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Abstract—Augmented reality (AR) is an emerging technology
that weaves virtual objects into physical environments, and
enables users to interact with them through viewing devices.
This paper targets on multi-user AR applications, where virtual
objects (VOs) placed by a user can be viewed by other users. We
develop a practical framework that supports the basic multi-user
AR functions of placing and viewing VOs, and our system can be
deployed on off-the-shelf smartphones without special hardware.
The main technical challenge we address is that when facing the
exact same scene, the user who places the VO and the user who
views the VO may have different view angles and distances to
the scene. This setting is realistic and the traditional solutions
yield a poor performance in terms of the accuracy. In this work,
we have developed a suite of algorithms that help the viewers
accurately identify the same scene and restore the VO under a
moderate range of view angle difference. We have prototyped
our system, and the experimental results have shown significant
performance improvements. Our source codes and demos can be
accessed at https://github.com/PROMAR2019.

I. INTRODUCTION

Mobile Augmented Reality (MAR) represents an emerging
category of applications that bring users interactive experi-
ences with the physical environment. In such applications,
users can place virtual objects in real-world space, and view
them through a camera view. Several toolkits have been
developed recently to support MAR applications, such as
ARCore [1], ARKit [2], Vuforia [3], and Wikitude [4].

In this paper, we target on a framework that supports multi-
users interactions for the MAR apps, where an overlay scene
including the physical environment and the virtual objects
(VO) are shared among multiple users. In a simple setting,
the VO placed by one user can be recognized by other
users. Multi-user MAR has a bright application scope by
benefiting our lives in many ways. For example, a user can
leave virtual marks to guide visitors to her or his office;
a repairman can locate a broken chair by finding the VO
submitted with the repair request; and people can play the
scavenger hunt game to find the VOs placed by other users.
We aim to develop a practical framework that can be deployed
with general hardware and software settings. More detailed
system requirements will be introduced in Section III. Most
importantly, we expect the target system to tolerate moderate
viewpoint difference between the user who places the VO and
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the user who views it. This realistic setting leads to significant
research challenges in system design.

The current AR systems, however, are mostly designed
for a single user. They often require additional processes to
effectively work in practice, e.g., preloading high quality ‘tag’
images, or have constraints on the VO placement (ARCore [1]
and ARKit [2] only place virtual objects on recognized plane
surfaces by default). Some cloud-side services such as ‘AR-
Core cloud anchors’ can support multi-user AR applications,
but have the same constraint of plane surface, and it requires a
‘scanning’ phase to map the environment. The VO position’s
accuracy is also low with viewpoint changes.

In this paper, we present PROMAR, a practical framework
supporting multi-user AR applications. Our system does not
require special hardware or preprocessing of scenes. The
virtual objects can be arbitrarily placed in the physical en-
vironment. Basically, when a user places a virtual object, our
system recognizes the objects in the scene, and use them as
reference objects. The other users who wants to view the
virtual objects need to identify the recorded reference objects,
and then further restore the virtual object in their camera
views. In this way, we convert the problem of recognizing the
exact scene into the problem of recognizing the same reference
objects. The basic design of our system is based on the image
features that have been well studied in computer vision. We
have developed novel algorithms for image feature extraction
and comparison particularly for multi-user AR applications.
We consider not only the image feature properties, but also
the phone’s viewpoint data such as the orientation readings.
To the best of our knowledge, this is the first system work that
supports multi-user AR applications in a practical setting. We
have prototyped our system, and conducted extensive experi-
ments. The results show that the scene recognition accuracy is
high even with the viewpoint changes, and the runtime image
processing is fast suitable for real-time applications.

II. RELATED WORK

Mobile augmented reality has been an extensively exploited
field, as several frameworks have been released to assist
developers with low level function implementations, such as
ARKit 2 [2], ARCore [1], Wikitude [4], Vuforia [3] to name a
few. The latest releases of ARCore and ARKit have announced
to support multiple-user AR, but the prerequisite of detecting
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plane restricted the deployment and their performance in a
practical setting with viewpoint differences is not satisfactory.
The techniques used in our solution are related to the prior
work in the following categories.
Object detection. Detecting physical objects in a image
would help understand and identify the environment in an
AR application. Multiple methods [5], [6], [7], [8], [9], [10]
were used to categorize an object from an input image with
given category. More recently, deep neural networks [11], [12],
[13], [14], [15], [16] have dominated this field and achieved
impressive precision. In this paper, the design goal is to
recognize an exact target object instead of the category of the
object. Our solution uses object detection to identify reference
objects in a frame to confine the region where feature points
are extracted. The feature matching algorithm in our solution
is based on the traditional computer vision methods, such as
SIFT[17], SURF[18], ORB[19], and others [20], [21], [22],
[23]. But these existing approaches incur large computation
overhead and the matching accuracy is low with the change of
viewpoints. Our solution significantly improves the overhead
and accuracy with new algorithm designs.
Distance estimation. To present an vivid augmented reality,
an accurate distance estimation is crucial for placing the virtual
object on the right position. Inspired by human’s depth per-
ception system which takes advantage of binocular disparity,
stereo cameras [24] use two or more lens to capture the scene
to obtain the depth. [25], [26], [27], [28] put forward different
algorithms to solve occlusion problem in depth measuring.
Another option is the sensor-equipped cameras, such as time-
of-flight (TOF) cameras [29] which can measure the depth by
counting the time for the light traveling between the objects
and the camera. In this paper, we develop new techniques to
estimate the distance without special hardware.
Scene recognition and localization. Scene recognition is
necessary to reconstruct the virtual scenes in multi-user AR
project. There have been a lot of work in the literature using
different models and features [30], [31], [32], [33], [34].
However, their goal is to recognize the category of the scene
while in our system setting, the multi-user AR applications
require the recognition of the exact scene. Advanced Simulta-
neous Localization and Mapping (SLAM) techniques, such as
[35], [36], [37], can help solve this problem. But they are not
feasible in our application setting. Finally, indoor localization
algorithms, e.g., [38], [39], [40], can be an alternative to
recognize specific indoor environments. However, our problem
requires accurate placement of virtual objects that must involve
image features. We would consider incorporating localization
schemes to improve the performance in the future work.

