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Abstract

Mobile RFID inventory in libraries must be planned and evaluated under noisy obser-
vations, configuration-dependent read regimes, and incomplete supervision. This paper
presents an uncertainty-aware analytics framework for robot-assisted RFID inventory using
the public RFID Location dataset. The framework has three phases. Phase 1 converts irreg-
ular list-encoded logs into atomic RFID events and quantifies how operating configuration
changes read density and signal variability. Phase 2 performs map-constrained Bayesian
shelf inference by synchronizing RFID reads with robot trajectory and antenna geometry
and by fusing RSSI and carrier phase over feasible shelf candidates. Phase 3 translates
posterior spread and non-convergence into proxy review workload and cost, enabling con-
figuration comparison and certainty–throughput trade-off analysis when strict EPC-to-item
linkage is unavailable. Across 688,073 aligned RFID observations, the pipeline produces
18,190 posterior tag estimates from five inventory runs. The empirical results show strong
run dependence: the best run achieves a mean posterior spread of 0.906 m with a conver-
gence rate of 0.553, whereas a degraded run reaches only 0.004 convergence with a mean
spread above 2.1 m. Because EPC-to-item linkage is unavailable, these values are posterior
concentration and workload indicators rather than ground-truthed localization-accuracy
metrics. A saved phase-weight ablation further shows that adding phase information
substantially sharpens posterior concentration relative to an RSSI-only baseline. Under the
proxy workload model, autonomous-S1-P30 provides the most favorable balance among
posterior certainty, scan effort, and implied review burden.

Keywords: RFID analytics; mobile robotics; library inventory; Bayesian inference;
uncertainty quantification; operational decision support

1. Introduction
RFID is widely used in library circulation and inventory because it supports non-line-

of-sight identification and much faster shelf scanning than barcode-based workflows [1,2].
Yet practical mobile inventory remains difficult. Dense shelving, partial shielding, metallic
structures, multipath propagation, and reader motion all affect both how often tags are
observed and how stable those observations remain [3,4]. In robot-assisted inventory, these
sensing effects interact with trajectory geometry and antenna viewpoint, so the quality of
the evidence cannot be inferred from scan time alone.

Recent RFID localization and inventory-robot research reinforces this point. Newer
systems combine RSSI and phase fingerprints, multi-frequency or multi-view acquisition,

Analytics 2026, 5, 19 https://doi.org/10.3390/analytics5020019

https://crossmark.crossref.org/dialog?doi=10.3390/analytics5020019&domain=pdf&date_stamp=2026-06-17
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/analytics
https://www.mdpi.com
https://orcid.org/0000-0002-1798-0370
https://orcid.org/0009-0006-7051-8675
https://doi.org/10.3390/analytics5020019


Analytics 2026, 5, 19 2 of 25

synthetic-aperture processing, and autonomous mobile inventory platforms to improve
localization or inventory throughput [5–11]. These developments raise the standard for
evaluation: a useful library-inventory study must explain what supervision is available,
what operating configurations are represented, and which claims can be tested from the
released data.

This creates two connected research problems. The first is an inference problem: RFID
measurements are indirect, noisy, and configuration-dependent. RSSI is easy to collect
but highly sensitive to indoor propagation effects, while carrier phase offers richer spatial
information at the cost of phase wrapping, hardware offsets, and motion sensitivity [12–16].
The second is an evaluation problem: many RFID localization studies assume item-level
ground truth and report absolute RMSE-style accuracy, but real operational datasets often
do not expose the explicit EPC-to-item linkage needed for strict per-tag scoring.

The public RFID Location dataset is a representative but limited example of this set-
ting [17]. It provides RFID observation logs, robot trajectories, reader-to-antenna mappings,
static antenna transforms, an occupancy map, and baseline shelf coordinates for a mobile
library inventory robot. The dataset was released in 2018, so it should not be interpreted
as a complete representation of current RFID hardware or all contemporary mobile-robot
inventory systems. Its value for the present study is narrower: it remains one of the few
public library-scale datasets that exposes synchronized RFID, trajectory, antenna, map,
and shelf metadata. However, it does not provide a public EPC-to-item linkage table that
would support direct item-level accuracy evaluation. This missing linkage is not merely a
nuisance; it changes what can be defended scientifically. In this setting, the central ques-
tions become: which operating configurations produce more informative observations,
how strongly does posterior belief concentrate under map-constrained fusion, and what
operational burden remains when the posterior does not converge cleanly?

These questions are important for deployment-oriented inventory robotics. Prior work
has shown that autonomous inventory robots must be assessed not only by sensing quality
but also by how well they support repeatable operation, route design, and downstream
auditing efforts [18–21]. Likewise, smart-library systems that combine RFID with other
sensing modalities still report degraded performance under dense tag populations, colli-
sions, and distorted phase observations [22]. The practical need is therefore not another
idealized localization benchmark, but an analysis framework that can compare sensing
regimes and operating points under realistic supervisory limits.

This paper addresses that need by framing mobile RFID library inventory as an
uncertainty-aware analytics problem under incomplete supervision. The proposed frame-
work has three phases. Phase 1 converts irregular RFID logs into atomic observations and
quantifies how operating configuration changes evidence density and signal variability.
Phase 2 performs map-constrained Bayesian shelf inference by synchronizing RFID reads
with robot trajectories and antenna geometry and by updating posterior belief over feasible
shelf candidates using RSSI and phase evidence. Phase 3 transforms posterior spread and
non-convergence into proxy workload and cost metrics so that configurations can be com-
pared in terms of certainty, throughput, and implied review burden. Rather than claiming
ground-truthed item-level localization accuracy that cannot be verified from the public
release, the paper focuses on posterior uncertainty concentration, failure-mode exposure,
and operating-point selection.

The main contributions of this paper are fourfold:

1. We provide a reproducible ingestion and normalization procedure for irregular RFID
observation logs, preserving multi-read structure while converting the public dataset
into 688,073 aligned atomic observations.
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2. We characterize configuration-dependent signal behavior in terms of per-tag read
density and signal variability, showing that evidence quantity and evidence stability
do not improve together across operating modes.

3. We develop a map-constrained Bayesian shelf-inference pipeline that fuses syn-
chronized RSSI and phase observations with robot trajectory and antenna ge-
ometry to produce shelf-level posterior estimates with explicit uncertainty and
convergence diagnostics.

4. We introduce a proxy operational evaluation that translates posterior spread and
non-convergence into workload and cost indicators, enabling deployment-oriented
configuration comparison under incomplete supervision.

The remainder of this paper is organized as follows. Section 2 reviews the relevant
literature. Section 3 introduces the dataset and formalizes the problem setting. Section 4
details the proposed system architecture. Section 5 presents the experimental results,
Section 6 discusses the findings and limitations, and Section 7 concludes the paper.

