Ultrasound+RF)
WiFi RSSI
WiFi RSSI
WiFi RSSI
WiFi RSSI

Accuracy
1.3 m
5 cm
5.9 m
2m
5.4 m
3.2 m

Table 1: Accuracy of representative localization techniques

formance. The simulation results show that our approach is eﬃcient and robust.
The rest of this paper is organized as follows. Section
2 reviews related work. Section 3 details the proposed localization technique, including cases where electronic and
visual signals are indistinct and missing. Section 4 presents
our experimental and simulation results. Section 5 discusses
practical issues related to EV-Loc. Finally, Section 6 concludes the paper.

1.2 Our Contributions

2.

Given the limitations of wireless localization, we consider
using visual signal as an auxiliary tool for accurate and practical localization. Compared with electronic signals, visual
signals are relatively accurate in localization (less than 1 m)
and less aﬀected by noise [30]. The proliferation of camera
phones and commercial cameras make visual localization affordable. Therefore, visual signals are a good candidate to
help traditional wireless localization.
However, visually localizing an object does not mean knowing what the object is, hence is not enough. For example,
we can visually localize a human, but we may not ﬁnd out
who he or she is. It is well known that recognizing a human
is very hard just based on his or her visual appearance [14].
However, if we know the correspondence (or mapping) between a human’s visual appearance and electronic identiﬁer,
we can localize the human with the electronic identiﬁer (as
well as recognizing him or her) based on the visual localization result and the correspondence. Hence, with the visual
localization result, the key problem is to ﬁnd out such correspondence or mapping. In some cases, it is possible to build
up the correspondence library based on a priori information. But inputting the precise visual appearances of every
object to be localized is cumbersome and undesirable. Moreover, even with the precise visual appearances, as mentioned
above, recognizing a very speciﬁc human or object among
others is still very diﬃcult and time consuming.
In this paper, we propose EV-Loc, a technique integrating electronic and visual signals for accurate localization. In
EV-Loc, we assume that each object has an electronic identiﬁer, such as a smartphone’s WiFi MAC address, is given.
We want to localize an object associated with the electronic
identiﬁer. Speciﬁcally, EV-Loc takes electronic identiﬁers as
the input and automatically corresponds/maps them with
their visual signal counterparts extracted from the images.
Then we can leverage visual localization for more accurate
localization results. We claim the following contributions:

Wireless localization has been an active research area in
recent years. Many researchers have conducted extensive
work to advance core localization technologies and systems.
In this section, we summarize representative work in this
area. Generally, these works can be classiﬁed into three
classes: range-based, range-free, and ﬁngerprinting based.
Range-based localization uses electronic signals to measure the distance or angle between neighbor nodes and performs trilateration/triangulation to estimate an object’s position. Based on ways for measuring electronic signals, different localization techniques are proposed. For example,
Pinpoint [32] relies on time of arrival (TOA) for localization.
Cricket [25] implements time diﬀerence of arrival (TDOA)
using ultrasound and RF. Virtual Compass [5] uses RSSI
(received signal strength indicator) for relative positioning
by combining the Bluetooth and WiFi RSSI readings.
Range-free localization does not rely on measurement of
distance or angles. Instead, it assumes nodes can estimate
distances between each other and the anchor nodes’ positions are known. For example, the Centroid algorithm [6]
and APIT [16] use area estimation to estimate an object’s
position. DV-Hop [23] and Amorphous [22] estimate the
minimum hop count between the unknown target node and
the anchor node as well as the average hop distance, then
calculate distance based on these estimations.
Fingerprinting based localization diﬀers from the previous
techniques. It ﬁngerprints each location in a scene with a
vector of RSSIs from various transmitters, e.g., WiFi APs
and GSM towers. Then an object’s position is estimated
by matching the observed RSSI readings with the closest a
priori location ﬁngerprints. RADAR [3], Horus [31], and
TIX [15] are representative works in this category.
Our work is also closely related to visual tracking and
sensor fusion techniques. Yilmaz et al. overview this ﬁeld in
[30]. It has many real applications in a variety of areas such
as robotics or bioinformatics. Smith et al. survey the use of
multisensor fusion for tracking [27]. SurroundSense [2] uses
WiFi RSSI, sound, light, etc. for indoor localization. There
is a recent work [28] using combinations of electronic and
visual signals for object identiﬁcation. This work focuses on
object ﬁltering over a long period of time in which objects’
locations change. Thus, it is not a localization problem.

• We propose a methodology that leverages the accuracy
of visual localization to help wireless localization.
• We propose an eﬀective approach for E-V matching,
i.e., corresponding an object’s electronic identiﬁer with
its visual appearance. We also propose a novel method
using a distance based location descriptor to model the
uncertainty in E-V matching. We derive appropriate
thresholds to produce correct matching results.
• We prototype the EV-Loc system and conduct realworld experiments. We can achieve high accuracy for
cellular phone localization with median error at ∼0.5
m and 90 percentile error at ∼1 m. We further perform large scale simulations to evaluate EV-Loc’s per-

3.

