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To meet the new requirements of Industry 4.0, the logistics field has introduced 3D reconstruction technology.

Computer vision-based solutions face challenges like bad lighting conditions and line-of-sight constraints.

Meanwhile, the widespread adoption of RFID tags in supply chains offers an opportunity to enhance current

reconstruction methods. In this article, we propose TagRecon, a fine-grained multi-object 3D reconstruction

scheme utilizing well-deployed RFIDs. Specifically, TagRecon transforms the task of reconstruction into a

problem of estimating 3D bounding boxes for tagged packages. By placing dual anchor tags on each target

package, TagRecon enables accurate inference of the package’s translation and rotation using RFID-based

localization and orientation sensing. Our scheme introduces a novel method to estimate rotations and

translations for tagged packages, utilizing the known geometric relationship of anchor tags. Besides, to

achieve simultaneous reconstruction of multiple packages, we manage to match tags from various packages

through the correlation between anchor tag pairs. As far as we know, this is the first RFID-based solution that

can simultaneously realize 3D translation and rotation estimation of multiple objects to a fine granularity.

Experiments validate TagRecon achieves a 28.0 cm translation error and 6.8◦, 6.0◦, and 7.5◦ rotation errors

for roll, pitch, and yaw angles on average.
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1 Introduction

1.1 Background and Motivation

The pursuit of improved quality, efficiency, and safety in the era of Industry 4.0 brings new re-
quirements for warehouse management and logistics. For example, in addition to locating targets,
robots also need to appropriately interact with objects (e.g., packages with factory-produced
goods). Understanding the precise orientation of items is crucial for these robots to pick, rotate,
and place packages correctly, reducing the risk of damage and improving efficiency. As increas-
ingly popular technologies in logistics, Augmented Reality (AR) and Virtual Reality (VR)
[4, 5] also require a comprehensive understanding of an item’s location and orientation to provide
realistic and interactive simulations, critical for effective training and operational planning. To
satisfy the above requirements, Three-Dimensional (3D) multi-object reconstruction has been
introduced for monitoring the accurate placement of packages. This reconstruction process relies
on capturing key parameters with high precision, including the dimensions, translations, and
rotations of objects. Precise 9D pose information cannot only elevate the quality of visualization
in AR and VR, but also enhance efficiency and promote safety in automated warehouses and
logistics.

Early computer vision (CV) methods, as detailed in Refs. [18] and [11], utilized multiple depth
cameras placed at various locations to achieve object reconstruction. This approach resulted in
significant deployment and hardware costs. However, recent advancements in CV technology have
made it possible to perform 3D reconstruction of single or multiple objects within the field of view
using just one camera, thereby reducing these costs. Research [39] indicates that state-of-the-art
single-view object reconstruction methods [10, 13, 26, 34, 35] mainly perform recognition and
retrieval rather than actual reconstruction. These visual recognition approaches have difficulty
distinguishing between objects with similar shapes. Furthermore, recognition-dependent visual
methods often lack an explicit localization step, resulting in inaccurate object positioning. These
visual-based approaches face common challenges, such as dealing with occlusions, poor lighting
conditions, and failing to achieve instance-level recognition. These limitations significantly affect
the accuracy and reliability of visual 3D reconstruction solutions.

Radio Frequency Identification (RFID) technology has grown rapidly over the past few
years and has been widely used in all stages of the logistics and warehousing field. In recent
years, the cost of RFID tags has dropped significantly, from several dollars to just a few cents
[2]. Many modern warehouses now use passive RFID tags to identify items and packages [3].
As a key enabler of automatic identification technology, RFID offers several benefits, including
non-line-of-sight identification and the ability to read fast-moving and multiple objects simulta-
neously. These advantages present new opportunities to overcome the limitations of visual 3D
multi-object reconstruction. The RFID-based method, RF-3DScan [7], allows 3D reconstruction
by comparing angular profiles of different reference tags attached to packages to determine
the orientation of packages and their stacking order. However, a limitation of RF-3DScan is
that its antenna must move in a straight line at a constant speed and cannot be fixed in one
position. Additionally, each package requires the deployment of at least four reference tags.
The elevated deployment and hardware costs have restricted the widespread application of the
system.
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Fig. 1. Illustration of the TagRecon system.

1.2 Our Scheme

To overcome the above limitations, we propose a fine-grained multi-object 3D reconstruction
scheme named TagRecon. Unlike previous attempts, we aim at providing a more easy-to-deploy
system using purely Commercial Off-The-Shelf (COTS) equipment. As demonstrated in
Figure 1, the TagRecon system consists of three main components of hardware devices: (i) an
RFID reader, (ii) four circularly polarized antennas, which are connected to the reader, and (iii) a
back-end server. In terms of functionality, TagRecon supports simultaneous reconstruction of
multiple tagged packages, making it suitable for real-world supply scenarios where packages
might be densely stacked in various arrangements.

To achieve this goal, TagRecon translates the reconstruction task to a 3D bounding box estima-
tion problem for tagged packages. Specifically, we attach a pair of anchor tags to each package:
one on the top and the other on the side. By retrieving the Electronic Product Code (EPC) of
RFID tags from the database and estimating the locations and orientations of these anchor tags,
TagRecon can determine three key parameters of each package: its dimensions, translation, and
rotation. To further enable simultaneous reconstruction of multiple packages, TagRecon tries to
match anchor tags from different packages by leveraging the correlation between anchor tag pairs.

1.3 Challenges and Solutions

We need to solve the following three technical challenges when implementing our TagRecon
system:

The first challenge is how to infer a package’s fine-grained 3D orientation from the orientations
of the anchor tags. Inspired by state-of-the-art literature in RFID-based sensing domain [45], it is
feasible to accomplish tag localization and orientation sensing concurrently with high precision.
However, given the 3D, large-volume nature of packages, as opposed to planar and small-sized
RFID tags, it is insufficient to solely rely on a single tag for accurate package rotation estimation,
particularly in complex real-world scenarios. To tackle this challenge, we propose to attach a pair
of tags on each package to serve as reference tags and devise an effective rule for easy deployment
of the dual tags. Then, the estimation of package rotation can be reduced to the absolute orientation
problem and a Kabsch-based algorithm is suggested to solve it.

The second challenge is how to precisely determine the translation of a package in 3D space.
Now that the position of each tag is acquired, simply approximating the centroid of a package by
the location of the attached tag is theoretically reasonable yet too coarse-grained and may produce
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ordering inaccuracies especially when packages are densely stacked in practice. As a result, we
come up with a translations estimation method for tagged packages utilizing the prior knowledge
of the dual anchor tags’ geometric relationship (i.e., the dual tags are deployed on the top and side
surfaces of a package, perpendicular to each other).

The third challenge is how to perfectly match the dual-tag pair for each object in tag-dense
situations. In practical supply chain management applications, there could be a considerable
number of packages, making it difficult to achieve accurate pairing of two anchor tags for
the same package. In addition, packages are usually placed very close to each other in real
environments. The accompanying multipath effect and object occlusion may cause the problem
of missing tags, which further degrades the matching precision. To address the issue, we reduce
this matching problem to the stable roommates problem and present an improved solution based
on the Gale–Shapley algorithm to figure out a most perfect match among all the tags effectively.

1.4 Contributions

This article presents a comprehensive study of RFID-based multi-object 3D reconstruction. In par-
ticular, it makes the following contributions.