2. Related Work
Prior work related to this study falls into four groups: library RFID inventory studies,

recent RFID localization and sensor-fusion methods, mobile inventory robots, and opera-
tional evaluation of inventory systems.

2.1. Library RFID and Smart-Library Inventory

Library RFID performance is highly context-dependent. Even handheld inventory
studies report that read rate varies with tag placement, book geometry, and scanning motion
rather than with RFID deployment alone [3]. Smart-library robot systems further show that
dense shelving introduces inter-tag coupling, collisions, and incomplete phase observations,
so observation quality is heterogeneous even within the same environment [22]. Recent
smart-library and book-inventory studies confirm that RFID continues to be adopted for
library security, circulation, and inventory automation, but they also emphasize system
integration and deployment constraints rather than pure localization accuracy [23–25].
These studies motivate our Phase 1 emphasis on characterizing the sensing regime itself
rather than assuming that all collected reads are equally informative.

2.2. RFID Localization, Fusion, and Recent Benchmarks

RSSI-based methods remain attractive because RSSI is readily available, but they are
sensitive to indoor propagation effects and therefore often require probabilistic filtering,
fingerprinting, or optimization instead of direct range inversion [12,26,27]. Phase-based
methods can provide stronger spatial discrimination, but only with careful handling of
phase periodicity, hardware offsets, motion, and ambiguity [14–16,28–30]. Recent work has
therefore moved toward joint RSSI–phase fusion, multi-frequency or multi-view acquisition,
and synthetic-aperture formulations [5–8]. These directions are consistent with the present
paper’s use of RSSI for coarse discrimination and phase for posterior sharpening, while
also showing why configuration and trajectory geometry must be reported explicitly.

Machine learning localization has also become more prominent. Recent RFID
fingerprint-fusion work shows that learned models can be effective when labeled training
data are available [7]. However, such methods usually require supervised labels or stable
fingerprints, which are not available in the public RFID Location dataset used here. For this
reason, the present study reports an RSSI-only baseline and a phase-weight sensitivity anal-
ysis, but it does not claim a direct numerical comparison against supervised deep-learning
systems that require missing EPC-to-item ground truth.
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2.3. Mobile RFID Inventory Robots

Mobile RFID inventory is increasingly studied as a robotics problem rather than only
as a reader-design problem. Prior work on stocktaking robots, product maps, and retail in-
ventory metrics has shown that performance depends on coverage, route design, and opera-
tional repeatability [18–20,31]. Recent systems extend this trend through hybrid warehouse
robots, autonomous UHF RFID-equipped robots, and digital-twin populations using mo-
bile RFID platforms [9–11]. Plug-and-play inventory robots further show that autonomous
waypoint and itinerary generation can approach the performance of human-designed
routes [21]. This literature is relevant because it shifts attention from isolated localization
accuracy toward repeatable deployment performance and configuration selection.

2.4. Operational and Cost-Aware Evaluation

Operational inventory studies increasingly evaluate RFID systems through through-
put, review workload, and cost-related indicators, not only through localization
error [32–34]. At the same time, RFID read-rate optimization remains an active concern
because antenna placement, transmit settings, tag orientation, and surrounding materials
can alter the number and quality of reads available to the inference layer [35]. These studies
support the decision to include a proxy workload and cost layer in Phase 3. They also
motivate the sensitivity analysis reported in this paper because cost coefficients and review
times are site-specific rather than universal.

The gap addressed by the present work is therefore specific. Existing studies typically
assume one of three conditions that do not hold simultaneously in our setting: reliable
item-level supervision, a primary interest in metric localization accuracy, or an evaluation
focused on coverage rather than inference uncertainty. By contrast, our goal is to analyze a
public robot-assisted library dataset in which configuration metadata, robot trajectories,
and map constraints are available, but direct EPC-to-item linkage is not. The contribution
of this paper is to combine configuration-aware signal analysis, map-constrained Bayesian
shelf inference, an RSSI-only baseline, phase-weight sensitivity analysis, and proxy opera-
tional evaluation in a single uncertainty-aware analytics pipeline. The novelty is not a new
RFID sensing primitive; it is a reproducible framework for comparing operating conditions
and downstream review burden when complete supervision is unavailable.

3. Dataset and Problem Setting
3.1. Dataset Contents and Constraints

The experiments in this study are based on the public RFID Location dataset, which
contains five inventory runs collected by a mobile robot equipped with RFID readers and
multiple antennas in a real library environment. According to the dataset record, the library
contains approximately 7000 tagged books with associated shelf-location information in
the baseline metadata [17]. The public release includes raw RFID observation logs, robot
trajectory files, run metadata, reader-port to antenna mappings, static robot-to-antenna
transforms, a 2D occupancy map, and a baseline shelf-location table.

The dataset also indicates whether each run was performed in autonomous or manual
mode, together with the RFID session setting and transmit power. In the released data, this
yields three effective operating configurations:

• autonomous-S1-P30,
• autonomous-S2-P30,
• manual-S1-P30.

These configurations are important because the proposed analysis is not limited
to tag estimation alone; it also examines how the sensing regime itself changes across
operating modes. In particular, the dataset allows comparison of observation density,
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signal variability, convergence behavior, and implied operational burden across different
robot inventory settings.

A central constraint of the public release is that, although location_baseline.csv
provides baseline shelf coordinates indexed by item_reference, it does not provide an ex-
plicit EPC-to-item linkage table for the observed RFID tags. Consequently, strict item-level
evaluation metrics such as per-EPC RMSE, MAE, or exact shelf-assignment accuracy cannot
be computed directly from the released files alone. Rather than introducing unverifiable
assumptions, this work treats the dataset as an incomplete-supervision benchmark and eval-
uates the system through posterior concentration, convergence behavior, and operational
proxy measures [17].

3.2. Configuration Coverage and External Validity

The dataset supports only a limited set of configuration contrasts. Specifically, all
released runs use the same nominal transmit power (30 dBm) and the same antenna hard-
ware, while the available variation is concentrated in inventory mode, RFID session, and the
executed scan trajectory. Therefore, this paper does not claim to evaluate the full design
space of transmit power, antenna placement, robot velocity, and scanning strategy. Instead,
it evaluates the configuration diversity that is actually present in the public data and treats
unobserved operating dimensions as external-validity limitations.

This distinction is important for interpreting the results. The analysis can show that
autonomous-S1-P30, autonomous-S2-P30, and manual-S1-P30 produce different evidence
density, signal variability, posterior concentration, and review workload. It cannot establish
how a different transmit power, a redesigned antenna rig, or a newly collected route
family would behave. A contemporary validation campaign should therefore add factorial
variation in transmit power, antenna height and side, robot velocity, shelf aisle geometry,
and scanning strategy; the present paper provides the analysis pipeline and diagnostic
metrics needed for such an extension.