RELATED WORK

EV-LOC DESIGN

In this section, we present the design of EV-Loc. We start
with an overview of EV-Loc, then introduce its workﬂow,
followed by its core component, the E-V match engine.

3.1

Design Overview

As discussed in Section 1, our goal is to improve the localization accuracy of an electronic identiﬁer with the help

of video cameras. This can be achieved by corresponding a
wireless device, i.e., its electronic identiﬁer, with its shape
or owner in the video and then incorporating the visual localization results. In reality, the electronic identiﬁers and
their visual signal counterparts can take any form. In this
paper, we take smartphone localization as an example; the
visual object corresponding to a smartphone is its owner.
In order to ﬁnd the correspondence, we estimate the wireless device’s location with traditional wireless localization,
and match this location to a human’s location. If the match
is successful, i.e., we ﬁnd the smartphone’s owner, we can
fuse the electronic and visual location results to get a more
accurate result than can be obtained from purely electronic
or visual localization.
However, the wireless localization result can be highly inaccurate. The circles in Fig. 1a give the possible localization
result range. The circle in the wireless “vision” is much bigger than that in the camera vision.Consider Fig. 1 as an
example. If there is only one smartphone in the wireless
vision and one person in the camera vision (Fig. 1a), corresponding the smartphone and person is straightforward.
However, if there are several people close to each other (Fig.
1b), corresponding smartphones with people is very hard. In
this case, we cannot directly fuse the location results, as a
mismatch will result in a large localization error. The correspondence diﬃculty increases as the number of smartphones
and people in our vision increases.

We have two ways to describe the distance between two
objects. The traditional way is to use the Euclidean distance between the location estimate points. However, we
introduce here the concept of a location descriptor. A location descriptor of an object is a tuple of distances between
this object and other objects, including the wireless detectors, i.e., access points (APs). We can deﬁne the distance
between two tuples using any reasonable measure. The advantage of using location descriptors is two-fold. First, location descriptors capture the geometric topology among the
objects, and carry more information than an estimated location point. In fact, the location estimate point is calculated
from the topology among the object and several APs, so it
cannot carry more information than raw distances. Furthermore, we can add the distance between any pair of objects
into the descriptor to increase its power and ﬂexibility. Second, the descriptor’s error distribution is easier to model
than pure estimated location points. The elements in each
tuple are distance measurements, whose distribution can be
analyzed or at least approximated in closed form. On the
other hand, the error distribution of the ﬁnal point localization result is almost impossible to derive. Though we can
use the Cramér-Rao lower bound to estimate the variance
[9], this bound is not typically useful in our case. As we will
compare many pairs of locations, we need a ﬁner distribution
of the error than mere variances.
Note that using the descriptor brings extra beneﬁts if the
object to be localized is moving, e.g., humans with smartphones or robotic assistants. Normally, mobility is thought
of as a curse for localization, as we cannot average away
the noises from multiple measurements. However, if we consider the topological information of all objects to be localized, mobility can be useful to distinguish one object from
the others. Speciﬁcally, a local position change of one object will change all the distances, i.e., the whole topological
information. This more signiﬁcant change in the topological information can help us uniquely identify and localize
this object. For example, when three objects are very close,
they cannot be distinguished. But if one of them moves farther, it can be easily identiﬁed from the topological change.
The faster the topology changes, the faster the objects can
be distinguished. Nevertheless, it should be pointed out
that our scheme works with both mobile and static objects.
While object mobility helps the matching converge faster,
multiple readings of a static object help to cancel the noise,
which also leads to faster convergence of the matching. Our
EV-Loc scheme fully exploits any statistical opportunity for
both mobile and static objects.

3.2
Figure 1: Associating wireless devices with their owners
Though inaccurate wireless localization makes correspondence diﬃcult, we can still infer the correspondence statistically. In Fig. 1, if person A really corresponds to smartphone A′ , the average geometric distance between their location estimates from wireless and visual localization should
be the smallest in the long run, e.g., smaller than the average distance between A and B ′ . Given enough time for
location estimation, we can have a certain degree of conﬁdence in determining the correspondence between people
and smartphones.

Workflow

Fig. 2 describes the main components and workﬂow for
realizing our proposed localization technique.
The data collector has two parts: the electronic signal
measuring unit and the visual signal measuring unit. The
electronic signal measuring unit is installed on APs or mobile
devices used as reference points. It periodically measures
RSSI readings from smartphones. The visual signal measuring unit is installed on a central camera, which continuously
records time-sequenced visual snapshots containing all objects and their background scene information.
The signal processor conducts two following tasks: signal
error modeling and signal to distance conversion. The signal error modeling module is to ﬁnd a statistical model for