— We propose an RFID-based scheme for the 3D reconstruction of tagged packages to enhance
efficiency and promote safety within supply chain management field. This scheme operates
by sensing the locations and orientations of the RFID tags attached to packages.

— We present a 3D bounding box estimation method for accurately capturing the 9D pose of
tagged objects. To the best of our knowledge, this is the first work that achieves precise
3D translations, rotations, and dimensions estimation for multiple objects simultaneously
through RFID technology.

— We introduce a matching algorithm based on the stable roommates problem that pairs an-
chor tags for the same package in scenarios where numerous packages exist. This algorithm
successfully handles the negative impact of the missing tag phenomenon caused by indoor
multipath effect and object occlusion.

— We implement a prototype system for TagRecon using COTS RFID devices and conduct
extensive experiments to evaluate its performance. The system demonstrates average errors
of 6.8◦, 6.0◦, and 7.5◦ for the roll, pitch, and yaw angles in rotation and 28.0 cm in translation,
proving sufficient for most practical applications.

Roadmap. The remainder of this article is structured as follows. We overview the main design
of TagRecon in Section 3, and summarize related studies in Section 2. Section 4 delves into the
technical details of tag localization and orientation sensing. A dual-tag based solution for 3D
bounding box estimation of tagged packages is proposed in Section 5 to enhance TagRecon’s
granularity. Section 6 describes the implementation and evaluation of our system. Section 7
discusses the limitations of our system. Finally, we conclude this article in Section 8.

2 Related Work

We briefly review the literature related to our work in this section.

2.1 Multi-Object Reconstruction

Early CV-based solutions [11, 18] primarily rely on depth cameras to perform 3D reconstruction of
multiple objects. A single depth camera cannot fully capture all angles of a specific object, leading
to “blind spots” in the reconstruction process. To address this issue, KinectFusion [18] employ
multiple depth cameras positioned at different locations to achieve multi-view 3D reconstruction
of the same object, significantly enhancing the completeness and accuracy of the reconstruction.
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Another work [11] involves moving the depth camera on mobile devices to implement 3D
reconstruction of objects. 3D reconstruction of objects. This allows the camera to move in space,
capturing multiple views of the object, thereby reducing blind spots and optimizing the quality of
the reconstruction. However, these methods introduce significant hardware and deployment costs.

In recent years, single-view based multi-object reconstruction has gradually become the focus
of research. A landmark work in this field is Total3DUnderstanding [34], which bridges object-
centered reconstruction with 3D scene understanding, enabling joint learning of room layouts,
camera poses, and object bounding boxes from a single image. This method significantly enhances
the ability to reconstruct complex scenes from a single image. Another breakthrough research from
Google’s team develops the CoReNet [35], which jointly reconstructs all objects without relying on
traditional detection stages. This approach allows for spatial exclusion constraints, achieving glob-
ally consistent scene reconstruction and improving overall reconstruction accuracy and reliability.
[39] highlights that state-of-the-art single-view object reconstruction methods [10, 13, 26, 34, 35]
mainly perform recognition rather than reconstruction. Visual recognition methods have difficulty
in distinguishing objects of similar shapes and achieving instance-level recognition [38]. Not only
that, visual methods that rely on recognition usually have low accuracy in object localization due
to the absence of an explicit location step. Most importantly, they are more easily affected by bad
lighting conditions and cannot deal with occlusions in the line of sight. These shortcomings limit
the completeness and accuracy of CV-based reconstruction.

RFID technology, with its characteristics of low cost, passive tags, and non-line-of-sight identi-
fication, presents new opportunities to address challenges such as visual occlusion and sensitivity
to lighting conditions in traditional visual methods. Specifically, RF-3DScan [7], which is the only
known method that enables 3D reconstruction of multiple objects using RFID tags, achieves this
by moving an antenna along straight lines within a confined 2-dimensional area and comparing
angle profiles of distinct reference tags attached to packages. This innovative approach allows
it to determine not only the package’s orientation but also its stacking order in a multi-object
environment. This capability distinguishes RF-3DScan from other RFID-based studies, which
primarily focus on single-object location and tracking. However, it comes with the following
constraints: the antenna must traverse in a straight line at a consistent speed; a minimum of four
tags is required per package; and all tags must adhere to specific orientation and positioning rules.
Such requirements increase the deployment cost. Additionally, RF-3DScan represents the pack-
age’s rotation and position using a single angle and relative position only, without a detailed pose
estimation. Such an incomplete representation greatly reduces the accuracy of the reconstruction.
A more detailed comparison and discussion of our work and RF-3DScan be found in Section 6.4.

2.2 RFID-Based Location and Orientation Sensing

Location and orientation sensing are vital areas of research in the RFID domain and have been
extensively studied.

Location Sensing: The localization problem can be mainly categorized into absolute position-
ing [6, 9, 22, 24, 29, 30, 32, 33, 41, 42, 44] and relative positioning [7, 8, 36]. As a representative work
in absolute positioning, Tagoram [44] presents three RF hologram-based localization algorithms to
achieve instant tracking of the mobile tag with high precision. OTrack [36], which is a pioneering
work in RFID-based relative positioning, proposes a protocol to enable continuous detection of the
order of tags, which also allows determining the order of goods on the conveyor belts.

Orientation Sensing: By deploying RFID tags onto a specified object, the change in ori-
entation of the tag can be inferred from the change in RF signal, thus indirectly deriving the
change in orientation of the object [14, 19–21, 25, 27, 28, 40, 43, 45]. Tagyro [43] presents a novel
orientation tracking system that utilizes an array of passive RFID tags to accurately monitor
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Fig. 2. Overview of the TagRecon system.

the 3D orientation of objects, overcoming challenges related to imperfect radiation patterns and
antenna polarity through advanced phase sampling and recovery algorithms. 3D-OmniTrack
[19] introduces a polarization-sensitive phase model that adeptly incorporates both the distance
and the 3D orientation of an object for precise tracking within 3D space. RF-Prism [45] develops
a versatile RFID sensing system that can simultaneously infer multiple physical factors (i.e.,
location, orientation, and material of targets) from the phase readings.

Our approach to estimate 3D package orientation and translation differs from previous methods
in the RFID-based sensing domain, which relied on a single rotation angle to approximate object
orientation, resulting in limited granularity and accuracy. We innovatively design a rotation
estimation algorithm that leverages directional information of a pair of anchor tags to provide
a more precise estimation of object’s 3D orientation. Moreover, previous methods often use a
single tag on one surface of the object to denote its position, which is not reliable for large objects
e.g., large-volume packages, due to the huge offset between the tag and the object’s centroid. We
introduce a novel translation estimation algorithm that minimizes such offset by employing dual
anchor tags on different surfaces, significantly improving the accuracy of package positioning.
These two estimation algorithms capture the subtle differences in the poses of the target object
and the attached tags, enhancing the overall granularity and accuracy of the estimation.

3 System Overview of TagRecon

TagRecon is an RFID-based system designed for multi-object 3D reconstruction that accurately
estimates the 3D bounding boxes of the tagged packages. This system deduces the dimensions,
translation, and rotation of each package using only the phase readings of the RFID tags attached
to it. TagRecon incorporates a single COTS RFID reader and multiple tags to identify the target
objects. The reader is equipped with four circularly-polarized antennas. The precise coordinates
and orientations of these antennas are recorded at the time of deployment. During sensing, the
reader hops through different frequency channels. In this process, the response of the tags to the
reader and the phase sequences at different frequencies can be observed and utilized for sensing.