3.3. Problem Setting

Let
X = {xj}M

j=1 (1)

denote the finite set of feasible shelf candidates derived from the baseline shelf coordinates
after map-based filtering. For a given EPC e, we collect a sequence of RFID observations

Ze = {zi}Ne
i=1, zi = (ri, ϕi, ti, fi, ai), (2)

where ri is RSSI, ϕi is carrier phase, ti is timestamp, fi is carrier frequency, and ai is antenna
identity. Each observation is aligned with the corresponding robot trajectory and antenna
pose information obtained from the dataset metadata and transform files.

Let
cr = (inventory_type, RFID_session, RFID_power) (3)

denote the configuration of run r. The objective is to estimate, for each EPC, a posterior dis-
tribution over feasible shelf candidates conditioned on its synchronized RFID observations
and the run configuration. In compact form, this can be written as

p(xj | Ze, cr) ∝ p0(xj | cr)
Ne

∏
i=1

p(zi | xj, πi, cr), (4)

where πi denotes the synchronized antenna pose for observation zi, and p0(xj | cr) is a
map-constrained prior over feasible shelf candidates.
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Because direct EPC-to-item supervision is unavailable, the primary goal of this work is
not ground-truthed item-level localization accuracy, but uncertainty-aware shelf inference
under realistic operational constraints. Accordingly, the analysis focuses on three questions:
how RFID signal behavior changes across configurations, how strongly the resulting
posterior distributions concentrate under Bayesian fusion, and how residual uncertainty
and non-convergence translate into proxy review workload for deployment. The detailed
measurement models, fusion equations, and operational cost definitions are introduced in
Section 4.

4. System Architecture
The proposed framework consists of three connected phases, as illustrated in Figure 1.

The phases correspond to three levels of analysis. Phase 1 transforms irregular raw logs
into configuration-level signal descriptors. Phase 2 converts synchronized RFID evidence
into posterior distributions over feasible shelf candidates. Phase 3 converts posterior
uncertainty into proxy workload and cost indicators that support operating-point com-
parison. This progression is important for the current dataset because the available evi-
dence supports uncertainty-aware decision analytics more directly than strict item-level
localization accuracy.

Input Data

• RFID Observation Logs

• Robot Trajectory Logs

• Run Metadata

• Reader-Port Mapping

• Static Antenna Transforms

• Occupancy Map

• Baseline Shelf Coordinates

Phase 1: Configuration-Dependent Signal Characterization

Process Signal Descriptors

• RFID parsing and normalization

• Robot Trajectory Logs

• Run Metadata

• Read density

• RSSI/Phase variability

Phase 2: Map-Constrained Bayesian Shelf Inference

Antenna Pose Recovery

Candidate Filtering

Posterior Fusion

Pose Synchronization

• temporal alignment with robot pose

• timestamp interpolation

• reader-port mapping

• static transform composition 

• antenna orientation

• baseline shelf candidates

• map-pruned candidate set

• RSSI + phase likelihood update

• posterior tag estimates

• uncertainty / convergence metrics

Phase 3: Proxy Operational Trade-Off Analysis

Workload

Derivation

Proxy Cost

Modeling
Configuration 

Comparison

Pareto

Front

Figure 1. Overview of the proposed three-phase analytics framework. The input layer integrates RFID
observations, robot trajectories, run metadata, antenna mappings, and transforms the occupancy map
and baseline shelf coordinates. Phase 1 produces configuration-aware signal descriptors, Phase 2
performs map-constrained Bayesian shelf inference, and Phase 3 converts posterior spread and
non-convergence into proxy workload, cost, and trade-off summaries.

4.1. Configuration-Dependent Signal Characterization

The first phase converts heterogeneous RFID logs into a clean atomic-read table
and summarizes how signal behavior changes across operating configurations. This step
is necessary because the observation files are not organized as one physical read per
row. Instead, several fields, including timestamps, antenna ports, RSSI values, phases,
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and carrier frequencies, may appear as list-encoded entries within a single CSV row. As a
result, one row can represent either a single RFID event or multiple logically paired events.
Before any inference is performed, these entries must be separated while preserving the
correspondence among their signal fields.

The preprocessing pipeline parses list-like strings, aligns multi-valued columns row-
wise, expands the aligned values into atomic read rows, converts timestamps and signal
fields to numeric form, and infers the timestamp unit before expressing all times in seconds.
To verify the integrity of this step, the implementation also records ingestion statistics
such as the number of rows before parsing, the number of rows after expansion, the num-
ber of rows dropped after numeric filtering, and the number of rows with mismatched
array lengths.

Let the i-th atomic RFID read be represented as

zi = (ti, ri, ϕi, fi, ai, ei, ci), (5)

where ti is the timestamp, ri is RSSI, ϕi is carrier phase, fi is carrier frequency, ai is antenna
identity, ei is EPC, and ci is the run configuration. The configuration vector is

ci = (inventory_type, RFID_session, RFID_power). (6)

After normalization, observations are grouped by configuration and tag identity. For a
given EPC e under configuration c, the corresponding read set is

Ze,c = {zi | ei = e, ci = c}. (7)

From this set, Phase 1 computes per-tag signal descriptors that summarize both
evidence quantity and evidence stability. Specifically, the mean RSSI, RSSI variance, phase
variance, and temporal read density are defined as

µr(e, c) =
1

|Ze,c| ∑
zi∈Ze,c

ri, (8)

σ2
r (e, c) = Var({ri | zi ∈ Ze,c}), (9)

σ2
ϕ(e, c) = Var({ϕi | zi ∈ Ze,c}), (10)

ρ(e, c) =
|Ze,c|

max(tmax(e, c)− tmin(e, c), ϵ)
, (11)

where ϵ > 0 is a minimum-duration safeguard used to avoid unstable density values when
the observed time span is very short.

These descriptors capture a practical point that is central to the rest of the paper: more
frequent reading does not necessarily imply cleaner reading. A configuration can generate
many observations while still exhibiting large variability, and a sparse configuration can
appear stable while providing too little evidence for strong posterior concentration. Ac-
cordingly, configurations are compared not only in terms of throughput, but also in terms
of signal consistency.