Figure 2: Workﬂow

the random observation of the electronic and visual signals
collected from each scene. The signal to distance conversion
uses site-speciﬁc environmental information to calibrate the
parameters of the log-distance path loss model and the visual
coordinate system. Then it converts each object’s electronic
and visual signals to estimated distances from the object to
all surrounding APs.
The E-V match engine corresponds an object’s electronic
signals to its visual signals. Its inputs are the estimated
distance (converted from electronic and visual signals) and
the signal error model. Since the aforementioned E-V correspondence is not known a priori, we need to compare each
pair of electronic and visual signals. To facilitate this comparison, we use a cost matrix to represent the similarity
between each pair of converted distances from the electronic
and visual signals. Based on this matrix, the match engine
generates a “best match” result with highest similarity between each pair.
The workﬂow of our approach is as follows. Given an object’s electronic identity, e.g., its WiFi MAC address, we ﬁrst
use the data collector to gather RSSI readings from diﬀerent
APs and visual snapshots from the central camera. All collected data are sent to a back-end server for further processing. After processing, the statistical characteristics of the
collected signals are generated with the signal error model;
the RSSI readings and visual appearances are converted to
estimated distances between the object and diﬀerent APs.
Using this information as inputs, the E-V match engine can
generate a best match between an object’s electronic and
visual location descriptors. To ensure the matching result is
correct with high conﬁdence, we repeat the matching process using the processed electronic and visual signals at other
time points until a certain threshold is reached. Finally,
when the match result is stable, we leverage visual localization to estimate the object’s location.
It is worth noting that we use highly modular function
blocks for adaptability. For example, instead of using a
range-based location descriptor, we may also use range-free
localization results for E-V matching. However, we need a
new error model for each diﬀerent localization method.

3.3 E-V Match Engine
Now we introduce the core of the above workﬂow, the E-V
match engine. For simplicity, we assume here that the elec-

tronic signals and visual signals are complete with no false
negatives or positives, i.e., there are no “ghost” or missing
objects. Also, we assume the visual signals are distinct, i.e.,
we can distinguish people in diﬀerent frames. More practical
considerations, e.g., indistinct visual signals or incomplete
signals, will be discussed in Section 3.5.
Suppose we have n wireless devices and n people. Each
person carries a wireless device, which is uniquely identiﬁable. The set of electronic location descriptors is x =
(x1 , . . . , xn )T , and the set of visual location descriptors is
y = (y1 , . . . , yn )T . πi is a permutation of the sequence
(1, 2, . . . , n), and yπi = (yπ1 , yπ2 , . . . , yπn )T is a permutation of the original vector y = (y1 , . . . , yn )T . Then we can
formulate the following best match problem:
arg min
πi

n
∑

∥xi − yπi ∥

(1)

i=1

zi = αxi + βyπi

(2)

The problem deﬁned in (1) can be understood as we ﬁrst
ﬁnd a permutation of y to match x. (1) can be solved with
the standard Hungarian algorithm [18]. After ﬁnding such
a permutation πi , we fuse the locations acquired wirelessly
and visually into z = (z1 , . . . , zn )T . α and β are the coeﬃcients that reﬂect the measurement conﬁdence. If the
measurement is inaccurate, i.e., the standard deviation is
large, we give the location estimate less weight, and vice
versa. Suppose every xi ∈ x and yi ∈ y have standard deviations σ1 and σ2 , respectively. σ1 and σ2 are determined by
the equipment used and the experiment environment. They
remain relatively stable throughout the time. Then we can
let α = σ1−2 /(σ1−2 + σ2−2 ) and β = σ2−2 /(σ1−2 + σ2−2 ). These
are the two optimal coeﬃcients in the maximum likelihood
sense given the two standard deviations σ1 and σ2 . ∥ · ∥ is
the norm operation. If we take xi and yi as coordinates,
∥ · ∥ can be the Euclidean distances or squared Euclidean
distances. As we note that it is often far more convenient
to deal with the squared Euclidean distance, we will stick to
squared Euclidean distance in the following part, especially
in Section 3.5.
So far, we have assumed that xi , yi , and zi are static
coordinates. We can extend them to a function of time,
i.e., x(t) = (x1 (t), . . . , xn (t))T , y(t) = (y1 (t), . . . , yn (t))T
and z(t) = (z1 (t), . . . , zn (t))T . We correspondingly deﬁne

∫
the norm ∥xi (t) − yj (t)∥ = |xi (t) − yj (t)|dt, where | · |
is the Euclidean distance (or squared Euclidean distance).
With these adaptations, we can use (1) and (2) to solve
the dynamic version of the problem. Note that we need to
adapt the Hungarian algorithm to this dynamic inﬂow of
information. After a new frame arrives at time ti , we need
to recompute the distance and re-run the Hungarian algorithm. However, we notice that we can keep the ﬁnal matrix
obtained in the last round of the Hungarian algorithm and
increase the distance based on that matrix. We can consider
this an incremental version of the Hungarian algorithm.
In practice, the accuracy of visual localization is far better
than that of wireless localization, so it is possible that α is
close to 1 and β close to 0. Under this circumstance, it is
reasonable to take the visual localization result alone as the
ﬁnal fusion result.