Figure 2 provides an overview of TagRecon’s architecture, which consists of four main
components:

Signal pre-processing module. In this module, we initiate by denoising the raw phase read-
ings from the RFID reader, addressing the 2π folding issue and rectifying the abrupt π change. In
order to eliminate the influence of multipath phenomena, we identify the channels with severe
multipath interferences and eliminate the influence of these “dirty” channels. Finally, a linear fit
of the “clean” phase after denoising is performed as a function of frequency.
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(a) Tag rotations along the X-axis (b) Phase changing with tag rotations

Fig. 3. Impact of tag rotations.

Multi-task sensing module. Leveraging the multi-frequency and multi-antenna phase model,
this module separates phase changes induced by varying factors (i.e., propagation distance, tag
orientation, and target material). The disentangled phase signals from the four antennas are then
used for simultaneous 3D location and orientation sensing. This allows us to roughly determine
the orientation of the package and the stacking order of multiple packages in 3D space, using the
position and orientation information of the single anchor tag.

Multiple tags matching module. In this module, we manage to pair the anchor tags desig-
nated to the same package when multiple packages exist simultaneously. We first calculate the
pair weight between any two tags based on their orientation and distance. Then, we apply a stable
roommates based matching algorithm to match the anchor tags on each package.

3D bounding box estimating module. In this module, with the acquired tag matching results
from the previous module, we perform dimensions retrieval, 3D translation, and rotation estima-
tion to accomplish the 3D bounding box estimation for the package.

4 Phase-Based 3D Location and Orientation Sensing

In this section, we first introduce how TagRecon obtains the 3D position and orientation of a tag
based on phase modeling and then describe the signal pre-processing procedures.

The RF phase is a common signal parameter reported by commercial RFID devices. Let d be
the distance between one tag and one antenna. Since the signal traverses a total distance of 2d in
backscatter communication, the phase rotation output by the reader in a traditional phase model
can be expressed as [16]:

θ =

(
2π

2d

λ
+ θdev

)
mod 2π , (1)

where λ is the wavelength, and the term θdev describes the constant phase shift caused by devices’
hardware characteristics. Ideally, changes in the receiving phase are thought to be affected only
by distance changes.

4.1 Polarization-Sensitive Phase Model

In fact, we observe that the orientation of the tag also influences the phase value. To validate this,
the following empirical study has been conducted. We fix both the reader and tag’s positions, and
ensure a consistent distance of 1 m between them. We place the tag parallel to the reader’s antenna
plane. Subsequently, the tag undergoes a 360◦ rotation around the X -axis, which is defined by the
line connecting the antenna’s center to the tag’s center, as depicted in Figure 3(a). Figure 3(b) shows
that the measured phase correlates linearly with both the polarization direction of the antenna and
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Fig. 4. Phase changing with frequency hopping.

the tag’s orientation. This suggests that tracking or positioning methods based on the traditional
phase model may yield inaccurate results if the tag rotates.

The polarization-sensitive phase model, which explicitly quantifies the respective impact of the
3D orientation of the tag on the phase change, is first proposed by Ref. [19]. According to its
findings, when a signal propagates from a circularly-polarized antenna to a linearly-polarized tag,
the tag’s polarization vector w will affect the phase value θori as

tan (θori) =
2(u ·w)(v ·w)

(u ·w)2 − (v ·w)2
, (2)

where u andv are the horizontal and vertical unit direction vectors of the reader antenna (u andv
also correspond to the polarization directions of two linearly polarized antennas, which are equiv-
alent to circularly polarized antenna). The vector w denotes the direction of the tag. Equation (2)
reveals that θori relies only on the directions of the antenna and the tag (i.e., u, v , and w). This
makes it possible to estimate the tag’s orientation from the phase value.

4.2 Sensing Methodology

RFID readers use frequency hopping to avoid interference. A typical UHF reader (e.g., Impinj R420)
hops between channels in the 920.375 ∼ 924.375 MHz ISM band. By extending the polarization-
sensitive tag phase model to the multi-frequency scenario, we obtain:

θ (f ) =
(
θprop(f ) + θori(f ) + θdev(f )

)
mod 2π , (3)

where f ∈ f1, . . . , fn (n = 16) is the center frequency of the CW signal. θprop is the phase rota-
tion introduced by signal propagation, while θdev is caused by the hardware characteristics of the
device.

Through the frequency hopping operation of the reader, RF-Prism [45] proposes the multi-
frequency phase model as ⎧⎪⎪⎨⎪⎪⎩

θ (f ) = (k · f + b) mod 2π ,

k = 4πd
c
+ kt ,

b = θori + bt .
(4)

Equation (4) shows that the phase reading θ varies linearly with the frequency f . The parameters
kt and bt are influenced by the material to which the tag is attached. The slope of the line (i.e., k)
depends on both the antenna-tag distance and the material, and the intercept of the line (i.e., b)
depends on both the orientation of the tag and the material.

For verification, Figure 4(a) shows the phase readings acquired at different frequencies when the
distance d between the antenna and the tag is set to be 0.6 m, 1.2 m, and 1.6 m, while other factors
remain unchanged. A clear linear relationship is observed between the phase θ and the frequency
f , with the slope varying based on the distance. Figure 4(b) illustrates the phase readings obtained
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when the orientation of the tag is adjusted to 0◦, 45◦, and 60◦, while other factors being fixed. We
find the θori does not vary with frequency hopping and any change in the orientation of the tag
causes the same phase shift at all frequencies. And the slope of the line is the same across different
tag orientations. Figure 4(c) depicts phase readings for tags with different attached materials: paper,
plastic, and foamboard, while other factors remain unchanged. We can see that the slope and
intercept of the lines obtained by different materials are varied. Therefore, we can obtain b and k
by performing linear fitting on the phase readings θ collected under different frequencies f . Now,
we have two equations and four unknown parameters, namely d , θori, bt and kt . The number of
unknowns exceeding the number of equations makes it impossible to directly solve for the key
parameters of each influencing factor from the phase readings.

RF-Prism [45] further separates different factors in Equation (4) by adding equations from mul-
tiple antennas and introduces the multi-antenna phase model. However, adding new antennas in-
troduces new unknown parameters (i.e., the antenna-tag distance d and the tag orientation θori).
Specifically, there will be 2N equations and 2N +2 unknown parameters in a system with N anten-
nas. The number of unknown parameters can be reduced by substituting the location and orienta-
tion of the tag for d and θori. We denote the position of the tag as (x ,y, z) in 3D coordinates and the
directional vector of the tag as (α , β) in the spherical coordinate system. Equation (5) is rewritten
by replacing variables d and θori with dist(coordinate(Ai ), (x ,y, z)) and θori(direction(Ai ),α , β) as
follows: {

ki =
4π ·dist(coordinate(Ai ),(x,y,z))

c
+ kt ,

bi = θori (direction(Ai ), (α , β)) + bt .
(5)

Let dist() denote the Euclidean distance function. Ai denotes the ith antenna, whose coordinate
and direction are measured during deployment. This makes it possible to solve the equation for the
unknown parameters (x ,y, z) and (α , β) by calculating the two parameters (k and b) of the fitted
line of phase readings, in order to achieve tag location and orientation sensing. Moreover, this does
not introduce any additional variables. It can be seen that the number of unknown parameters
is always seven, irrespective of how many antennas are included. The four antennas located at
different positions can generate eight independent equations, enough to determine these unknown
variables and obtain a unique solution. By solving the above eight equations, we can separate the
effect of attached materials and achieve tag localization and orientation sensing in 3D space.