The per-tag descriptors are then aggregated at the configuration level using summary
statistics such as the mean, median, and standard deviation of the quantities in (8)–(11).
These configuration-level summaries serve two purposes. First, they provide a descriptive
comparison of sensing conditions across operating modes. Second, they supply inter-
pretable signal-scale information that can guide the likelihood settings used later in Phase 2.
Algorithm 1 summarizes the Phase 1 procedure.
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Algorithm 1 Configuration-Aware Signal Characterization

Require: Observation files {Or}R
r=1, configuration file I

Ensure: Atomic read table and per-configuration signal summaries
1: for each run file Or do
2: parse list-encoded fields into arrays
3: align multi-valued columns row-wise
4: expand aligned arrays into atomic read rows
5: convert timestamps and signal fields to numeric values
6: infer timestamp unit and convert time to seconds
7: assign run identifier r
8: end for
9: concatenate all atomic reads into one table

10: merge atomic reads with run metadata from I
11: for each configuration c and EPC e do
12: compute µr(e, c), σ2

r (e, c), σ2
ϕ(e, c), and ρ(e, c)

13: end for
14: for each configuration c do
15: aggregate per-tag descriptors into configuration-level summaries
16: end for

4.2. Map-Constrained Bayesian Shelf Inference

Phase 2 converts asynchronous RFID detections into shelf-level posterior estimates
by combining robot trajectory, antenna geometry, and map constraints. Because the public
dataset does not provide direct EPC-to-item linkage, the goal of this phase is not to claim
verified item-level localization accuracy. Instead, it is to estimate which shelf candidates
are most plausible for each EPC and to quantify how strongly the posterior concentrates as
evidence accumulates.

For each RFID read, the robot pose is first synchronized with the trajectory by times-
tamp interpolation. The physical antenna used for that read is then identified from the
reader-port mapping, and its pose in the map frame is recovered by composing the inter-
polated robot pose with the static robot-to-antenna transform. This produces the antenna
position associated with each observation, which is the geometric reference used in the
inference stage.

Candidate shelf locations are derived from the baseline location table and filtered
using the occupancy map so that posterior mass is assigned only to map-consistent non-free
shelf candidates. Let the feasible candidate set be

X =
{

xj ∈ Xraw
∣∣ Ω(xj) = 1

}
, (12)

where Xraw denotes the raw shelf coordinates and Ω(x) is the occupancy-based feasibil-
ity operator.

The implementation uses the occupied_or_unknown map mode. Each shelf coordinate
is projected into the ROS occupancy grid image using the map resolution (0.02 m), origin,
and occupancy thresholds from map.2-d.yaml. Candidate points outside the map are
removed, and points inside cells whose occupancy probability is below the free-space
threshold (free_thresh = 0.196) are treated as clearly free space and pruned. Points in
occupied or unknown cells are retained; the stricter occupied_only mode is not used in
the reported experiments. This choice is intentionally conservative because shelves may
be represented as occupied or partially unknown structures in the map. Nevertheless,
the filter can introduce bias if the occupancy map is stale, misregistered, or if a true shelf
coordinate falls in a cell labeled as free. For this reason, the candidate reduction is reported
explicitly, and the map filter is interpreted as a constraint for posterior concentration rather
than as ground-truth validation of item position.
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The prior is intentionally conservative. In the absence of EPC-to-item linkage, there
is no defensible per-tag shelf prior, so the initial posterior is uniform over the feasible
candidate set or over the local computational subset used for a tag:

p0(xj) =

1/|X̃e|, xj ∈ X̃e,

0, otherwise,
(13)

where X̃e ⊆ X denotes the nearest candidate subset around the mean observed antenna
position for EPC e. This prior encodes only map feasibility and computational locality; it
does not inject unobserved item identity information.

For each EPC e, the synchronized observations are processed sequentially to update a
discrete posterior over the feasible shelf candidates. The posterior update is written as

pi(xj) ∝ pi−1(xj) p(zi | xj, πi, cr), (14)

where zi is the i-th RFID observation, πi is the synchronized antenna pose, and cr is the
configuration of the corresponding run. The likelihood combines RSSI and phase evidence,
with the phase contribution allowed to be either fixed or adaptively weighted. In this way,
the model uses RSSI for coarse discrimination and phase for finer spatial refinement while
still accounting for the circular nature of phase measurements.

The RSSI component uses a standard log-distance attenuation model:

r̂ij = r0 − 10n log10
(
max(dij, dmin)

)
, (15)

L(r)
ij = exp

[
−1

2

( ri − r̂ij

σr

)2
]

, (16)

where dij is the distance from the synchronized antenna pose to candidate xj, r0 is the
nominal RSSI at 1 m, n is the path-loss exponent, dmin prevents singular behavior at very
small distances, and σr controls the width of the RSSI likelihood. In the experiments, these
values are fixed before evaluation as r0 = −46 dBm, n = 2.2, dmin = 0.2 m, and σr = 4.5 dB.

The phase component is modeled on the wrapped two-way propagation phase:

ϕ̂ij =
(
4πdij/λi

)
mod 2π, ∆ϕij = atan2

(
sin(ϕi − ϕ̂ij), cos(ϕi − ϕ̂ij)

)
, (17)

L(ϕ)
ij = exp

[
−1

2

(∆ϕij

σϕ

)2
]

, (18)

where λi is the wavelength associated with the carrier frequency of observation i. Be-
cause the public data do not provide a hardware phase-offset calibration, the phase likeli-
hood is deliberately broad (σϕ = 0.8 rad) and reliability-weighted rather than treated as an
absolute range measurement.

The combined likelihood is

p(zi | xj, πi, cr) ∝ L(r)
ij

(
L(ϕ)

ij

)wi
, (19)

where wi is the phase weight. The main experiments use a fixed value wi = 0.25. The saved
sensitivity analysis also evaluates wi ∈ {0, 0.1, 0.25, 0.5, 1.0} and an adaptive reliability
setting in which local circular phase dispersion reduces the effective weight. Thus, the RSSI-
only case is not a separate method but the special case wi = 0 of the same Bayesian update.

To reduce computational cost, the implementation evaluates the posterior on a local
subset of candidates near the mean antenna position for a given EPC. This subset is a
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computational approximation to the full map-feasible candidate set and is kept large
enough in the reported experiments (candidate-k = 500) to preserve multiple plausible
shelf alternatives.

After all reads for an EPC have been assimilated, the system extracts the posterior
mean, MAP candidate, entropy, and covariance-based posterior spread. Posterior spread is
summarized as

ue,i =
√

tr(Σe,i), (20)

where Σe,i is the posterior covariance after the i-th update. This quantity is expressed in
meters and is therefore directly comparable across runs and configurations.

A tag is considered converged when its posterior spread falls below a fixed threshold:

ue,i ≤ τσ. (21)

The first read index satisfying (21) is recorded as the reads-to-convergence value.
Together, these outputs allow Phase 2 to measure not only where the posterior is centered,
but also how quickly and how confidently it stabilizes. Algorithm 2 summarizes the
Phase 2 procedure.