3.4 Derivation of Matching Threshold
The E-V match engine provides a best match and a potential correspondence between each object’s electronic identiﬁer and visual appearance. A remaining problem is guaranteeing the correctness of the matching and the ensuing localization results. To address this issue, we derive a matching
threshold based on the deviation of the estimated distances.
In general, the location descriptors for the same object
from the electronic and visual sides should be the same. (In
our cases, they are sets of distances.) But the electronic
and visual descriptors actually diﬀer because of noise. We
model the noise in the visual distance reading as Gaussian.
We also model the signal strength readings as Gaussian [26].
This means the converted distance from signal strength has
a log-normal distribution, as signals attenuate exponentially
with distance. The above measurements ﬂuctuate around
the mean values. If we average the measurements, the result is unlikely to deviate far from the mean values by the
central limit theorem. Thus we can bound the deviation and
determine with a certain conﬁdence that the electronic descriptor and the visual descriptor do not belong to the same
object if their deviations are too large. In the following, we
give a rigorous mathematical description of this process.
First, we deﬁne the electronic and visual location descrip1
2
3
tor as xi = (xAP
, xAP
, xAP
) and yi = (yiAP1 , yiAP2 , yiAP3 ),
i
i
i
APj
APj
where xi
or yi
is the measured distance between the
i-th object and the j-th AP. For brevity, we will write xij
and yij hereafter. In the above descriptor, we only consider the topological relation of objects with APs. It can be
easily extended to cases where more comprehensive topology information is used. We can simply append the tuple
with the distances to reference objects other than APs in
a consistent manner, i.e., all the tuples should include the
distance to these objects. Also, we use three APs here for
illustration purposes, but we could easily extend the tuple
to accommodate the additional AP measurements.
With the above transformation, we can model the variance
of each xi and yi . We model xij as a log normal variable.
According to [26], we can model P (d), the RSSI reading at
distance d, as
d
+ Pn ,
(3)
d0
where P0 is the original transmission power (known), a is the
attenuation coeﬃcient (known), d0 is a reference distance
(known), and Pn is the noise, which can be modeled as a
P (d) = P0 − a log10

normal random variable, N (0, σx′ ). So xij = d0 · exp{ln 10 ·
(RSSI − P0 − Pn )/a}. We can choose the reference distance
d0 to have unit length and deﬁne the exponent as a random
variable N (µ′xij , σx′ ). Here, µ′xij can be considered the accurate path loss reading RSSI − P0 for object xi by APj ; σx2
is the measurement variance of the AP in that wireless setting, which remains invariant. Let µxij = ln 10 · µ′xij /a and
σx = ln 10 · σx′ /a. Then xij ∼ log N (µxij , σx ). It is worth
noting that, if x ∼ log N (µ, σ), then E[x] = exp{µ + σ 2 /2},
and V ar(x) = {exp(σ 2 /2) − 1} exp{2µ + σ 2 }.
On the other hand, yij can also be modeled as a normal
variable, yij = y ∼ N (µyij , σy ). For the same object i,
the distances measured wirelessly and visually without noise
should be the same, i.e., exp{E[x]} = E[y].
Suppose xi and yi represent the same object. Then we can
have exp{µxij } = µyij . The squared Euclidean distance between xi = (xi1 , xi2 , xi3 )T and yi = (yi1 , yi2 , yi3 )T is written
as:

∆i =

3
∑

(xij − yij )2 .

(4)

j=1

If xi and yi represent the same object, ∆i , the distance
between xi and yi should be lower-bounded by a threshold.
If ∆i is larger than the threshold, we can say with high conﬁdence that the matching is wrong. Now we will calculate
the threshold and the conﬁdence.
Let us ﬁx j and look at a single term Mij = (xij − yij )2 .
We can bound Mij within [0, (µyij exp{3σx } + 3σy )2 ] with
the 3-σ rule. Though the 3-σ rule is just an approximation,
it accurately reﬂects the ﬂuctuation range of RSSI readings.
From our large amount of empirical data and many previous
research data, e.g., [20, 3], we ﬁnd that the 3-σ rule holds
in general. Then we apply the Hoeﬀding inequality, which
states that if we have n independent
variables X1 , . . . , Xn ,
∑
Pr(Xi ∈ [ai , bi ]) = 1 and X̄ = i Xi /n, then
{
}
2t2 n2
Pr(X̄ − E[X̄] ≥ t) ≤ exp − ∑n
.
2
i=1 (bi − ai )

(5)

Let each Mij be a random variable and substitute it in
(5). We ﬁnd that
{

2t2
Pr(∆i −E[∆i ] ≥ t) ≤ exp − ∑
4
j (µyij (exp{3σx } − 1) + 3σy )
(6)
It can be seen that E[∆i ] = (µ2y ·(exp{2σx2 } −2 exp{σx2 /2}+
1) + σy2 ). From (6), we know that if we have ∆i > t +
E[∆i ], then
∑the possibility that xi is not yi is at least 1 −
exp{−2t2 / j µyij (exp(3σx ) − 1) + 3σy 4 }.
The above inequalities form the basis for evaluating the
quality of the matching. A good matching must satisfy the
following conditions. If xi is matched with yj , ∆ij , which is
the squared Euclidean distance between the xi and yj tuples,
must be below a certain threshold with a certain conﬁdence,
and ∆ik (k ̸= j), the distance between xi and any other yk
tuples than yj , should be larger than a threshold with a certain conﬁdence. Speciﬁcally, Pr(∆ij − E[∆ij ] ≤ th1 ) ≥ c1 ,
and ∀k ̸= j, we have Pr(∆ik − mE[∆ik ] ≥ th2 ) ≥ c2 .
Empirically, we can set c1 very large, e.g., 99.9%, and let
c2 ∈ [90%, 99%]. We can then compute thresholds th1 and