4.3 Signal Pre-Processing

TagRecon senses the position and orientation of the tag based on the multi-antenna phase model
introduced before, which requires a linear fitting of the phase measurements with frequency hop-
ping. But the following three phenomena: 2π folding, half-wave hopping, and multipath effect will
disrupt the linear growth of phase with increasing frequency, thereby compromising the accuracy
of linear fitting. In order to deal with these three cases, we summarize Equation (6):

θ
′

i+1 =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

θi+1, |θi+1 − θi | ≤ τ
θi+θi+2

2 , τ < |θi+1 − θi | ≤
π
2

θi+1 − π ,
π
2 < θi+1 − θi ≤ π

θi+1 − 2π , π < θi+1 − θi ≤ 2π

θi+1 + π , −π < θi+1 − θi ≤ −
π
2

θi+1 + 2π , −2π < θi+1 − θi ≤ −π

, (6)

where i ∈ 1, . . . ,n (n = 16) is the channel sequence number, θi defines the raw phase from reader,
θ
′

i defines the corrected phase, and τ is a pre-defined threshold (we choose τ to be 0.5 in our
experimentation).
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Upon detecting the occurrence of 2π folding or half-wave jumps, we add or subtract 2π or π
correspondingly to each phase value after the jump. To deal with multipath, we take advantage
of the fact that only a few channels are anomalous, even in multipath-rich environments. This
means that we can simply detect anomalous phase values and replace them with the average of
phase measurements from neighboring “clean” channels. With the corrected phase values after
phase denoising from one antenna for a certain tag, we can use the linear model in Equation (4) to
fit them, and then derive the two important parameters (i.e., k and b) of that antenna-tag pair for
the later tag localization and orientation sensing.

4.4 Package Representation

Intuitively, we can represent the tagged package’s rotation by the single tag’s orientation. A pack-
age’s rotation can be characterized by three Euler angles: the roll γ , the pitch ϕ, and the yaw ψ
[37]. These angles comprehensively capture the package’s rotation. However, RF-3DScan [7] just
describes the rotation of a package using the angle of the perpendicular plane of the package to
the ground based on its idealized assumptions of packages rotation. This merely corresponds to
the yaw angle ψ and does not completely capture the package’s rotations. Also, it is not possible
to map a single tag’s orientation to the three Euler angles. Assuming no roll occurs in the pack-
age, we can map the tag orientation to the yaw angle ψ . However, it is not feasible to provide a
fine-grained representation of the rotation of an object with only the orientation of a single tag.
Similarly, we can approximate the location of package’s centroid using the tag’s location, aiding
in predicting package stacking order along various directions. Although this naive idea is conve-
nient and cost-effective, it may produce ordering inaccuracies, particularly when tags are closely
placed or packages are densely stacked. For those seeking a more precise representation and ar-
rangement of multiple packages, we design a dual-tag solution, which we will elaborate in the
following section.

5 3D Bounding Box Estimation of Tagged Packages

High-precision package reconstruction requires more than just determining the stacking order
and yaw angle. To achieve the goal, we design a 3D bounding box estimation method for packages
in this section.

5.1 Package Dimensions Retrieval

3D bounding box estimation is a key technical component in multi-object 3D reconstruction tasks.
Such a box is defined by its dimensionsD = (dx ,dy ,dz ), representing the length, width, and height;
its translation T = (tx , ty , tz ), indicating the box center’s position; and its rotation R = (γ ,ϕ,ψ ),
describing the rotation using Euler angles [31]. By accurately determining the translation, rotation,
and dimensions of a package in the world coordinate system, it is ensured that each package is
placed in the correct location, thus distinguishing it from other packages. In the rest of this section,
we will delve into estimating these parameters for a certain package.

In bulk commodities transportation scenarios, it usually involves a large number of packages
of the same type and size, so package dimensions are often standardized. As shown in Table 1, the
RFID database typically includes detailed category-level information about the item associated
with the tag, such as its type, model number, and dimensions. For packages, the database
often records their length l , width w , and height h. For any tag detected by the RFID system,
its unique EPC can be read by the reader. Using this EPC, the RFID database can be queried
to retrieve the specifications of the tagged package. These dimensions can be represented as
D ′ = (l ,w,h).
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Table 1. An Example of the RFID Database

EPC Item Type Model Length (l) Width (w) Height (h)

1234 Box Model-1 10 cm 20 cm 30 cm

5678 Package Model-2 15 cm 25 cm 35 cm

9012 Envelope Model-3 20 cm 10 cm 2 cm

3456 Tube Model-4 30 cm 5 cm 5 cm

7890 Pallet Model-5 100 cm 120 cm 80 cm

(a) Canonical space (b) Rotated case

Fig. 5. Rotation estimation of a package.

5.2 Rotation Estimation

5.2.1 Package Rotation Estimation. In 3D space, any two non-collinear directional vectors can
be used to derive a third, orthogonal vector, and together, these three vectors determine a coor-
dinate system. In the case of a rectangular package with three mutually perpendicular sides, it is
sufficient to know the direction of two of the sides, and we can calculate the direction of the third
side via the right-hand rule. Inspired by this point, we get a key intuition that we can deploy two an-
chor tags and use the direction vectors of the two anchor tags to determine the coordinate system.

5.2.2 Anchor Tags Deployment Rules. To accurately estimate the translationT and the rotation
R of each package, but with as few tags as possible and with minimum deployment cost, we for-
mulate the following two rules for the deployment of anchor tags:

(1) The tags are not in the same plane. For rectangular packages, we can place the two tags on
different faces. This deployment reduces the possibility that the reference tags are all in the
signal-blind zone due to the complete occlusion of one face of the package.

(2) The tags are oriented perpendicular to each other. Under this rule, at most one of the tags is in
the blind direction of the antenna signal. Moreover, employing two mutually perpendicular
vectors would be very convenient and efficient when determining the rotation matrix with
the algorithm described later. More importantly, this makes tag deployment easier, simply
sticking the tags along the sides of the package that are perpendicular to each other.

Given the above rules, Figure 5(a) depicts a viable tag deployment strategy in canonical space.
One reference tag can be placed on the top surface along the X -axis, and the other on the side
surface along the Z-axis, resulting in the direction vectors of two tags: w1 = (0

◦, 90◦) and w2 =

(0◦, 0◦). After the package rotates, as shown in Figure 5(b), the direction vectors become w
′

1 =

(α1, β1) andw
′

2 = (α2, β2). The angle between the new coordinate systemX1Y1Z1 and the canonical
system XYZ represents our desired rotation R = (γ ,ϕ,ψ ).
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ALGORITHM 1: Algorithm for Rotation Computing

Require: Source vectors: {w1,w2}; Target vectors: {w
′

1,w
′

2};

Ensure: The package’s rotation matrix: Rm ; Euler angles of the package’s rotation: R;

1: Convert directional vectors in spherical coordinates to 3D Cartesian points: {c1, c2} and {c
′

1, c
′

2};

2: Define the source matrix cT = [c1 c2] and target matrix c ′T = [c
′

1 c
′

2]

3: Compute the covariance matrix: H = cT · c
′
;

4: Decompose H using SVD: U ,V = SVD(H );
5: Compute the rotation matrix: Rm = V ·U

T ;

6: Convert the rotation matrix Rm to Euler angles R;

7: return Rm , R;

By utilizing the phase-based localization and orientation sensing method detailed in Section 4,
we obtain the direction vectorsw

′

1 andw
′

2 of the two anchor tags after rotation. In canonical space,
these direction vectors are represented as w1 and w2. Given both the direction vectors before and
after the object’s rotation, our objective is to identify the rotation R = (γ ,ϕ,ψ ) by establishing the
transformations between these two vector sets.