III. SYSTEM MODEL AND MOTIVATION

In this section, we first present our problem formulation and
some challenges the existing solutions cannot address.

A. System Setting

We consider a general scenario for multi-user AR applica-
tions, where virtual objects (VOs) are placed in scenes by a

user and can be viewed by other users. Thus, we define two
user roles in the application as follows:
• VO owner: the user who places VOs in the scenes.
• VO viewer: the user who views VOs based on the infor-

mation passed by the VO owner.
After placing a VO, the VO owner prepares a package file to
dispatch to designated VO viewers so that they can view the
VO in the proximity (illustrated in Fig.1).

We consider a practical setting for multi-user AR applica-
tions with the following requirements and features.
Hardware requirements. First, our target applications are
based on common off-the-shelf mobile devices. We do not
assume special hardware that can measure the distance from
a camera view such as in-depth cameras and laser sensors.
In addition, we assume that there is no assistance from other
devices in the environment. The VO owner and viewers inde-
pendently launch the application on commercial smartphones.
VO placement. We consider a VO can be placed arbitrarily.
The VO does not have to be placed on a plane (e.g., in [1],
[2]) or attached to a particular object whose image has to be
uploaded and processed beforehand (e.g., in [4], [3]).
Viewpoint difference. In a realistic setting, our system is
expected to tolerate the viewpoint difference between the VO
owner and viewers. As illustrated in Fig.1, the VO owner and
viewers may view the same scene from different angles and
distances. We expect the VO viewers to accurately restore the
VO if the viewpoint difference is within a certain range.
Runtime overhead. Our target system for the VO viewers
is a real-time application with a camera view user interface.
It refreshes the camera frame frequently and requires instant
response to achieve smooth user experiences. Thus, the system
has a rigorous requirement of keeping the runtime computation
overhead to a minimum level.

VO Owner

VO Viewer

VO

Fig. 1. An application example

B. Challenges

The key function in such applications is to enable the VO
viewers to recognize the extract scene where the VO owner
places the VO. Our basic solution is essentially based on
the existing image analysis and comparison techniques in the
literature. However, we find that the following two challenges
significantly hinder the deployment of the regular approaches.

1) Recognition accuracy: The first issue is the accuracy
of recognizing the extract scene with the viewpoint differ-
ence. We have conducted experiments to examine the perfor-
mance of the traditional approaches. We use the images from
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ALOI [41] where each image represents a quite simplified
scene with a single object. For each object, the dataset includes
the images taken from different horizontal angles ranging from
0 to 360 degrees with an interval of 5 degrees.

Fig. 2 illustrates the accuracy results of the traditional
ORB [19] algorithm. We randomly pick 5 objects in our
experiments. For each object, we select one image at angle
d as the VO owner’s image, and compare it with the images
taken at a different angle d+ δ as the VO viewer’s image. In
our setting, δ varies from −30 to +30. Then, we use ORB
algorithm to extract feature points (FPs) from both images,
and compare these two sets of FPs. In this test, we extract
100 FPs from each image, and apply Brute-Force matching
algorithm with common techniques such as cross-checking
(refer to OpenCV [42] library). The average matching ratios,
i.e., the ratio of the matched FPs and the total FPs, are reported
in Fig. 2. In addition, we have also tested the accuracy when
comparing to false images which are not relevant to the same
scene. In our tests, we search the object title in Google image,
and the first 100 returned images are downloaded as the false
images. The average values of the matching ratios with the
false images are illustrated in the last bar in Fig. 2.
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Fig. 2. Matching ratios with change of view angles

We observe that with a moderate angle change, it is not
easy to distinguish the false images from the ‘true’ images
by checking the matching ratio. If we set a threshold of the
matching ratio for recognizing the scene, it will either miss
many ‘true’ cases or yield a high false positive rate.

2) Computation overhead: The computation overhead is
critical for real-time applications. As we will present with
more details in the next section, our solution is based on
the traditional feature comparison. The frame where the VO
owner places the VO is compared to the frames captured by
the VO viewers. We find that the computation overhead of
feature comparison heavily depends on the number of feature
points extracted from each frame.