Algorithm 2 Map-Constrained Bayesian Shelf Inference

Require: Atomic RFID observations, trajectory files, antenna mappings, static transforms,
occupancy map, baseline shelf coordinates

Ensure: Posterior estimates and posterior-spread metrics for each EPC
1: for each RFID read zi do
2: interpolate the robot base pose at time ti
3: resolve the physical antenna identity from the reader-port mapping
4: compose transforms to recover the antenna pose si
5: end for
6: construct Xraw from baseline shelf coordinates
7: apply occupancy filtering to obtain X
8: for each EPC e do
9: collect synchronized reads Ze

10: initialize the posterior over X or its local approximation X̃e
11: for each read zi ∈ Ze do
12: compute candidate distances dij
13: evaluate RSSI and phase likelihoods
14: update and normalize the posterior
15: compute posterior spread ue,i
16: if ue,i ≤ τσ for the first time then
17: record reads-to-convergence
18: end if
19: end for
20: output posterior mean, MAP candidate, entropy, effective support, and posterior

spread
21: end for

4.3. Proxy Operational Evaluation

Phase 3 translates posterior outputs into deployment-oriented indicators for configu-
ration comparison. Because the public dataset does not provide direct EPC-to-item linkage,
unresolved estimates are not interpreted as hidden classification errors. Instead, large
posterior spread and non-convergence are treated as indicators of likely follow-up effort.
This allows the evaluation to remain operationally meaningful even when strict per-EPC
ground truth is unavailable.
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For each run, the system counts how many estimated tags remain uncertain under a
fixed posterior-spread threshold and how many fail to satisfy the convergence criterion
introduced in Phase 2. These quantities are also normalized by the number of estimated
tags so that runs with different throughput can be compared on a per-tag basis.

The main workload proxy for run r is defined as

Nproxy,r = Nuncertain,r + λNnonconv,r, (22)

where Nuncertain,r is the number of tags whose posterior spread exceeds the uncertainty
threshold, Nnonconv,r is the number of non-converged tags, and λ is a penalty factor that
assigns greater weight to unresolved cases.

The corresponding proxy operational cost is

Cproxy
r = CrobotTscan,r + Chuman Nproxy,r treview, (23)

where Tscan,r is the scan duration, treview is the assumed review time per flagged case,
and Crobot and Chuman denote robot-time and human-time cost coefficients, respectively.

In this framework, τu, τσ, λ, Crobot, Chuman, and treview are scenario parameters rather
than learned quantities. Their values are chosen before comparative evaluation, and the
resulting configuration ranking should therefore be interpreted as a trade-off under the
present proxy assumptions rather than as a universal cost ranking. Because published cost
data for robot-assisted RFID library inventory remain scarce, Section 5.3 reports sensitivity
analyses for workload thresholds and review-cost assumptions instead of treating a single
coefficient set as empirical ground truth.

At the configuration level, run-level metrics are averaged over all runs sharing the
same operating mode:

m̄(c) =
1

|R(c)| ∑
r∈R(c)

m(r), (24)

where R(c) is the set of runs executed under configuration c and m(·) denotes any run-level
metric, such as convergence rate, posterior spread, or proxy cost per estimated tag.

Finally, Phase 3 constructs a Pareto view over scan duration and posterior spread. This
produces a non-dominated set of operating points rather than a single one-dimensional
ranking, which is more appropriate when speed and posterior certainty must be balanced
jointly. Algorithm 3 summarizes the Phase 3 procedure.

Algorithm 3 Proxy Operational Evaluation

Require: Phase 2 posterior estimates, run summaries, configuration metadata, thresholds
τσ and τu, penalty factor λ, cost parameters

Ensure: Run-level and configuration-level proxy trade-off metrics
1: for each run r do
2: count estimated tags |Er|
3: count tags with posterior spread above τu
4: count non-converged tags under threshold τσ

5: compute proxy workload Nproxy,r

6: compute proxy cost Cproxy
r

7: compute normalized workload and cost per estimated tag
8: end for
9: aggregate run-level metrics by configuration using (24)

10: construct the Pareto front on scan duration versus posterior spread
11: export run-level, configuration-level, and Pareto summaries
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5. Results
This section reports empirical results for three related questions: how operating con-

figuration changes the observation regime, how those sensing regimes affect posterior
concentration under map-constrained shelf inference, and how residual uncertainty trans-
lates into deployment-oriented workload. Because the public release does not provide
direct EPC-to-item linkage, the reported quantities should be interpreted as posterior
spread, convergence, and operational indicators rather than as ground-truthed item-level
localization accuracy.

5.1. Configuration-Dependent Signal Behavior

Phase 1 first establishes that the raw logs can be transformed into a stable atomic-read
dataset. Across the five runs, the ingestion pipeline expands 672,731 raw observation
rows into 688,073 atomic RFID observations while preserving field correspondence across
list-encoded entries. No rows are lost after numeric filtering, and only five observations
require pose extrapolation after synchronization. The preprocessing report also shows
that irregular list structure is non-trivial: 8682 source rows contain mismatched array
lengths before alignment. This validates the decision to treat preprocessing as part of the
contribution rather than as a routine implementation detail.

After normalization, the three effective operating configurations show clear differences
in evidence density and signal variability. Table 1 reports the resulting configuration-
level descriptors.

Table 1. Phase 1 configuration-level signal characterization results.

Configuration ntags Mean RSSI Var Mean Phase Var Mean Density (Hz)

Autonomous-S1-P30 7354 20.16 2590.78 0.044
Autonomous-S2-P30 7446 7.12 2615.39 0.003
Manual-S1-P30 6863 16.92 2636.41 0.087

Three patterns are important. First, autonomous-S2-P30 yields the lowest mean RSSI
variance, suggesting the most stable amplitude regime, but it is also by far the sparsest
configuration. Second, manual-S1-P30 produces the highest read density, yet this denser
evidence stream does not coincide with the lowest variability. Third, autonomous-S1-P30
lies between these extremes in evidence density while exhibiting the largest average RSSI
variance. In other words, configuration choice cannot be reduced to maximizing reads
or minimizing variance alone; the sensing regime changes both evidence quantity and
evidence reliability.

Figure 2 summarizes the configuration-level differences in mean RSSI variance and
mean read density. The relationship is clearly non-monotonic: the densest configuration is
not the most stable one, and the most stable one is also the least informative in terms of
evidence volume. This distinction matters because Phase 2 depends on both properties.
Sparse evidence may be insufficient for strong posterior concentration, whereas dense but
noisy evidence can drive less selective likelihood updates.

Figure 3 presents the same relationship as a trade-off surface. The main conclusion
is that Phase 1 justifies a configuration-aware downstream analysis: none of the three
configurations dominates simultaneously in evidence density and evidence stability, so
later stages must evaluate how these sensing regimes translate into posterior concentration
and review burden.
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Figure 2. Configuration-level summary of Phase 1 results, comparing mean RSSI variance and mean
read density across the three operating configurations.