In order to obtain R, we simplify the task to the absolute orientation problem [15]. The absolute
orientation problem is well-known in computer vision, and its goal is to find a transformation
that maps one set of points to another such that the distance between the two sets of points is
minimized. The basic intuition for using the idea of absolute orientation is that we can consider
the direction vector as a point so that we have two point sets, described as ‘source’ and ‘target’.
The transformation from the target set to the source set is the rotation R we aim at determining.
More precisely, our goal is to find a rotation matrix that maps the source vectorsw1 and w2 to the
target vectors w

′

1 and w
′

2.
We leverage the Kabsch–Umeyama algorithm [23] to solve this problem, as shown in Algo-

rithm 1. Initially, we convert directional vectors in spherical coordinates to points in 3D Cartesian
coordinates. These vectors can be conceived as originating from the origin and pointing toward
a specific point in space. The conversion can be accomplished using the formula Equation (7):⎧⎪⎪⎪⎨⎪⎪⎪⎩

x = r · sin(β) · cos(α),

y = r · sin(β) · sin(α),

z = r · cos(β),

(7)

where r denotes the radial distance, i.e., the distance from the origin to the point. By setting r = 1,
we transform these vectors into unit vectors in 3D space, maintaining only their directionality. Af-
ter this transformation, we arrange the direction vectors {c1, c2} and {c

′

1, c
′

2} into the corresponding

matrices: cT = [c1 c2] and c ′T = [c
′

1 c
′

2], where c is the matrix of source vectors and c
′

is that of
the target vectors. Given two sets of corresponding points, their relationship can be captured by
the cross-covariance matrix, expressed in Equation (8):

H = cT · c
′

, (8)

where H denotes the cross-covariance matrix, reflecting the geometric relationship between the
two sets of points. One method to extract the rotation matrix from this relationship is to use the
Singular Value Decomposition (SVD). We then perform a SVD of H as below:

H = U ΣVT , (9)

where U is the left singular vector matrix of H , Σ is the diagonal matrix containing the singular
values of H , and VT is the right singular vector matrix of H . The optimal rotation matrix Rm that
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(a) World coordinate (b) Intermediate state (c) Canonical space

Fig. 6. Translation estimation of a package.

aligns the two sets can be calculated as Equation (10):

Rm = V ·U
T . (10)

With this, we get the rotation matrix Rm , but it may not be intuitive to directly read the exact angle
of rotation from the rotation matrix. Then, we can convert the rotation matrix to the corresponding
Euler angles R = (γ ,ϕ,ψ ). The conversion is given by Equation (11) as follows:⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩

γ = arctan 2(r32, r33),

ϕ = arctan 2(−r31,
√
r 2

11 + r
2
21),

ψ = arctan 2(r21, r11),

(11)

where ri j denotes the element of row i and column j of the rotation matrix. Note that these
formulas only apply to the rotation order XYZ . If other rotation orders are used, the formulas
need to be adjusted accordingly. So far, we have successfully estimated the rotation R = (γ ,ϕ,ψ )
for a single package.

5.3 Translation Estimation

After acquiring the rotation R and the dimensions D of the package, the remaining component is
the translationT . We can establish the correspondence between the points in the world coordinate
system shown in Figure 6(a) and the canonical space coordinate system shown in Figure 6(c). The
relation is captured by Equation (12):

Kw = D · Rm · K +T , (12)

where K and Kw represent the coordinates of a point in canonical space and the world coordinate
system, respectively. Thus, once we know the locations of a single point in both coordinate sys-
tems, we can solve for T . Although we can determine the positions of the two anchor tags, P and
Q , in the real world using the RFID-based localization method, we do not have the exact positions
of these tags in the canonical space. Consequently, a direct solution for T using these anchor tags
remains elusive. However, our deployment strategy places the dual anchor tags on the package
edges, providing us with some prior knowledge. By utilizing the known deployment positions
of the two anchor tags, we can infer the position of at least one endpoint in the world coordi-
nate system. For a clearer understanding, we introduce an intermediate state situated between the
canonical space and the translated-rotated state. The package in this state only translates relative
to canonical space and lacks the rotation and dimension scaling relative to the world coordinate
system. The intermediate state is demonstrated in Figure 6(b), where the edges of the package are
unit length, and each side is parallel to the corresponding side in canonical space. We can describe
the relationship between the point Kt in this intermediate state and its corresponding points K
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and Kw in the other two coordinate systems as follows:⎧⎪⎪⎨⎪⎪⎩
Kw = D · Rm · Kt ,

Kt = K +
T

D · Rm
.

(13)

With Equation (13), we can determine the estimated coordinates of Pt and Qt as (x1,y1, z1) and
(x2,y2, z2), respectively. We define P

′

t as the point on the top surface’s edge, parallel to the edge

where Pt is located. P
′

t is located at the position (x1,y1+1, z1)where Pt is shifted along the direction
(0, 1, 0) by length 1. Ideally, the point At , defined by the intersection of the line passing through
Pt in the direction (1, 0, 0) and the line passing through Qt in the direction (0, 0, 1), is one of the
endpoints of the rectangle. However, due to potential location errors, these two lines might not
intersect within a plane.

To deal with this situation, we can find two points on the above two lines such that their distance
is minimal, and consider the midpoint of the line connecting these two points as the approximate
intersection of the two lines. Using this mechanism, we can obtain an estimate of the coordinates

ofAt as (x2,
y1+y2+1

2 , z1). In canonical space, its corresponding pointA has coordinates (0.5, 0.5, 0.5).
Now that At and A are acquired, we can compute T by Equation (14) as below:

T = D · Rm · (At −A) = D · Rm ·
(
x2 − 0.5,

y1 + y2

2
, z1 − 0.5

)
. (14)

5.4 Multiple Tags Matching

In the previous part of this section, we implement 3D bounding box estimation for a single pack-
age utilizing two anchor tags. However, in scenarios where multiple packages exist simultaneously,
we must match the anchor tag pair for each package. In high-efficiency assembly line operations,
recording the pairing relationship of tags is impractical due to significant operational overhead.
This process requires additional manpower, leading to increased labor costs in practical applica-
tions. Additionally, the time required to record these relationships extends the processing time for
each package, which is counterproductive in terms of efficiency. Therefore, instead of recording
tag pair relationships, we adopt a method of dynamically matching the anchor tag pair for each
package. Based on the following observation that the challenge of pairing tags is similar to finding
matches in a set, we can reduce the problem to the stable roommates problem [17]. The stable
roommates problem involves members of a set where each member ranks the others according to
preference. The goal is to find a stable pairing such that no two unpaired participants would prefer
each other over their current pairings.