We conduct experiments on a OnePlus 7 Android phone
with OpenCV library. We choose ORB [19] feature extraction
algorithm in our experiments, and the algorithm allows us to
configure a parameter to indicate the number of FPs in use (the
default value is 500). Fig. 3 illustrates the experimental results
of the computation overhead measured on the phone. We select
two images and extract different numbers of FPs from both of
them for comparison. The results in the figure are the average
values of 100 independent runs for each setting.

We observe that the computation overhead exponentially
increases over the number of FPs. When the VO viewer keeps
capturing frames and process them at runtime, the number
of FPs we shall use for comparison is limited. In our default

Fig. 3. Execution time of comparing two images’ feature points measured
on an Android phone.

system setting, we only consider 100 FPs for each frame. This
constraint also requires the system to appropriately select the
set of FPs to achieve desirable recognition accuracy.

IV. DESIGN OF PROMAR

In this section, we present the design of PROMAR. The
major objective of the system is to allow the VO viewers to
(1) recognize the exact same scene where the VO owner places
the VO, and (2) restore the VO in the right position. We first
introduce the concepts of reference objects and matching ratio,
and then describe the processes for the VO owner and viewers.
Reference objects (RO): Our solution is based on the objects
that can be recognized in the scene. We call them reference
objects (ROs). Instead of recognizing the entire scene, the VO
viewers intend to recognize the ROs. There are two major
benefits that motivate us to use ROs. First, we extract image
features from the regions of the ROs, instead of the entire
frame, for comparison. In this way, the features are more
representative and meaningful avoiding background noises in
the image that are unlikely to be persistent. Second, when
ROs are available to the VO viewers, it is easier to restore the
location of the VO using its relative locations to the ROs.
Matching ratio: The core technical solution in PROMAR
to identify ROs. It includes two submodules, (1) feature
extraction by the VO owner, and (2) feature matching by the
VO viewer. Briefly, the feature extraction takes the rectangle
area containing the recognized RO, and outputs a set of feature
points (OF ) in the area. In the feature matching process, the
VO viewer captures a frame, and also extracts FPs from the
recognized rectangle area (V F ). Then the VO viewer searches
each FP i ∈ OF passed by the VO owner in V F . We use
i → j to indicate that an input FP i ∈ OF can find a similar
FP j in the frame captured by the VO viewer1 . Then, the VO
viewer calculates the matching ratio as follows,

MR =
|M |
|OF | , M = {i → j | ∀i ∈ OF,∃j ∈ V F}, (1)

where M is a subset of OF hosting all the matching FPs. The
feature matching process returns true if the matching ratio is
greater than a threshold parameter τ .

1Note that this matching relation is directional.
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A. VO Owner: Place a VO

In PROMAR, a user places a VO through camera view
with an existing AR framework, e.g., ARCore [1]. We have
modified the framework so that the VO can be placed in an
arbitrary location rather than on a plane surface in the default
configuration. With such a setting, ARCore requires the VO to
be specified with three dimensional coordinates relative to the
camera. These coordinates are in the unit of physical distance
(e.g., meter), and will be transformed to real world coordinate
space by the AR framework.

In PROMAR, we place the VO in the center of the camera
view by default. Thus, two of the three coordinates are set to 0
indicating that from the camera’s view, the VO is on the same
horizontal and vertical level. The last coordinate represents the
distance between the camera and VO. We use one meter as
the default value, and provide a seekbar for the user to adjust
the value. V Odist denotes this value. Once the user confirms
the VO’s location, we will record the value of V Odist.

Confirm VO’s location

Process the frame Recognize ROs Extract features 
for each RO

Record the relative 
position of each RO

Record phone’s pose Record view angles

Pose info ROs’ info
VOdist

Package file

Fig. 4. Program architecture for VO owners

After the user confirms the location of the VO, our system
will capture the camera frame at the moment, and process
it in the following three steps. (1) We recognize ROs in the
frame, and record their relative positions to the VO. (2) For
each RO, we conduct a new algorithm based on distortion
tests to extract the image features. This is our core technical
component for the VO owner. (3) Finally, we record the
phone’s pose information which includes the view angles and
the distance between the phone and VO (V Odist). All these
data will be bundled into a package file to be delivered to the
VO viewer. The major components in the VO owner’s process
are illustrated in Fig. 4. In the rest of this subsection, we
present the details of each step.

1) Recognize reference objects (ROs): In this first step, we
recognize the objects in the captured frame as ROs. In our
system, we simply use Tensorflow’s object detection module
to identify the objects. For each recognizable RO, a label of
the object and the detection confidence are reported, as well
as the rectangle region in the frame. In addition, we record the
pixel coordinates of the top-left and bottom-right corners of
the rectangle region for each RO. With these information, we
can derive the RO’s relative position to the VO in the frame.

2) Distortion-based feature extraction: In this step, we
extract image features for each RO, and expect these features
would help the VO viewers identify the corresponding RO. In
practice, the biggest challenge of this module in mobile AR
applications is the change of the viewpoints. The VO owner
and viewers may not observe the RO from the same angle
or distance. As we show in Section III, this change could
dramatically affects the matching ratio values.