Figure 3. Trade-off between read density and RSSI variance across the three operating configurations.
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Overall, the Phase 1 results support the configuration-aware formulation adopted
in this paper. They show that the raw RFID sensing process changes materially across
operating modes and that these changes affect both the amount and the quality of the
evidence available for downstream inference.

5.2. Map-Constrained Bayesian Shelf Inference Results

Phase 2 evaluates the posterior behavior of the map-constrained shelf-inference
pipeline after temporal synchronization, antenna-pose recovery, and candidate-space fil-
tering. Across all five runs, the pipeline processed 688,073 aligned RFID observations and
produced 18,190 posterior tag estimates. Candidate filtering reduced the raw shelf set from
7423 baseline points to 2749 map-consistent candidates, eliminating approximately 63.0% of
the raw candidate positions before posterior updating. This pruning is important because it
restricts posterior mass to map-consistent shelf candidates and makes uncertainty measures
easier to interpret operationally. Because the filter can bias the posterior if the occupancy
map is wrong or misregistered, Section 4 now specifies the exact occupied_or_unknown
criterion and treats the resulting estimates as map-constrained posterior concentration
metrics rather than as independent proof of true item position.

Table 2 summarizes the run-level outputs in terms of estimated tag count, mean
posterior spread, convergence rate, uncertain-tag rate, and scan duration.

Table 2. Phase 2 run-level posterior concentration and convergence results.

Run Estimated
Tags

Mean Posterior
Spread (m)

Convergence
Rate

Uncertain
Rate

Scan
Duration (s)

1 3812 0.906 0.553 0.224 2133.4
2 950 2.105 0.004 0.871 2915.2
3 1170 1.365 0.387 0.365 2108.1
4 6797 1.260 0.415 0.395 2065.6
5 5461 1.622 0.243 0.577 1702.2

The run-level results show substantial variability in posterior behavior. Run 1 exhibits
the strongest posterior profile, with the lowest mean spread (0.906 m) and the highest
convergence rate (0.553). Run 4 provides a different but still competitive operating point:
it produces the largest number of estimated tags while maintaining moderate posterior
spread and convergence, making it attractive from a throughput perspective. Run 5 is the
fastest run, but its posterior quality is weaker, with a larger spread and a substantially larger
unresolved fraction than Run 1. Taken together, these differences indicate that scan duration
alone does not determine posterior quality. Faster runs may be operationally efficient,
but they can also yield less concentrated posteriors and therefore greater downstream
review burden.

Because the number of independent inventory runs is small, the run-level means in
Table 2 should not be interpreted as a 30–50 trial statistical study. At the tag-estimate
level; however, the posterior-spread means are stable within each run because each mean
is computed over hundreds to thousands of tags. The corresponding approximate 95%
confidence intervals for mean posterior spread are 0.883–0.928 m for Run 1, 2.074–2.136 m
for Run 2, 1.332–1.399 m for Run 3, 1.240–1.280 m for Run 4, and 1.601–1.644 m for Run 5.
These intervals quantify tag-level estimation stability, while the limited number of runs
remains an external-validity limitation discussed in Section 6.

To further assess statistical reliability without pretending to create new physical
inventory runs, we added a bootstrap analysis over the Phase 2 tag-level estimates.
For each reported bootstrap budget, the analysis resamples tag estimates with replacement
within each recorded run, recomputes configuration-level posterior spread, convergence,
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and proxy workload for all three configurations, and records the rank-1 configuration.
Table 3 summarizes representative budgets for autonomous-S1-P30, autonomous-S2-P30,
and manual-S1-P30. In the reported budgets, autonomous-S1-P30 remains the best-ranked
configuration, while the other two configurations remain consistently higher in proxy work-
load. This improves the statistical reliability of the reported ranking at the tag-estimate
level, but it is not a substitute for collecting 30–50 new independent physical inventory runs.

Table 3. Bootstrap reliability analysis over tag-level posterior estimates for all operating config-
urations. The table reports representative bootstrap budgets and summarizes the stability of the
configuration ranking.

Bootstrap
Replicates Configuration Workload/Tag

Mean (95% CI)
Rank-1

Probability
Physical

Runs

10 autonomous-S1-P30 0.820 (0.809–0.831) 1.00 2
10 manual-S1-P30 1.333 (1.320–1.345) 0.00 1
10 autonomous-S2-P30 1.426 (1.406–1.448) 0.00 2

50 autonomous-S1-P30 0.826 (0.806–0.844) 1.00 2
50 manual-S1-P30 1.333 (1.317–1.350) 0.00 1
50 autonomous-S2-P30 1.422 (1.401–1.450) 0.00 2

100 autonomous-S1-P30 0.825 (0.812–0.843) 1.00 2
100 manual-S1-P30 1.334 (1.316–1.350) 0.00 1
100 autonomous-S2-P30 1.423 (1.398–1.449) 0.00 2

The clearest failure case is Run 2. It combines the longest scan duration, the largest
mean posterior spread (2.105 m), the lowest convergence rate (0.004), and the highest
uncertain-tag rate (0.871). This pattern indicates a genuine failure regime rather than a
simple lack of scan time. Additional acquisition time does not rescue inference when the
synchronized evidence remains weak or geometrically uninformative. To investigate this
failure more precisely, Table 4 reports read-density, antenna-pose coverage, and phase-
residual diagnostics computed from the pose-aligned observation table.

Table 4. Failure-mode diagnostics for Run 2 compared with the other runs. The percentage below
eight reads is computed before the Phase 2 minimum-read filter. Antenna-pose area is the bounding-
box area covered by pose-aligned antenna positions. Phase residual circular standard deviation is
computed against the final posterior mean estimates.

Run Median
Reads/Tag

Tags Below
8 Reads (%)

Antenna-Pose
Area (m2)

Phase Residual
Circ. Std. (rad)

Convergence
Rate

1 21 30.4 1.09 2.104 0.553
2 4 87.3 2.27 3.011 0.004
3 4 84.3 18.27 2.824 0.387
4 29 8.1 1.12 2.268 0.415
5 19 23.1 0.91 2.593 0.243

The diagnostics identify three contributing factors for Run 2. First, it is extremely
sparse at the tag level: 87.3% of observed tags have fewer than eight reads, and the median
observed tag has only four reads. Second, the estimated tags in Run 2 are supported by a
narrow evidence budget, with a median of nine usable reads after filtering. Third, compared
with Run 3, which has similarly sparse S2 reads but much better convergence, Run 2 covers
a smaller antenna-pose area and shows the largest circular phase-residual spread. The root
cause is therefore best described as a combination of sparse repeated observations, weaker
geometric leverage, and low phase coherence, rather than as a synchronization or parsing
failure. This interpretation is consistent with the implementation diagnostics: all 688,073
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observations received antenna poses, no reader-port mappings were missing, and only five
observations required pose extrapolation.