The underlying rationale for applying the stable matching concept is that, within any tag pair,
the orientations of the two tags are usually perpendicular to each other approximately. Moreover,
the distances between the positions of such paired tags are typically much smaller than the dis-
tances between unrelated tags. Given these observations, we can prioritize the matching of spe-
cific tag pairs based on their orientation and distance preferences. One key aspect of our method
is the emphasis on the orientation relationship between two tags. If the angle between their ori-
entations deviates significantly from 90◦, we assign a higher weight to the pair. Conversely, if the
angle closely approximates 90◦, we then factor in the distance between the tags. A higher weight
suggests a lower likelihood of the two tags being a suitable pair. Considering two tags, G and
S , with (αд , βд) and (αs , βs ) denoting their respective orientations and (xд ,yд , zд) and (xs ,ys , zs )

representing their positions, the weight wд,s can be computed as

wд,s =

{
1, if |wori | > k

wori · dist
(
(xд ,yд, zд), (xs ,ys , zs )

)
, if |wori | ≤ k

, (15)
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Fig. 7. Multiple tags matching.

where

wori = cos((αд , βд), (αs , βs )) = cos(αд − αs ) · sin(βд) · sin(βs ) + cos(βд) · cos(βs ).

Here,wori is defined by the cosine of the angle between two tags’ orientation vectors. As the angle
approaches 90◦, wori approaches 0. And k is a pre-defined threshold which we set to 0.34, i.e., the
cosine of 20◦. Ifwori surpasses k , we deem the tags are mismatched and assign a weight of 1. When
wori is below k , the weight wa,b factors in both the distance and the angle between the tags.

By computingwori, we can find a stable match for all tags by determining the preference list for
each tag. But our scenario differs from the standard stable roommates problem. Not every tag is
expected to find a match because some tags might go undetected. In logistics and warehousing envi-
ronments, where packages are densely stacked, objects might obscure RFID tags. If a tag is obscured
by objects, the RF signal emitted by the reader may not reach the tag. Additionally, the indoor multi-
path effect can lead to direct and reflected RF signals nullifying each other at certain tags’ locations.
These challenges can prevent the effective activation of some tags, leading to their non-detection.
As illustrated in Figure 7, this “missing tags” problem causes that not every scanned tag has a
corresponding match. Such tags, when engaged in the matching process, lead to wrong matches.

ALGORITHM 2: Algorithm for Tag Matching

Require: Tags O = {o1,o2, . . . ,on }; The weight matrices wi, j ;

Ensure: The matching result of tags res;
1: for oi in O do

2: Sort {oj |j � i} by wi, j in ascending order as oi ’s preference list;

3: Remove tags with wi j ≥ 1;

4: end for

5: Initialize all tags as free;

6: while there exists a free tag o do

7: e ← the first tag in o’s preference list that has not been proposed;

8: if e is free then

9: Add (o, e) to res;
10: else if e prefers o to its current partner o′ then

11: o′ becomes free and remove (o′, e) from res;
12: Add (o, e) to res;
13: else

14: e rejects o;

15: end if

16: end while

17: return res;
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Fig. 8. Experiment setup. We build a prototype and evaluate TagRecon using commercial RFID devices.

To address this issue, we employ the Gale–Shapley algorithm [12], as detailed in Algorithm 2.
Initially, the algorithm iterates through all tags to construct a preference list for each tag oi , based
on the weight matrix wi, j . Specifically, the algorithm sorts all the other tags oj in ascending or-
der of their weights wi, j as oi ’s preference list. Tags with weights greater than or equal to 1 are
disregarded as irrelevant. Subsequently, every tag’s status is set to “free”. As the algorithm pro-
cesses the free tags in each iteration, it selects an arbitrary free tag o. It then identifies the most
highly preferred tag e that has not been proposed yet in its preference list. If e is also free, a match
between o and e is established. If e is currently paired with another tag o′, but favors o over o′,
then the match with o′ is dissolved, and e is paired with o. This process continues until all tags
are matched or deemed unmatchable, at which point the algorithm returns the final matching
results.

6 Implementation and Evaluation

We implement TagRecon using COTS RFID devices and conduct performance evaluation in a typ-
ical indoor environment as shown in Figure 8.

6.1 Prototype

Hardware: TagRecon employs an Impinj Speedway Revolution R420 reader, compatible with the
EPC Gen2 standard. This reader operates in the UHF frequency band spanning 920.5 ∼ 924.5
MHz, hopping over 16 frequency channels. It connects to our host system via Ethernet. Our setup
incorporates four antennas with circular polarization and 8 dBi gain, each measuring 22.5 cm ×
22.5 cm× 4 cm. We utilize four types of tags from Alien Corp, modeled “Squiggle”, “Sguig”, “Square”
and “3D Func”. On average, these tags are economically priced at about 7 cents each [1], which is
cost-competitive in the manufacture of commodities.

Software: Communication with the reader is facilitated using the Low-Level Reader Proto-

col (LLRP), which the Impinj reader extends to support phase reporting. We adjust the reader’s
configuration to instantly report its readings upon detecting tags. The software of TagRecon is
implemented using Java language. All our programs run on a Lenovo R9000X laptop, which inter-
faces with the reader through LLRP. This laptop is equipped with an AMD Ryzen 7 5800H CPU
and 24GB of memory.

System Settings: We conduct the experiment in an indoor environment with a spatial dimen-
sions of 8 m × 5 m × 3 m. We place four antennas at the corners of the room with the height from
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Fig. 9. Comparion of location error. Fig. 10. Comparion of orientation error.

the range of [1 m, 2 m]. The antennas are arranged with a simple yet effective rule: they should not
be co-planar, or oriented in the same direction. This rule ensures comprehensive coverage with the
RFID tags throughout the space and capture sufficient spatial information for accurate readings.
Before starting experiments, we measure the coordinates and orientations of the antennas. The
ground truth for locations is measured using a laser range finder with an expected error of 0.15 mm,
while the orientations are determined by an Inertial Measurement Unit (IMU) with an accu-
racy of 0.2◦. The packages are placed in various positions on the floor, with some closely stacked
to emulate dense storage conditions. Additionally, a subset of packages is distributed across the
floor with different orientations, randomized to mimic the natural variability found in real-world
scenarios. Furthermore, other packages are intentionally placed on shelves positioned along the
room’s periphery, with the shelves varying in height from 0.2 m to 3 m. This tiered arrangement
complements the floor placement by adding another dimension to the system’s challenge, test-
ing its ability to read tags from different heights and distances. Such comprehensive setup, with
diversity in package placement and orientation, is designed to thoroughly evaluate our system’s
performance in a wide range of conditions. Other system settings are tunable parameters, which
we will evaluate later.

6.2 Location and Orientation Sensing Accuracy

The location and orientation sensing accuracy of tags play a key role in TagRecon’s performance.
We compare TagRecon with 3D-OmniTrack [19], a system designed to track objects in 3D space by
considering both the distance and the orientation. The comparison under three different configu-
rations is illustrated in Figures 9 and 10. In the x-label, a minus symbol signifies that the associated
factor remains constant in the experiment, while a plus symbol indicates a variable factor.

As shown in Figure 9, when both the tag’s orientation and the material of the attached object are
invariant, TagRecon and 3D-OmniTrack achieve similar mean location accuracies of 8.1 cm and
8.4 cm, respectively. Nonetheless, when different materials are introduced without changing the
position, TagRecon maintains a location error of 8.5 cm, whereas 3D-OmniTrack’s error swells to
15.1 cm. This discrepancy can be attributed to TagRecon’s approach: it factors in the effect of the
target material into its phase model, rather than dismissing it as merely general hardware noise.
We also find that rotating the tag does not further enlarge the performance gap. The reason lies
in that both TagRecon and 3D-OmniTrack’s phase models allow for the 3D orientation’s effect of
objects.