In PROMAR, we develop a distortion-based feature extrac-
tion algorithm aiming to select a set of robust FPs. Our main
idea is to classify the possible viewpoint changes into multiple
types of distortion. For each type, the VO owner prepares a
set of FPs that are particularly robust to this type of distortion.
Distortion types. In PROMAR, we consider four relevant
properties of the viewpoint when defining distortion types:
(1) horizontal angle, (2) vertical angle, (3) rotation, and (4)
scale (indicating the distance to the scene). For each of these
properties, the change would occur in two directions, i.e., ‘left’
or ‘right’ for horizontal angle, ‘up’ or ‘down’ for vertical
angle, ‘clockwise’ or ‘counter-clockwise’ for rotation, and
‘bigger’ or ‘smaller’ for scale. We consider each directional
change of a property as an individual distortion type. Thus,
totally we define eight types of distortions in our system.
Distortion tests. The main process is illustrated in Fig. 5.
We first use regular feature extraction algorithms such as
ORB [19] to extract the feature points of each RO. Then
we conduct a distortion test for each type of the distortion.
Basically, we generate a set of distorted images of the original
RO image mimicing the viewpoint change within a certain
range. For each distorted image, we also extract FPs and
compare to the FPs from the original RO image. A FP is
considered more robust if we can find a match in more dis-
torted images. Our objective is to select a set of N robust FPs
for each type of distortion. Fig. 5 illustrates an example with
3 types of distortion (horizontal angle, scale, and rotation),
and N = 5. The output includes 3 FP sets each including 5
FPs (represented by their indexes). The details of robust FP
selection algorithm is presented in the next paragraph.

RO

Extract FPs Distortion Tests Output Robust FPs

OF1 = { 9, 2, 5, 7, 8 } 

OF2 = { 2, 3, 9, 7, 10 } 

OF3 = { 9, 5, 1, 2, 8 } FP

Fig. 5. Distortion-based feature extraction

Robust FP selection. The problem of selecting robust FPs can
be formulated as follows. For each identified RO, we extract
n FPs {p1, p2, . . . , pn}, and apply m types of distortions
{D1, D2, . . . , Dm}. For each distortion type Dj , we generate
multiple test cases (TCj), where djk ∈ TCj indicates the k-
th distorted image in this category. We examine each FP and
check if it exists (a matching can be found) in each distorted
image. We use x(i, j, k) to denote the matching results,

x(i, j, k) =

{
1 If pi exists in distorted image djk,
0 Otherwise.

Thus, our goal is to select N most robust FPs for each type of
distortion, where N is specified based on overhead constraint.

We define our objective as a max-min problem as follows,
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where yi indicates if pi is selected or not in the robust FP set.

Maximize Min {
∑

i∈[1,n]

x(i, j, k) · yi | ∀k} (2)

s.t.
∑
i

yi ≤ N, yi ∈ {0, 1},∀i (3)

Essentially, given a set of FPs, we check the matches we can
find in each distorted image. This objective is to maximize the
number of matches in the worst case (the distorted image with
the fewest matches). The intuition here is that if we assume
there are a large set of the distortion test cases, and the future
VO viewer’s viewpoint change happens to fit in one of them,
then the number of matches in this objective is equivalent to
the matching ratio for that viewer.

Algorithm 1: Distortion-based Feature Extraction:
DFE(Dj , N )

1 RET = {}, C = {1, . . . , n},minS = {1, . . . , |TCj |} ;
2 while |RET | < N do
3 for i ∈ C do
4 c =

∑
k∈minS x(i, j, k);

5 if c > max then
6 max = c, idx = i;
7 RET = RET ∪ idx, C = C − idx,minS = {};
8 for k ∈ TCj do
9 c =

∑
i∈RET x(i, j, k);

10 if c < min then
11 min = c,minS = {k};
12 else if c == min then
13 minS = minS ∪ k;
14 return RET ;

In PROMAR, we develop Algorithm 1 to solve the above
problem for a given type of distortion. Basically, we apply a
greedy algorithm and selects the FPs one by one. We use RET
to represent the return set of robust FPs, and C to represent the
candidate set of FPs, i.e., n original FPs. In addition, we define
a set minS, called minimum set, to include the distorted cases
that yield the minimum number of matches at the moment.
Initially, minS includes all the cases because the number of
matches are all 0 in the beginning (line 1). The main body of
the algorithm is a while loop (lines 2–13) that terminates when
RET holds N FPs. In each round, the algorithm enumerates
all the candidates (lines 3–6), and picks the FP that appears
the most in the minimum set minS. Selecting such an FP will
evict the most number of distorted images out of the minimum
set, and most likely help increase the minimum number of
matches in all distorted images. In line 7, the algorithm updates
the set RET and C. The minimum set minS is reconstructed
in lines 8–13 based on the updated RET .

3) Record phone’s pose: Finally, we record the VO owner’s
phone’s pose information as a part of the package file (re-
ferring to Fig. 4). We borrow the concept of pose from the
AR system which defines a relative coordinate system and
the corresponding transformation to real world coordinate

space. In PROMAR, a pose includes two parts of information.
First, we measure the camera’s view angles by reading the
orientation sensors including values of three axes. Particularly
in Android, they are named as { azimuth, pitch, roll }. Second,
the pose information also includes the distance between the
VO and the camera, i.e., the value of V Odist set by the user
when confirming the location of the VO.