Figure 4 provides a run-level overview of throughput and convergence behav-
ior. The figure makes clear that the five runs occupy different operating regions:
some favor posterior concentration, some favor throughput, and one exhibits near-
complete non-convergence.

Figure 4. Phase 2 run overview showing estimated tags, scan duration, and convergence rate.

Figure 5 shows the distribution of posterior spread by run. The contrast between
Run 1 and Run 2 is especially informative: Run 1 concentrates much more posterior mass
into low-spread estimates, whereas Run 2 remains broadly dispersed. This figure captures
the central meaning of posterior concentration in the present study: not verified point
accuracy, but the extent to which accumulated evidence narrows the posterior over feasible
shelf candidates.

Figure 5. Posterior spread distribution by run.

The trade-off between scan duration and posterior spread in Figure 6 further shows
that longer runs are not necessarily better. Run 2 again occupies the least desirable region
of this space, while Runs 1, 4, and 5 occupy different but more favorable trade-off positions.
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This reinforces the conclusion that the quality of synchronized evidence matters at least as
much as total acquisition time.

Figure 6. Run-level trade-off between scan duration and mean posterior spread.

To isolate the contribution of phase information, we additionally analyzed a saved
robustness subset containing 3445 estimated tags from Run 1. The subset was generated
from the phase-weight experiment outputs using identical synchronization, candidate
filtering, and scan duration while varying only the phase contribution in the posterior
update. Under this design, the setting fixed_w0 acts as an RSSI-only baseline, whereas
the remaining settings introduce progressively stronger phase influence. The results are
summarized in Table 5.

Table 5. Phase-weight sensitivity study on a 3445-tag robustness subset from Run 1.

Setting Mean Posterior Spread (m) Convergence Rate

fixed_w0 1.378 0.068
fixed_w0.25 0.908 0.543
fixed_w0.5 0.705 0.734
fixed_w1 0.522 0.864
adaptive_w1_win8 0.674 0.740

The baseline comparison is decisive. Relative to the RSSI-only setting fixed_w0,
the fully phase-enabled fixed model fixed_w1 reduces weighted mean posterior spread
from 1.378 m to 0.522 m and raises convergence from 0.068 to 0.864. Even intermediate
phase weights improve both criteria monotonically. The adaptive strategy remains compet-
itive, but it does not surpass the strongest fixed setting on this subset. The most defensible
interpretation is therefore not that adaptive weighting is ineffective, but that the present
adaptive reliability model still requires refinement. What is already clear from the saved
experiment outputs is that phase information materially improves posterior concentration
relative to an RSSI-only baseline in this environment.
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The adaptive strategy likely underperforms the best fixed phase weight because
its reliability estimate is based only on local circular dispersion of the observed phase
sequence. This rule can be overly conservative in Run 1, where phase is globally infor-
mative despite local wrapping and motion-induced fluctuations. It also does not model
antenna-specific phase offsets, RSSI-dependent phase reliability, candidate-dependent
phase residuals, or whether phase changes are consistent with the robot’s motion geometry.
A stronger adaptive model should therefore weight phase using posterior innovation or
residual consistency, per-antenna calibration terms, signal-strength-dependent reliability,
and motion-aware phase coherence rather than local phase dispersion alone.

Taken together, the Phase 2 results show that the proposed inference pipeline can
produce meaningful posterior concentration under favorable observation regimes, but that
its behavior is strongly conditioned by run quality. This is consistent with the uncertainty-
aware framing of the paper: the main value of the method lies in distinguishing favorable
and unfavorable inference regimes, rather than in overclaiming uniform item-level localiza-
tion performance.

5.3. Proxy Operational Evaluation Results

Phase 3 evaluates the practical implications of posterior spread by converting uncertain
and non-converged estimates into proxy workload and cost terms. The reported values
use the base analysis settings saved with the experiment outputs: uncertainty threshold
τu = 1.5 m, convergence threshold τσ = 0.5 m, non-convergence penalty λ = 1.0, review
time of 45 s per flagged case, robot cost of 18 currency units per hour, and human review
cost of 12 currency units per hour. These values are not claimed as universal; they define a
concrete comparative scenario under which configuration ranking can be interpreted.

Table 6 summarizes the configuration-level trade-off analysis. The reported metrics
include mean posterior spread, convergence rate, proxy workload per estimated tag, proxy
cost per estimated tag, and mean scan time.

Table 6. Phase 3 configuration-level proxy operational trade-offs.

Configuration Mean Posterior
Spread (m)

Conv.
Rate

Proxy
Workload/Tag

Proxy Cost/
Tag

Mean Scan
Time (s)

Autonomous-S1-P30 1.083 0.484 0.826 0.126 2099.5
Autonomous-S2-P30 1.735 0.196 1.422 0.225 2511.6
Manual-S1-P30 1.622 0.243 1.334 0.202 1702.2

The configuration-level comparison indicates that, under the present proxy assump-
tions, autonomous-S1-P30 provides the most favorable overall trade-off between posterior
concentration and operational efficiency. Although it is not the fastest configuration, it
achieves the smallest mean posterior spread, the highest convergence rate, the lowest proxy
workload per estimated tag, and the lowest proxy cost per estimated tag. In contrast,
manual-S1-P30 remains attractive when scan time is the dominant priority, but it incurs
a larger unresolved workload and higher cost per estimated tag. The weakest overall
profile is observed for autonomous-S2-P30, which combines sparse observations, weaker
convergence, larger posterior spread, and the largest workload and cost burden among the
three configurations.

The sensitivity to the proxy workload thresholds was evaluated with three terminal-
threshold scenarios in Table 7. In this post hoc analysis, Nuncertain is recomputed from
the final posterior spread using τu, while terminal non-convergence is approximated by
final posterior spread above τσ. This does not re-estimate the first read-to-convergence
time for each alternative τσ, because the saved outputs do not contain the full per-read
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posterior-spread trajectory for every tag. It does; however, test whether the configuration
ranking is sensitive to reasonable changes in τu, τσ, and λ. Across strict, base, and lenient
settings, autonomous-S1-P30 remains the lowest-workload configuration.

Table 7. Sensitivity of proxy workload ranking to uncertainty threshold τu, terminal convergence
threshold τσ, and non-convergence penalty λ.