Similar trends in orientation accuracy are discernible in Figure 10. With consistent tag-antenna
distances and object materials, TagRecon achieves slightly better results with 5.0◦ error, compared
with 3D-OmniTrack’s 5.4◦. However, as the material varies, TagRecon retains an error of 5.1◦,
while 3D-OmniTrack’s error surges to 8.5◦. Adjustments in the tag-antenna distance exert mini-
mal influence on orientation accuracy, yielding errors of 5.1◦ and 8.6◦, respectively. These results
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Fig. 11. Matching accuracy vs.

missing ratio of tags.

Fig. 12. Matching accuracy vs.

number of packages.

Fig. 13. Matching accuracy vs. type

of tags.

illustrate that TagRecon improves the location and orientation sensing accuracy by modeling the
influence of various factors on the phase value. Therefore, it can be applied to many other more
complex scenarios.

6.3 Multiple Tags Matching Accuracy

Aiming for accurate 3D bounding box estimation of tagged packages, it is vital to match anchor
tags with high precision. To evaluate TagRecon’s matching algorithm, we deploy several pack-
ages on the experimental environment. Most of these packages are attached with two anchor tags,
while a small minority of packages are deployed with only one tag. The distance between adjacent
packages is randomly chosen from the range of [10 cm, 50 cm]. For each case, the result is aver-
aged from 50 experiments with the same setting. We run our matching algorithm mentioned in
Section 5 to pair tags belonging to the same package and compute the corresponding matching
accuracy.

Missing ratio of tags: To evaluate the performance of our matching algorithm in handling the
“missing tags” problem, we further test our matching algorithm under different missing ratios of
tags as shown in Figure 11. We vary the missing ratio of tags by changing the number of packages
with one tag. It can be seen that as the missing ratio increases from 0 to 40%, the matching accuracy
decreases gradually from 98%, but remains above 85%. This implies that our matching algorithm
effectively tackles the outliers resulting from missing tags. In other experiments, we adopt a default
missing ratio of 20%.

Number of packages: In practical deployments, there could be multiple tagged packages in a
logistics scenario. Hence, we assess our matching algorithm in such multi-package situations. We
change the number of packages with a pair of tags from five to thirty on the floor or on shelves of
different levels. The results are plotted in Figure 12. We have the following observations from the
figure: (a) with up to five dual-tagged packages in the reading zone, TagRecon performs excellently
with a matching error below 10%; (b) the error slightly increases as more packages are added,
rising to 19% with thirty packages; (c) even with a significant number of tags (e.g., sixty), TagRecon
maintains a moderate accuracy of about 80%. For our subsequent experiments, we use five packages
as default.

Type of tags: To examine TagRecon’s robustness with different tag types, we test four models:
“Squiggle”, “Sguig”, “Square”, and “3D Func”. Each of these tag models has distinct antenna size and
shape, as depicted in Figure 13. We find that although the errors of all models maintain a small
value (less than 15%), there are nuances in their performances. Specifically, “Squiggle” and “Sguig”
exhibit similar accuracies, 89% and 90%, respectively. In contrast, the “Square” model has a slightly
reduced accuracy of 85%, and the “3D Func” model outperforms the others with an accuracy of
93%. This difference can be explained by the antenna size of the tags. For instance, the “Square”
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Table 2. Comparison of TagRecon and RF-3Dscan Methods

TagRecon RF-3Dscan [7]

Single-tag Dual-tag 1D scanning 2D scanning

Number of deployed tags 1 2 4 6

Antenna scanning mode static static mobile mobile

Translation of packages no yes no no

Rotation of packages no yes no no

Package stacking in 3D space yes yes no yes

tag, being more compact at 22.5 mm × 22.5 mm, contrasts with the larger “3D Func” tag at 50 mm
× 50 mm. Generally, tags with larger antennas can harness more energy from the reader, resulting
in a stronger backscattered signal (i.e., higher SNR), thereby boosting the matching accuracy. In
our subsequent tests, the “Sguig” model is used as the standard.

6.4 Overall Performance

We compare TagRecon with the sole RFID-based package reconstruction system: RF-3DScan [7].
We implement two schemes: the single-tag and the dual-tag setup. In the single-tag setup, an an-
chor tag is placed on the top surface’s center of the package. And, the dual-tag setup is deployed
as shown in Figure 5(a). RF-3DScan compares the angle profiles of the different reference tags
deployed around a package in 1D scanning or 2D scanning mode to determine the package ori-
entation and stacking for 3D reconstruction. The main differences between the two systems are
summarized in Table 2.

Deployment cost: While TagRecon involves the use of more antennas compared with RF-
3DScan, it significantly reduces the number of required tags and the complexity of tag deployment.
TagRecon requires only one tag for the single-tag setup and two for the dual-tag setup, whereas
RF-3DScan necessitates four tags for 1D scanning and six for 2D scanning. The primary long-term
cost of such systems is driven by the complexity involved in deploying these tags. By minimizing
the number of tags required, TagRecon not only lowers the direct expenses of acquiring additional
tags but also streamlines the deployment process. Consequently, even though TagRecon’s initial
setup might involve higher antenna overhead, its approach ultimately results in significant long-
term savings by substantially decreasing the complexity and costs related to tag deployment and
maintenance.

Antenna scanning mode: TagRecon operates in a static antenna scanning mode, which is gen-
erally less complex and low-cost compared with RF-3DScan’s mobile antenna scanning approach.
The latter requires the antenna to traverse in a straight line at a constant speed, typically achieved
by mounting the antenna on a platform such as a cart. This introduces additional hardware costs
associated with the cart. Moreover, in complex environments, obstacles can prevent the cart from
maintaining a strictly constant and linear motion, further complicating the operation and reduc-
ing the accuracy. To avoid using the mobile antenna mode, TagRecon introduces a more advanced
multi-antenna phase model to achieve accurate tag position and orientation sensing.

Package reconstruction granularity: In contrast to RF-3DScan’s approach of just coarsely
estimating package orientation by focusing primarily on the yaw angle and stacking order, TagRe-
con significantly elevates package 3D reconstruction’s granularity. It pioneers in providing detailed
translation and rotation estimations for packages by leveraging dual tags. This substantial advance-
ment not only improves the accuracy of package placement, but also increases the efficiency and
accuracy of automated systems, making TagRecon a more advanced tool in package handling and
management.
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Fig. 14. Angle accuracy vs.

distance.

Fig. 15. Angle accuracy vs.

material.

Fig. 16. Angle accuracy vs.

number of packages.

3D stacking capability: Unlike RF-3DScan, which limits its capability of estimating 3D stack-
ing order to its 2D scanning mode, TagRecon supports package stacking in 3D space in both single-
tag setup and dual-tag setup. This ability in 3D stacking allows TagRecon to adapt more efficiently
to varying spatial requirements and package arrangements, offering a more versatile solution for
complex stacking scenarios.

6.4.1 Yaw Angle Accuracy. In this section, we test the performance of TagRecon on yaw angle,
stacking, translation, and rotation accuracies of tagged packages. Since the 1D scanning is not as
accurate, robust, and comprehensive as the 2D scanning, we implement 2D scanning to represent
RF-3DScan in comparison to our TagRecon. The yaw angle accuracy of TagRecon is evaluated
under varying distances, materials, and number of tagged packages.