Above all, the RO information and the phone’s pose infor-
mation will be packed into a package file (referring to Fig. 4),
and delivered to VO viewers.

B. VO Viewer: View a VO
Once a VO viewer receives the package file, her or his phone

can load the data and start to recognize the ROs. The user
interface is essentially a camera view that keeps capturing real-
time frames. Each frame will be handled by the following
steps. (1) We recognize the objects in the frame, and if there
exist potential matches of the ROs, we further extract the pose
of the phone. (2) We apply a pose-assisted feature matching
algorithm to determine if the ROs are in the frame. (3) If
there are recognized ROs in the frame, we restore the location
of the VO and render the AR scene. Fig. 6 illustrates the
architecture for VO reviewers, where the solid lines and dashed
lines indicate the control flow and data flow respectively.

Recognize objects

Pose-based feature 
selection Measure the pose

Pose info ROs’ info

Package file

Exist ROs’ labels?

Y

Restore the VORecognize ROs?
Y

Fig. 6. Program architecture for VO viewers
1) Recognize objects and measure pose: This step is similar

to the first step of the OV owner. We use Tensorflow’s module
to recognize the objects in the frame, and obtain a label and
rectangle region for each object. We first compare the labels
with the RO’s labels in the package file. If there exist label
matches, we will measure the phone’s pose preparing for the
feature matching. Recall that the pose information includes
the 3-axis orientation data and the distance to the VO. The
orientation data can be obtained from the phone, but it is not
straightforward to derive the distance to the VO. PROMAR
considers the area of the rectangle region of the recognized
object in the viewer’s frame, indicated by ARV , and compare
to the area of the rectangle region of the matching RO from
the VO owner, indicated by ARO. We use a scale to denote
the scaling ratio between the viewer’s view and owner’s view,

scale = ARV /ARO. (4)

We assume the area of the same object in the frame is inversely
proportional to the distance between the camera and the VO.
Since we know that the distance between the VO and the
owner’s phone is V Odist (recorded in the package file), we
can estimate the distance between the VO and the viewer’s
phone as V O′

dist =
V Odist

scale . The pose information including 4
values will be passed to the next step.
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2) Pose-assisted feature comparison: The core component
is to apply feature matching and determine if the ROs exist
in the viewer’s frame. In PROMAR, for each object with a
matching label, the feature comparison includes two steps: (1)
select the FPs of the matching RO from the package file, (2)
compare with the FPs extracted from the recognized object.
FP selection: First, for each RO with a matching label found in
the viewer’s frame, we aim to select N FPs from the package
file to represent the robust FPs for feature comparison.

Comparing the VO viewer’s and VO owner’s poses, if only
one of the four properties has changed, we can just pick
the robust FPs for that distortion type. However, in practice,
it is very common to have multiple distortions involved in
the viewpoint change. Our algorithm needs to select FPs
from multiple lists of robust FPs to construct a set of N
FPs. Intuitively, if the change of one distortion type is more
significant, we would prefer selecting more FPs from its list.

In PROMAR, we first assign a weight value (wi) to
each involved distortion type to indicate its significance. We
normalize wi into [0, 1] by considering a working range for
each properties. Basically, we set an upper bound for the value
change for each property in the pose information. If the change
reaches or exceeds the upper bound, its weight is 1, otherwise
the weight value is proportional to the change. In particular, we
set ±45◦ to be the working range for the 3-axis orientation
readings (i.e., horizontal angle, vertical angle, and rotation),
and [0.2, 1.8] to be the range for scale. Therefore, the weight
value for each angle distortion is min{ |diffangle|

45 , 1}, and the
weight for scale is |scale−1|

0.8 , where scale is from Eq. 4.
We develop Algorithm 2 to select N FPs so that the number

of FPs chosen from each distortion type is proportional to its
weight value. We use RET to hold the selected FPs, and
the program terminates when N FPs are chosen. In addition,
we use variable ci as a counter recording the number of FPs
selected from the list for distortion type Di. In every round, we
first calculate the deficit of each distortion type according to
its weight value and current counter value (lines 3–6). The
distortion type with the maximum deficit is recorded (idx
records its index), and we select a FP from its FP list OFidx.
In lines 7–8, nFP is the FP we select, and pi points to the
head of each robust FP list OFi. Finally, we update the counter
values in lines 9–11. The same FP may appear in multiple FP
lists. Once it is selected, we increase the counters of all the
FP lists containing it. We also remove the selected FP from
all these lists because it is no longer a candidate.
FP matching: After selecting N FPs of a RO from the
package file, the VO viewer also extract N FPs from the
matching object in its own frame, and applies feature matching
process. In PROMAR, we develop a new matching algorithm
with two steps, strict matching and loose matching. We first
use regular matching algorithm to find a set of matches, i.e.,
i → j to indicate that the FP i ∈ OF can find a similar FP j
in the matching object in the VO viewer’s frame. In the first
round of strict matching, we enforce strong constraints and
aim to find a small subset of matches that are very likely to

Algorithm 2: FP Selection: FPS(OF,w,N )