}
.

th2 and use them to decide the appropriateness of the matching.
We note that we do not actually know µxij and µyij in
our calculation. In practice, we may take the visual measurements as approximate µyij s as they are relatively accurate.
With µyij , a simple logarithmic operation can give us µxij .

3.5 Extensions to Practical Settings
In this subsection, we discuss practical issues beyond our
baseline cases given above. We examine the cases where
some objects’ visual signals are indistinct, or some objects’
electronic or visual signals are missing, i.e., false negatives
in the detection. It is worth noting that false positives with
respect to electronic sensing can be considered as false negatives with respect to visual sensing, and vice versa. For
example, if we detect an irrelevant visual object without
wireless devices or a post is mistakenly identiﬁed as a person, a false positive takes place. We can view this false
positive object “missing” an electronic identiﬁer. If our E-V
match engine is robust enough, we will not associate any
electronic object with this irrelevant visual object.
To handle the missing object cases, we look deeper into the
Hungarian algorithm. There are several implementations of
the Hungarian algorithm. One of them is based on maximum ﬂow. It ﬁnds a maximum ﬂow in a bipartite graph,
regardless of the number of nodes in each graph bipartition.
This means that such an implementation can have diﬀerent
numbers of xi s and yi s and still ﬁnds a best match. We can
use this Hungarian algorithm implementation to handle the
missing objects cases. We will evaluate the robustness of our
proposed approach when facing the indistinct and missing
visual signal cases in Section 4.
With indistinct visual objects, we cannot distinguish among
people in diﬀerent visual frames. We need to determine this
correspondence. We ﬁrst deﬁne some terminology before
formulating the problem. Suppose we have m frames and
n wireless and visual objects in each frame. Then we have
x(t) = (x1 (t), . . . , xn (t))T as wireless location descriptors
and y(t) = (y1 (t), . . . , yn (t))T as visual location descriptors,
where t = t1 , . . . , tm . Here we notice that xi (t1 ) is the same
object as xi (t2 ), but yi (t1 ) is not necessarily the same object
as yi (t2 ). We only know that there are n visual objects at
times tj and tk . We randomly place the visual location descriptors in the descriptor tuple. Thus, we can only say that
yi (t1 ) is some yj (t2 ), but we do not know which yj . However,
we have a distance matrix containing the distances between
each pair of visual objects in diﬀerent images. We want to
ﬁnd a permutation πi for each time point, i.e., πi (t), that
minimizes the total sum of location diﬀerences and visual
object distances.
We can visualize the problem with the help of Fig. 3.
We want to match one xi with one yj at each time point
t1 , . . . , tm . We have a location distance matrix XYi between
x and any one of the m y(ti )s and a visual distance matrix
Yij between each pair of y(ti ) and y(tj ). Yij details the
visual dissimilarity between an object in y(ti ) and an object
in y(tj ). By associating an E signal with one or two V signals
from two diﬀerent visual frames, we actually pick a cost in
the distance matrix. A natural way to formulate the problem
is to ﬁnd πi (t) to minimize the total association cost from
each XYi and Yij . However, we face two diﬃculties here.
First, for comparisons of every pair of visual objects in
diﬀerent frames (m frames in total), the visual distance itself

Figure 3: Problem formulation

has space complexity O(nm ), which is exponential in m.
Then the time complexity is at least exponential in m. If m
is relatively small, e.g., m ≤ 10, we may try enumeration.
But as m increases, brute force enumeration will soon fail.
Second, the above problem is in fact a multi-dimensional
assignment problem [7]. It is NP-hard and even inapproximable when the dimension is at least 3. Even if we only
consider visual tuples at three time points, ﬁnding a best
match to minimize the cost is infeasible for large n.
In order to cope with the above two diﬃculties, we take
the following strategies:
First, we only consider the distance between two frames
neighboring in time. This practice makes sense, because
two frames far away in time may have low correlation, and
the distance of objects therein can be heavily distorted. We
may extend the processing scope to three or more frames
neighboring in time. In essence, we only consider a ﬁnite
number of frames close in time, not the entirety of frames.
Then, we need to solve the following problem:

arg min
πj (t)

m ∑
n
∑

|yπj (ti ) − yπj (ti+1 )|,

(7)

i=1 j=1

where, for convenience, we write yπi (t) to denote yπi (t) (t),
and deﬁne |yπj (tm ) − yπj (tm+1 )| := 0.
Second, we perform visual object matching ﬁrst. After
getting the matching, the objects’ visual appearances can be
considered distinct, and then we run the E-V match engine
discussed in Section 3.
In this paper, we leverage visual tracking techniques to
generate a similarity matrix between every pair of consecutive visual frames. Then we perform m − 1 rounds of the
Hungarian algorithm to ﬁnd the best match between every
pair of neighboring visual frames. After this step, we can
use the E-V match engine to localize an object as discussed
in previous section. The performance of this approach is
evaluated in Section 4.