Different distances: Figure 14 shows the yaw angle of TagRecon when the paper package is
located at different positions. We divide all the positions into three different regions (i.e., near,
medium, and far), based on the tag-antenna distances. Both configurations of TagRecon exhibit
competitive accuracy in comparison to RF-3DScan. However, the dual-tag setup’s accuracy is no-
tably superior to the other two. Specifically, the dual-tag setup achieves accuracy results of 7.5◦,
8.2◦, and 9.1◦ for the near, medium, and far regions, respectively. We think this discrepancy arises
because, in complex scenarios where packages deviate from RF-3DScan’s ideal assumptions, only
the dual-tag setup can yield accurate yaw angles. In contrast, the other two configurations can
merely operate under idealized assumptions.

Different materials: Figure 15 plots the yaw angle errors of TagRecon when the tags are at-
tached to packages with different materials. TagRecon achieves a mean angle error of 9.5◦ for
single-tag setup and 8.4◦ for dual-tag setup across four materials, both lower than the 11.0◦ of RF-
3DScan. Metal exhibits a slightly higher error than the other materials with TagRecon; but even so,
its error is still below 11◦, notably better than RF-3DScan’s 13.4◦. Another important observation
in Figure 15 is that the material of the target does not have an apparent impact on the performance.
These results validate TagRecon’s ability to handle material diversity.

Number of packages: The yaw angle errors of TagRecon, corresponding to the number of pack-
ages ranging from two to seven, are illustrated in Figure 16. The angle accuracies of RF-3DScan
and the single-tag setup of TagRecon decrease with the increasing number of packages. The pres-
ence of more packages intensifies the multipath effect, leading to a reduction in the number of tags
being activated, and consequently, a decrease in accuracy. Contrarily, the dual-tag setup’s angle
error remains relatively stable regardless of the number of stacked boxes, hovering around 2◦.

6.4.2 Stacking Accuracy. To evaluate the performance of package stacking, we change the num-
ber of packages from two to seven, in front of the antennas at a distance of about 2 m. The pack-
ages are close to each other. Figure 17 plots the ordering accuracy with different types of schemes.
When the number of packages increases, the difference in ordering accuracy between TagRecon
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Fig. 17. Stacking accuracy vs.

number of packages.

Fig. 18. CDF of translation error. Fig. 19. CDF of rotation error.

and RF-3DScan increases. We find that using three approaches can accurately determine the pack-
age stacking with accuracies above 96% when there are two or three packages. However, with
more packages in the stack, the ordering accuracy of TagRecon decreases but is still above 80%.
Among the two setups of TagRecon, the dual-tag setup’s accuracy is even higher than 90%. The
main reason why the single-tag setup is less robust than the dual-tag setup is that the position
of the tag is not a perfect substitute for the position of the center of the tagged package. As the
number of packages increases, this imperfect substitution creates an increasing inaccuracy.

6.4.3 3D Bounding Box Estimation Accuracy. Since the accuracy of 3D reconstruction relies
heavily on 3D bounding box estimation, we conducted a total of one hundred trials to examine the
estimation accuracy of package translation and rotation. Figure 18 shows the cumulative distri-

bution function (CDF) of translation error. The mean error distances are measured as 14.8 cm
(standard deviation: 6.2 cm), 14.3 cm (standard deviation: 6.5 cm), and 16.3 cm (standard deviation:
6.7 cm) along the X -axis, Y -axis, and Z-axis, respectively. The combined error is 28.0 cm with
a standard deviation of 5.2 cm, and the 90th percentile of translation errors is below 35 cm. Fig-
ure 19 illustrates the rotation errors, with mean errors of 6.8◦, 6.0◦, and 7.5◦ for the roll, pitch, and
yaw angles, respectively, with corresponding standard deviations of 3.1◦, 2.1◦, and 3.7◦. The 90th
percentile of errors are below 12◦ for rotation.

It is essential to point out that the average translation error of 28.0 cm and the average rota-
tion errors of 6.8◦, 6.0◦, and 7.5◦ may appear less precise when juxtaposed with the accuracies of
advanced RFID-based positioning and orientation sensing methods. This discrepancy can be attrib-
uted to the fundamental difference between estimating the translation and rotation of packages
and sensing the position and orientation of tags. In addition to the inherent errors in tag position
and orientation sensing, other factors such as variations in package dimensions could inevitably
impact the overall accuracy of package estimation. These cumulative errors highlight the chal-
lenges and limitations in bridging the gap between tag positioning and orientation sensing and
the 3D bounding box estimation of packages. Even so, TagRecon has demonstrated its excellent
capability in accurately estimating the translations and orientations of packages.

To evaluate the performance of 3D bounding box estimation in the scenes where large numbers
of packages with various heights exist, we change the number of packages from five to thirty. As
shown in Figure 8, packages are randomly placed on the floor or on shelves of different levels.
Figures 20 and 21 reveal translation and rotation errors as the number of packages increases. The
translation error grows from 29.8 cm to 44.0 cm. Similarly, the rotation error also shows an increase:
the roll error progresses from 7.1◦ to 9.7◦, the pitch error rises from 6.2◦ to 8.9◦, and the yaw
error grows from 7.8◦ to 9.5◦. Despite these increases, all rotation errors remain below 10◦. Since
the presence of severe occlusion phenomena and complicated multipath effects resulting from
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Fig. 20. Translation error vs. number of packages. Fig. 21. Rotation angle error vs. number of packages.

the increased number of packages, these factors contribute to the rise in translation and rotation
errors. However, the average errors for both translation and rotation remain below 45 cm and
10◦, respectively. In general, our system exhibits sufficient accuracy to meet the requirements of
logistics applications.

7 Discussions

We discuss the limitations and the corresponding challenges for system practicality in this section.
Deployment cost. Despite reducing the number of passive RFID tags needed per package, we

have increased the number of reader antennas required. Each reader antenna we use costs approx-
imately $100, and the system requires at least four antennas. Thus, designing low-cost RFID reader
antennas remains a significant challenge in current RFID-based applications. The high deployment
cost could be a barrier for widespread adoption, especially in cost-sensitive environments.

Priori knowledge of anchor tag placement and package dimensions. For the system’s
effectiveness, we require prior knowledge of anchor tag placement, i.e., the dual tags are deployed
perpendicular to each other on the top and side surfaces of each package, and package dimensions
can also be retrieved through its EPC. Such requirement presents a challenge, particularly for
applications involving non-standardized packages where dimensions cannot be predetermined.
In practical scenarios, variability in package sizes and tag placements can hinder the system’s
usability and scalability.

Limited tag reading rate. Due to this limitation, all antennas may not simultaneously cap-
ture data from all tags, especially in dense-tag environments. This restriction affects the system’s
performance in scenarios where numerous tags are present and need to be read concurrently. En-
hancing the tag reading rate is essential to improve system efficiency and reliability in high-density
tagging situations.

In conclusion, while our system demonstrates significant potential for fine-grained multi-object
3D reconstruction using RFID technology, addressing the above limitations is crucial for its prac-
tical implementation and widespread adoption.

8 Conclusion

In this work, we design and implement a fine-grained 3D reconstruction system for multiple tagged
packages based on commercial RFID devices. A key innovation is the use of two anchor tags on
each package, allowing us to infer its accurate pose from the absolute locations and orientations
of these tags. We propose a 3D bounding box estimation method to obtain accurate poses of the
tagged packages. Additionally, we devise a solution based on the stable roommates algorithm to
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match the dual anchor tags attached to the same package. Experimental results demonstrate that
our system can achieve accurate 3D reconstruction of multiple packages while maintaining robust-
ness in various settings. We believe that our work will enhance the quality, efficiency, and safety
of logistics and warehousing applications and further expand the possibilities of RFID technology
in Industry 4.0 sectors.
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