1 RET = {} ;
2 while |RET | < N do
3 for OFi do
4 deficit = ci/sum(c)− wi;
5 if deficit > max then
6 max = deficit, idx = i;
7 nFP = OFidx[pidx ++];
8 RET = RET ∪ nFP ;
9 for OFi do

10 if nFP ∈ OFi then
11 ci ++, remove nFP from OFi;
12 return RET ;

be true matches. And then, we use these matches to derive
a coordinate mapping between the two object images. In the
second round of loose matching, we relax the constraints on
the image properties for a match i → j, if i and j’s coordinates
fit in the mapping we derive.
1. Strict matching: Regular feature matching algorithms are
often inaccurate including false matches in the results. In
this step, we intend to strictly examine the matches and only
keep the matches with high confidence to be true. Besides the
typical techniques, we add two new processes here. The first
is random sample consensus (RANSAC), which is commonly
used to eliminate outliers. In the second process, we set a
threshold for the distance value of the matches. It is a built-in
property from the feature matching algorithm measuring the
distance of the two multi-dimensional FPs in a match. The
distance value approximately indicates the similarity of the
two FPs. In this round of strict matching, we eliminate all the
matches whose distance values are greater than our threshold.
For the remaining matches i → j, we apply linear regression
on FP i and j’s coordinates in their images. Our intuition is
that if the object recognized by the VO viewer is actually the
RO observed by the VO owner, their FPs should be located
in a similar way even with a moderate viewpoint change. The
result of the linear regression represents a mapping correlation
of the coordinates between the two objects.
2. Loose matching: In this round of matching, we examine the
original set of matches again. We relax the distance threshold,
and check the coordinates mapping in each match. If the
mapping is close to our linear regression’s result, we will
consider it as a match.

Eventually, the matching ratio for this RO is |M |
N , M is the

set of matches selected after these matching processes.
3) RO-based VO restoration: In the last step, if the VO

viewer recognizes at least one ROs, we will restore the VO
based on the ROs’ information. With the relative location
information in the package file and the coordinates mapping
correlation, it is straightforward to derive the VO’s pixel
coordinates in the current frame. However, the AR rendering
system require 3-D coordinates in the real world coordination
system in the unit of physical distance such as meter.

In PROMAR, we apply a transformation process that can
convert pixel distance to physical distance. Due to the page
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limit, we use an example in the following Fig. 7 to briefly
illustrate the basic steps.

VO’dist

FOV/2

α

VOC

VC

Fig. 7. Restore the VO based on an RO

Assume that we have derived the pixel coordinates of the
VO, and the frame represents a virtual panel facing the viewer.
We use V C to indicate the distance between the viewer and the
center of the frame, and V OC denotes the distance between
the VO and the center. In our solution, we use a physical
property of the camera, called field of view (FOV). This
property defines the view angles the camera supports. The
FOV includes two values, one for horizontal angle, and the
other for vertical angles. We can retrieve FOV information
via Android APIs, and in Fig. 7, we show an angle of FOV

2
referring to the horizontal FOV. Since we know the dimension
of the frame, the pixel value of V C is calculated as

V C =
W

2
/ tan(

FOV

2
),

where W is the width of the frame. As V OC can be easily
calculated in the unit of pixel, we can derive the angle α as
tan−1(V OC/V C). The physical distance between the viewer
and the VO has been estimated as V O′

dist according to V Odist

from the owner and scale derived by the viewer. Thus, we can
calculate the physical distance of V C as V O′

dist · cos(α). At
this point, we have both pixel and physical distance for V C.
Then we can calculate a conversion ratio, and further derive
the 3-D physical coordinates for the VO.

V. PERFORMANCE EVALUATION

In this section, we present our performance evaluation. We
have implemented PROMAR in Java and incorporated it with
Android ARCore [1]. We have built a library for the main
functions in PROMAR that can be imported by regular Java
programs. The library includes about 5,000 lines of codes.
In addition, we created a mobile application based on the
ARCore’s and Tensorflow’s samples [43], [44] with additional
2,000 lines of codes plus adjusted PROMAR Android library.
Our implementation incorporates libraries of OpenCV [42],
Tensorflow Lite [44], and ARCore. Our experiments are con-
ducted on an OnePlus 7 phone.

A. Settings and Workload

We mainly focus on three performance metrics, (1) accuracy
of recognizing the scene, (2) accuracy of the VO restoration,
and (3) runtime overhead. In our experiments, we use the ORB
implementation in OpenCV [42] as the image feature detector
and descriptor. When evaluating the scene recognition, the
following image datasets are used.

ALOI [41]: It is a color image collection of one-thousand
small objects. For each object, it offers the pictures taken at
varying view angles. It represents the test cases with a single
object and a single type of distortion (horizontal angle).
BigBIRD [45]: It contains object images taken by 5 cameras
fixed on different heights, each neighbor camera generates
photos with vertical view angle difference as around 22◦. It
represents the test cases with a single object and multiple (two)
types of distortions (horizontal and vertical angles).
False images: Finally, we download 100 images from the
Google Images using the corresponding object title as key-
word. They form a dataset of false images for the target object.