4.

EVALUATION

In this section, we evaluate the performance of our proposed approach. To evaluate the localization accuracy in
real-world settings, we conduct both indoor and outdoor experiments using mobile phones and laptops. To evaluate the
eﬃciency and robustness of our proposed approach at large
scale, we perform simulations with diﬀerent environmental
settings and population sizes.

outdoors. The parameter
settings of our matching threshold
√
are σx = P · 5/ K and σy = 0.3, where P is the tuning parameter for RSSI to distance conversion and is learned from
each scenario. K records the number of RSSI measurements
(100) for each frame.

4.2 Large-Scale Simulations

4.1 Real World Experiments
We conduct experiments to localize mobile phones in both
indoor and outdoor settings. The indoor experiments are
conducted in a 10 m × 10 m area inside a research building. The outdoor experiments are conducted in a 20 m ×
20 m area outside the research building. As mobile phones
are too small to see in the image, we associate a discernible
object with each phone. In this case, we choose its owner as
the visual object, and we view the identiﬁer and the person
as an integral entity, i.e., we do not consider the impact of
human body on the phone signals. So we let the phones lie
on the ground with the owners. We will discuss the impact
of human bodies in the next section. In all experiments, we
have ﬁve colleagues with WiFi-equipped mobile phones as
target objects. We performed 10 indoor experiments and 10
outdoor experiments. In each experiment, we recorded 15
electronic frames and 15 visual frames. The RSSI readings
recorded in each frame are averaged over 100 measurements.
The time for APs to conduct 100 measurements varies between 5 to 20 seconds.
To capture target objects’ visual information, we set up
a camera shooting from above and covering the entire area.
The surveillance camera is calibrated with known intrinsic
parameters including focal length, lens distortion, and the
relative rotation and translation with respect to the scene.
The target objects’ visual appearances are detected using
the HoG pedestrian detector [12] and the correspondences
across frames are established using the detection scheme in
[1]. A person’s planar coordinates in the scene are calculated
by the pixel location of the bottom center of each bounding
box. To capture target objects’ electronic information, we
use three laptops on the ground as APs to detect nearby
mobile devices’ WiFi MAC addresses. The WiFi on target
objects’ mobile phones is turned on, enabling them to be
continuously detected.
The result of all experiments is shown in Fig. 4. For the
indoor experiments, we achieve a median error of 0.34 m
and 90 percentile error for 0.47 m. For the outdoor experiments, the median error is 0.43 m and the 90 percentile error
is 0.91 m. Speciﬁcally, our E-V match engine can achieve
a 90% (indoor) and an 80% (outdoor) success rate for correctly pairing all target objects’ WiFi MACs and visual appearances. On average, the E-V match engine uses 6 per 15
frames to converge indoors and 8 per 15 frames to converge
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Figure 4: Cumulative distribution function (CDF) of the
error distance

Since it is diﬃcult to conduct larger scale real experiments,
we conduct extensive simulations to further validate the performance of our proposed approach in diﬀerent environment
settings. In our simulations, we want to localize electronic
identiﬁers, which may be static or moving, e.g., humans with
mobile phones or the robotic assistants. All objects are randomly distributed in an area of 10 m × 10 m, and, if they
are mobile, they move with a constant speed under the random waypoint model [8]. Depending on the coordinates of
a given object within the area, its RSSI as received by the
APs is simulated, and a perspective distortion determined
from its distance to the camera is applied. For each location,
we obtain 10 RSSI
√ readings, and the standard deviation of
RSSI is set to 5/ 10.
The visual appearances of objects are simulated by taking human-shape samples from the INRIA database [11] and
scaling the sample in each frame according to its relative location with respect to the camera. (Whether the objects
are human or not is not important, so long as the visual
objects can be extracted from the images.) Samples of different poses from the same objects are randomly selected,
and image noise is added to the visual appearances to simulate appearance changes in diﬀerent frames. The HSV histogram feature with 8×8×4 bins is extracted for each visual object, and the similarity between two visual objects is
determined using the Bhattacharya distance between their
histograms [12, 24].
We measure the performance of our proposed scheme using three aspects: (1) The accuracy of our proposed approach as compared to localization using only electronic signals. We measure it by examining the variation of the localization accuracy when a number of frames are captured
in a single scenario; (2) The eﬃciency of our proposed approach. We evaluate it by examining the number of frames
needed to reach a given localization accuracy by changing
the number of APs, the number of localized objects, and the
motion speed of localized objects; (3) The robustness of our
proposed approach when there are missing and indistinct
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3.5

UserNum=3
UserNum=4
UserNum=5
UserNum=12
UserNum=20

2.5

2

1.5

1

0.5

0

3.5

APNum=3
APNum=5
APNum=7
APNum=9

3

Avg Error Distance (m)

Avg Error Distance (m)

3

2.5

2

1.5

1

0.5

0

5

10

15

20

25

0

30

0

2

1.5

1

5

10

15

20

25

0

30

0

10

20

Frame Number

(a) Impact of user density

30

40

50

60

70

Frame Number

(b) Impact of number of APs

(c) Impact of motion speed

4

4

MissPctg=0%
MissPctg=10%
MissPctg=30%
MissPctg=50%

MissPctg=0%
MissPctg=10%
MissPctg=30%
MissPctg=50%

3.5

2.5
2
1.5
1
0.5

3

3.5

Avg Error Distance (m)

3

4

Avg Error Distance (m)

3.5

Avg Error Distance (m)

2.5

0.5

Frame Number

0

Vel=0.5
Vel=1.0
Vel=2.0
Vel=4.0

3

Avg Error Distance (m)

3.5

2.5
2
1.5
1

5

10

15

20

25

30

35

40

45

50

Frame Number

0

2
1.5
1
0.5

0.5

0

0
0

5

10

15

20

25

30

35

40

45

50

(e) Impact of missing electronic signals

0

5

10

15

20

25

30

35

40

45

50

Frame Number

Frame Number

(d) Impact of missing visual objects

EV
E
V

3
2.5

(f) Impact of indistinct visual objects

Figure 6: Eﬃciency and robustness of our approach

visual signals. All simulation results are reported in Fig. 5
and 6. All results are averaged over 5000 runs.
Fig. 5 shows the accuracy of our proposed approach with
respect to the number of input electronic and visual frames.
We compare our approach with pure wireless and visual localization. For wireless localization, we use RSSI-based distance estimation plus multilateration to estimate the position of localized objects, as this technique is more practical
and more widely available than other wireless localization
techniques. We let 10 objects move with a speed of 2 m/s
and deploy 3 APs on the boundary to form an isosceles triangle. There are three curves in the ﬁgure. The top curve
shows the error distance using RSSI localization, the middle
curve is the error distance of our approach, and the bottom
curve is the error distance of visual localization. We can
see that the wireless localization consistently has an error of
around 3.4 m, while our approach has a decreasing error distance as the frame number increases. This is because more
and more objects are corresponded between their electronic
identiﬁers and visual appearances. After around 40 frames,
our approach can fully leverage the high accuracy of visual
localization to achieve an average error about 0.5 m.
In Fig. 6a, we evaluate the impact of the number of localized objects on the localization error distance. The initial
position of each object is random, and their movements are
independent. The ﬁgure shows that we need more frames to
reach a certain error distance when there are more objects.
However, according to the trend of the displayed curves, we
can also discern that the number of frames needed to reach
a certain accuracy does not remarkably increase with more
objects. Eventually, they all reach a very high accuracy.
This result shows that our approach is eﬃcient even if the
density of localized objects is high.
In Fig. 6b, we evaluate the impact of the number of APs
on the localization error distance. All the APs are deployed

along a regular polygon on the boundary. When the number of APs exceeds 8, we deploy them in a grid shape. As
more APs are deployed, the error distance of our approach
decreases rapidly. This shows that additional APs improve
the accuracy of EV-Loc. Eventually, the error distance becomes stable at around 0.5 m.
In Fig. 6c, we evaluate the impact of the motion speed of
the localized objects on EV-Loc’s error distance. The trend
of the curve shows that we need less frames to reach a certain accuracy when the localized objects move faster. This
result conﬁrms that the combination of objects’ movement
and their topological relationship can eﬀectively reduce the
convergence time of the E-V match engine.
In Fig. 6d, we evaluate the error distance of EV-Loc in
the case where objects are not all visually detected (misses).
Generally, the localization accuracy decreases when the objects’ visual miss rate increases. We also observe that the
localization error distance is decent at around 1.2 m even if
the miss rate is as high as 10%.
In Fig. 6e, we evaluate the error distance of EV-Loc in
the case where objects are not all electronically detected
(misses). In this situation, some objects’ visual appearances
simply do not have corresponding electronic identiﬁers. According to the simulation result, we ﬁnd the localization accuracy decreases when the objects’ electronic miss rate increases. However, such decline does not signiﬁcantly impact
the accuracy of EV-Loc. Its error distance remains around
1 m even when 30% of objects are missing.
In Fig. 6f, we evaluate the localization error distance in
the case where the objects’ visual appearances are indistinct. To achieve this eﬀect, we randomly permute the order of visual appearances in diﬀerent frames. Generally, the
localization accuracy decreases when the objects’ visual appearances become indistinct. This is because the object that
fails to ﬁnd a match will simply use wireless localization re-

sults. As is shown in the ﬁgure, our solution for handling the
object’s visual indistinction can achieve similar performance
to the case with distinct visual appearances.