B. Accuracy of scene recognition

In this subsection, we evaluate the accuracy of scene recog-
nition in the VO viewer’s module. In PROMAR, it refers to
the accuracy of recognizing the same ROs. We examine the FP
matching ratios, and the precision/recall rate given a threshold
τ for the matching ratio. The precision rate is defined as

TP
TP+FP , recall rate as TP

TP+FN , where TP, FP , TN and FN
represent true positive, false positive, true negative, and false
negative respectively. We present the results for the following
three cases: single object/single distortion in image datasets,
single object/multiple distortions in image datasets, and mobile
phone experiments with two ROs.
Single Object/Single Distortion. Due to the page limit, we
only present the results of a single distortion on horizontal
angle with 10 objects in ALOI. For each image of an object,
we regard it as the owner’s saved data and use the other images
of the same object as the viewer’s image to compare with
the owner’s image. Specifically, we extract 100 robust FPs
from the owner’s image in corresponding to the view angle
difference between the viewer and owner and 500 regular ORB
FPs from the viewer’s image, after which our matching is
applied. The average matching ratios are listed in Table. I.

TABLE I
AVERAGE MATCHING RATIO WITH VIEW ANGLE CHANGE

Angle change ±5 ±10 ±15 ±20 ±25 ±30 ±35 ±40 false
Lego man 0.65 0.51 0.43 0.37 0.34 0.32 0.28 0.26 0.13

Shoe 0.69 0.51 0.42 0.34 0.27 0.23 0.20 0.18 0.12
Furry elephant 0.68 0.47 0.35 0.27 0.20 0.19 0.15 0.12 0.11

Toy bear 0.71 0.57 0.48 0.42 0.36 0.32 0.27 0.25 0.20
Van Gogh 0.78 0.71 0.65 0.57 0.49 0.45 0.43 0.39 0.21
Furry bear 0.63 0.44 0.33 0.24 0.19 0.13 0.14 0.12 0.11
Duck cup 0.72 0.61 0.49 0.43 0.40 0.36 0.32 0.30 0.21
Furry dog 0.65 0.49 0.41 0.36 0.33 0.34 0.32 0.32 0.18

Baby cream 0.73 0.62 0.49 0.44 0.36 0.32 0.31 0.28 0.25
Girl statue 0.68 0.53 0.40 0.33 0.30 0.27 0.25 0.23 0.12
Average 0.69 0.54 0.44 0.37 0.32 0.29 0.26 0.24 0.16

We observe that within a reasonable range of the angle
change, e.g., ±25◦, PROMAR works very well yielding a
wide gap between the matching ratios of true images and those
of false images. In some cases, our algorithms can distinguish
them even when the angle change reaches ±40◦.

In Fig. 8 we plot the precision and recall rate in accordance
with the changing threshold. We compare PROMAR to is
a combination of OpenCV’s ORB, knnMatcher, ratio test,
cross-checking, and RANSAC test, denoted as RANSAC. This
combo has been empirically proved to be effective and superior

1365
Authorized licensed use limited to: University of Massachusetts Boston. Downloaded on December 11,2024 at 21:12:23 UTC from IEEE Xplore.  Restrictions apply. 



8

to other built-in matchers. As illustrated in Fig. 8, the precision
of PROMAR is above 0.98 while the recall rate is higher
than 0.85 in all the tested cases. It represents an extremely
high recognition accuracy that can recognizes most of the true
cases and eliminates the false images.

Fig. 8. Precision and recall rate obtained by PROMAR and RANSAC with
different thresholds.

Single Object/Multiple Distortion. Next, we present the eval-
uation results of two cases of multiple distortions: horizontal
+ vertical angle change, and scale + horizontal angle change.
Horizontal + Vertical angle change. BigBIRD dataset pro-
vides 5 groups of images spaced horizontally by 3◦ and for
each group, they are vertically spaced by ∼22◦. We exploit 3
groups of this dataset to test the performance of multiple (two)
distortion types and illustrate the results in Fig. 9. The axis
x represents the varying horizontal angle difference between
the owner’s and viewer’s images, and the vertical view angle
difference is fixed as 22◦in this experiment.

Fig. 9. Matching ratio with two types of distortions (vertical angle change is
fixed at 22◦)

The results show that PROMAR is still quite effective as
the matching ratios of false images are obviously lower than
those of true images in Fig. 9. When we set the recognition
threshold as 0.15, the precision and recall rate are 0.91 and
0.98 respectively in this case.
Scale + Horizontal angle change. In another test setting for
multiple distortions, we pick 10 objects in ALOI which already
includes the images with horizontal angle changes. For every
image, we additionally generate a set of new images by
manipulating the scale from 30% to 95%. After the scaling
process, we use images of 65% scale as owner’s image and
compare it with images on all scales whose horizontal angle
differences are less than 40◦. The results are illustrated in
Fig. 10, where the horizontal angle change lies on the x-axis,
scale change on y-axis, and z-axis values indicate the matching
ratios. For the simplicity of the plot, we do not include the
matching ratios of false images whose average value is 0.17.

Fig. 10. Matching ratio with two types of distortions (scale and horizontal
angle).

We can observe that for all cases, including the worst case
where scale change is 35% and view angle change is 40◦,
the matching ratios are adequately higher than the average
matching ratio of false images. It would be straightforward
to distinguish true images from false images with moderate
viewpoint changes. We calculate the precision and recall rates
assuming a recognition threshold of 0.15, and their values are
0.92 and 0.73 respectively. The results are sufficiently accurate
for moderate distortions in two domains.
Mobile Phone Experiments. Finally, we deploy our on an
Android phone and conduct experiments in a realistic setting.
Specifically, we place virtual objects on a laptop, chair, and
bed. Then we play the role of a VO viewer and randomly
move the camera around the objects for 10 minutes. During the
process, we also point the camera to different laptops, chairs
and beds (include the original ones). We develop a logger
running on the phone that records the real-time matching
ratios as well as the distortion types involved for each frame
processed by PROMAR. Overall we record more than 300
frames that can be recognized by TensorFlow, and their
matching ratios are illustrated in Fig. 11. The axis z shows the
matching ratio, while axis x and y indicate the horizontal and
vertical angle change respectively, and the color represents the
absolute value of scale change (illustrated on the color bar).

Fig. 11. Matching ratio in experiments on a mobile phone.

With all three distortion types involved, the average of
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matching ratio in this test is 0.28 which is still consistent
with our previous evaluation with image data sets. We further
plot the recall and precision rate with different recognition
thresholds in Fig. 12. The precision is as high as 0.98 when
setting the threshold as 0.15, which means almost all false
cases are filtered out. In the meantime, the recall rate is
more than 0.7, i.e., most of the positive cases are correctly
recognized. These results confirm that PROMAR can achieve
remarkable accuracy performance in real world tests, even
when the viewpoint distortion is significant, e.g., shrinking
size to about half or changing view angle for more than 45◦.

Fig. 12. Precision and recall rate obtained by PROMAR on a mobile phone
with different thresholds.

C. Accuracy of VO restoration

The other important metric is the accuracy of the restored
VOs, including their location and size. Since it is a quite
subjective metric, we design an anonymous survey and recruit
75 volunteers on social media to fill it after watching the
our demo video clips of placing and restoring VOs with
PROMAR. We also show a demo video of ARCore [43] with
the same functions (placing and restoring VOs on a plane
surface) as a comparison, especially for the drifting issues
existing in the original ARCore framework.

In the clips, we use PROMAR to place VOs in two different
scenes (with a laptop and bike as the RO respectively), and
then PROMAR restores the VOs with different view angles
and distances. For testing the framework in complex scenarios,
we also place the VO on a desk with multiple objects (a
laptop, two monitors, lines, a keyboard, and shell). The survey
includes 5 questions asking users’ subjective perception on the
location and the size of restored VO comparing to the original
VO, the comparison between PROMAR and ARCore and the
background knowledge of the respondent on AR/VR. We draw
the response data in Fig. 13.

Fig. 13. The first two plots are users’ perception of the restored VO’s position
and size. The last plot is the users’ comparison PROMAR and ARCore

According to the collected data, most respondents think
PROMAR can reproduce the virtual object on a near position
(85%) with similar size (74%). In comparison with ARCore,

59% of the users consider PROMAR’s performance is better
than ARCore, and the rest of them think PROMAR’s accuracy
is as good as ARCore. None of the respondents think that
PROMAR is inferior to ARCore. The survey results are
substantial evidences that PROMAR has significantly improve
the multi-user AR experiences in a practical setting.

D. Runtime overhead

The last metric we examine is the runtime overhead which
is critical for real time mobile AR applications. We conduct
experiments on a OnePlus 7 phone equipped with a Snap-
dragon 855 processor and 8GB RAM and running Android
10 system. We measure the time overhead of each key step
in our system, and the average values of 50 independent trials
are illustrated in Fig 14.

Fig. 14. The average time consumption of each step

‘Recognition’ refers to the process of detecting the ROs in
a frame which is the first step for both VO owner and viewers.
PROMAR uses Tensorflow Lite in this step and it takes 68ms
to finish on average. For the VO owner, the next step is to
apply distortion-based tests and save a set of robust FPs. This
process is the most time-consuming step (1799ms on average).
But it is a one-time operation for the VO owner and can be
conducted in the background.

Our main focus is the run-time processing rate for VO
viewers because they need to keep capturing frames from
a camera view and process those frames at a high rate. In
PROMAR, the VO viewers need to first load the package
file delivered by the VO owner taking 967ms on average in
our experiments. This step is a one-time operation for the
viewers. Then, the VO viewers will recognize the objects in
each frame (68ms), and then apply our matching algorithm
(119ms). In total, it takes 187ms to process one frame. These
experimental results indicate that PROMAR is quite efficient
as it can process more than 5 frames per second in such a
complex application setting.

In conclusion, our evaluation has validated that with the
novel techniques presented in this paper, PROMAR is a
practical and effective multi-user AR framework.

VI. CONCLUSION

In this paper, we develop a framework that supports multi-
user AR applications. We present novel algorithms for image
feature extraction and feature matching process. Our design is
based on reference objects combining image features with the
mobile phone’s pose information. We have implemented the
entire system and evaluated with a prototype and experiments.
The results show that our system is effective and practical.
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