5. DISCUSSIONS
Though our paper focuses on introducing a new idea and
enabling it, this section discusses some problems that the
conceptual EV-Loc system may encounter in practice.
The EV-Loc system requires two sensing systems working
at the same time, one wireless network, and one camera network. Compared with traditional wireless localization, there
will be additional costs and coordination eﬀorts in deployment. However, we believe these issues do not pose a major
hurdle to deployment. Cameras are becoming increasingly
aﬀordable: common webcams normally cost under 100 dollars. Moreover, we can use existing surveillance networks, as
they are increasingly pervasive for public or private usage.
The camera network needs to be calibrated for localization,
i.e., the transformation matrix from an image point to a real
location should be known. This can be done during installation. The cameras also need to be synchronized with the
wireless network, as we need to match objects from both
sensors. Here a small temporal drift of up to 1 s for synchronization is usually tolerable. We can achieve it via the
NTP protocol. Other relevant infrastructure issues for EVLoc include sensor deployment and data management. For
cost eﬃciency, we want to cover the whole monitored area
with as few sensors as possible. This is the optimal sensor
deployment problem. We plan to follow the research of [4,
33] and design optimal AP and camera deployment patterns
as a part of our future work. On the other hand, in real
implementation, we may need a database and a mechanism,
such as [29], for recording, managing and searching through
electronic and visual signals and the ﬁnal location results.
In the paper, we have implicitly assumed that there is
little visual occlusion. We have shown that EV-Loc works
under this assumption. However, in reality, there might be
serious occlusions when there are many objects in the monitored area. One way to deal with occlusion is to follow
the method proposed in Section 3.5 and treat erroneous detections due to visual occlusion as missing IDs. Another
more advanced method is to enable visual tracking. Currently, visual tracking technologies allow continuous tracking
when occlusion occurs in some circumstances. Using multiple cameras and tracklets are two major approaches [1, 21].
Though it is well beyond the scope of this paper, we plan to
incorporate these technologies in our future work.
Environmental interference can also impact EV-Loc’s accuracy. For example, human body can cause a blocking
eﬀect on transmitted electronic signals [34]. To examine the
impacts of such interference, we conduct a preliminary experimental study in an outdoor environment. There are ﬁve
experiment participants, all holding mobile phones in their
hands and standing in random positions. The purpose of
such settings is to consider the human body’s blocking effects on electronic signals. Based on our experimental result,
we ﬁnd that the median error of EV-Loc is around 0.5 m,
while the 90 percentile error is around 2.5 m. The elevated
90 percentile error distance indicates a simple error distribution model of electronic signals may not suﬃce to describe
human body interference. Based on this observation, we
plan to investigate the impact of the human interference on
EV-Loc’s localization accuracy in our future work.

The EV-Loc technique can easily work with other electronic and visual localization methods. We can simply input
the location estimation results obtained via other localization methods as location descriptors into our workﬂow (with
a well-deﬁned distance measure), model the error distribution of each localization method separately, and then run our
E-V match engine. For example, to accommodate range-free
localization, we take coordinates-based location descriptors
as input to our E-V match engine and set the cost function of
associating electronic and visual objects appropriately. By
properly selecting the error distribution model (e.g. [17]),
we can match an object’s electronic and visual signals and
then apply the proposed technique to localize it. With more
accurate localization estimates on the electronic side, the
association time is expected to be shorter.
EV-Loc is largely centralized, like most current existing
localization algorithms [10, 3, 2, 5, 13]. In some circumstances, a distributed algorithm is desirable for eﬃciency
and privacy reasons. We can achieve diﬀerent levels of distributed processing under the EV-Loc framework. In the
simplest distributed version, electronic and visual sensors
perform part of the computations, e.g., the cameras complete human detection and location estimation on their own
rather than delegating the tasks to the central server. In
a more complicated version, a hierarchy can be established
in the EV-Loc system. We partition the EV-Loc sensors,
both electronic and visual, into clusters and assign cluster
headers. This is useful for large area deployment as global
information is rarely useful for localizing an object that is
unlikely to move much. Finally, in a fully distributed version of EV-Loc, each sensor performs its own object localization, but suﬃcient information exchange needs to happen
in a properly large geographical area, as is required for E-V
matching. The fully distributed version introduces further
scheduling and error tolerance issues, which we aim to explore in future work.

6.

FINAL REMARKS

In this paper, we presented a technique called EV-Loc for
accurate localization based on electronic and visual signals.
Given an object’s electronic identiﬁer, we aimed to accurately localize the object with the help of visual signals. In
order to achieve this, we proposed the E-V match engine
that can accurately and eﬃciently correspond an object’s
electronic and visual signals. Following the matching results, we used visual localization to precisely estimate the
given object’s position. We also considered practical situations, e.g., missing or indistinct electronic and visual signals, and devised schemes to eliminate their impacts. We
implemented EV-Loc on mobile devices and conducted real
world experiments and large scale simulations to evaluate
our proposed approach. The results showed our approach
can achieve high localization accuracy and the underlying
matching algorithm is eﬃcient and robust.
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