Scenario Configuration τu (m) τσ (m) λ Workload/Tag

Strict autonomous-S1-P30 1.0 0.40 1.5 1.596
Strict manual-S1-P30 1.0 0.40 1.5 2.104
Strict autonomous-S2-P30 1.0 0.40 1.5 2.330

Base autonomous-S1-P30 1.5 0.50 1.0 1.009
Base manual-S1-P30 1.5 0.50 1.0 1.458
Base autonomous-S2-P30 1.5 0.50 1.0 1.598

Lenient autonomous-S1-P30 2.0 0.75 0.5 0.454
Lenient manual-S1-P30 2.0 0.75 0.5 0.775
Lenient autonomous-S2-P30 2.0 0.75 0.5 0.845

To test whether this ranking is an artifact of one coefficient set, Table 8 reports a cost
sensitivity analysis. The low-review scenario uses a lower human review rate and shorter
review time, the base scenario matches Table 6, and the high-review scenario increases
robot cost, human review cost, review time, and the non-convergence penalty. The absolute
cost values change, but the ranking remains stable: autonomous-S1-P30 has the lowest cost
per estimated tag in all three scenarios. This result should be interpreted as robustness of
the proxy comparison, not as a claim that the selected coefficients are universal empirical
library costs [32,33].

Table 8. Sensitivity of proxy cost per estimated tag under alternative review-cost assumptions.

Scenario Configuration Proxy Workload/Tag Proxy Cost/Tag

Low review autonomous-S1-P30 0.826 0.057
Low review autonomous-S2-P30 1.422 0.107
Low review manual-S1-P30 1.334 0.090

Base autonomous-S1-P30 0.826 0.126
Base autonomous-S2-P30 1.422 0.225
Base manual-S1-P30 1.334 0.202

High review autonomous-S1-P30 1.084 0.364
High review autonomous-S2-P30 1.824 0.623
High review manual-S1-P30 1.712 0.573

These results are important because they show that the most favorable deployment
mode is not the one with the shortest scan time or the lowest RSSI variance in isolation.
Instead, the strongest operating mode is the one that provides the best joint outcome once
evidence density, posterior concentration, and likely follow-up burden are considered
together. This is precisely the type of comparison that is needed when direct item-level
correctness is unavailable but configuration selection still matters operationally.

Figure 7 presents the Pareto frontier defined over two competing objectives: mini-
mizing scan duration and minimizing mean posterior spread. Runs 5, 4, and 1 form the
non-dominated set because none of them is jointly outperformed in both objectives. Specif-
ically, Run 5 provides the shortest scan duration but with higher posterior spread, Run 1
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provides the lowest posterior spread at the cost of longer scan time, and Run 4 occupies an
intermediate trade-off position. By contrast, Runs 3 and 2 are dominated operating points:
each is outperformed by at least one other run in both duration and uncertainty, with Run 2
representing the clearest degraded case. This Pareto analysis is more informative than a sin-
gle scalar ranking because it exposes the operational trade-off structure directly and allows
different libraries to prioritize either speed or certainty according to deployment needs.

Figure 7. Pareto frontier for scan duration versus mean posterior spread. Runs 5, 4, and 1 are the
non-dominated operating points, while Runs 3 and 2 are dominated.

Figure 8 provides a complementary view by decomposing the proxy operational
cost by run. The figure makes clear that the total burden is not determined by scan time
alone. Runs with weak convergence or broad posterior spread can accumulate greater
implied review cost even if they are relatively short. This is precisely the value of the
proxy evaluation: in the absence of EPC-linked ground truth, unresolved posterior spread
remains operationally meaningful because it corresponds to additional inspection effort.

Overall, the Phase 3 results translate the outputs of Bayesian shelf inference into
deployment-oriented terms. They show that uncertainty-aware inference is valuable not
only because it produces sharper posteriors but also because it supports rational configura-
tion selection when scan speed, throughput, and likely review burden must be balanced
under incomplete supervision.
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Figure 8. Proxy operational cost breakdown by run, combining scan-time cost and review-
workload cost.

6. Discussion, Limitations, and Future Work
6.1. Interpretation of the Main Findings

Mobile RFID inventory quality is governed by a coupled interaction among evidence
density, signal variability, antenna-pose geometry, and posterior convergence. These
factors do not vary monotonically across operating modes: denser observations are not
necessarily cleaner, lower raw RSSI variance does not automatically yield the sharpest
posterior concentration, and longer scans do not guarantee better inference. The strongest
practical outcome is therefore a decision-analytic result rather than a metric-accuracy result:
among the tested modes, autonomous-S1-P30 provides the most favorable balance between
posterior certainty, convergence behavior, and implied review effort under the adopted
proxy assumptions.

This framing clarifies the manuscript’s validity domain. The paper should be read
as an uncertainty-aware analytics study for mobile RFID inventory under incomplete
supervision, not as a claim of state-of-the-art item-level localization accuracy. Within that
scope, the main strengths are the reproducible preprocessing pipeline, the map-constrained
posterior inference procedure, the explicit uncertainty outputs, the RSSI-only baseline,
the phase-weight sensitivity analysis, and the operational comparison layer that turns
unresolved posterior behavior into decision-support metrics.

6.2. Physical Factors Affecting RFID Inventory Accuracy

The observed run dependence is consistent with known physical limitations of passive
UHF RFID in dense library environments. Shelving material affects both attenuation and
reflection. Metallic shelf frames, bookends, and nearby fixtures can create strong multipath
and shadowing, while wooden or composite shelving typically produces less severe re-
flection but still changes the local propagation path. Book density and tag placement also
matter: tightly packed books reduce tag visibility, change tag orientation relative to the
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antenna, and can shield tags behind other items. These effects alter both read probability
and RSSI variance, so a high read count is not automatically equivalent to high-quality
evidence [3,35].

Environmental obstacles further complicate mobile scanning. A robot may observe
the same shelf from slightly different antenna poses across repeated passes, but human
traffic, cart placement, shelf-end structures, or aisle geometry can reduce the angular
diversity needed for reliable phase-based discrimination. This is particularly relevant to
the Run 2 diagnostics in Table 4: sparse repeated reads, a smaller antenna-pose coverage
area than Run 3, and high phase-residual dispersion are all plausible symptoms of limited
geometric leverage and degraded propagation. The present dataset does not include direct
annotations for shelf material, local book packing density, or temporary obstacles, so these
effects cannot be isolated experimentally here. They should nevertheless be treated as
primary design variables in future data collection.

6.3. Limitations

The main limitations are as follows. First, the public dataset is from 2018 and should
not be treated as a comprehensive benchmark for current RFID hardware, antenna designs,
or autonomous inventory robots. Its value is that it publicly exposes synchronized RFID
observations, robot trajectories, antenna mappings, map data, and shelf coordinates at
library scale. Second, the public release does not provide direct EPC-to-item linkage for
strict per-tag RMSE evaluation, so the present claims remain comparative and uncertainty-
based rather than externally verified against true item identities.

Third, configuration diversity is limited. The released runs vary inventory mode,
RFID session, and trajectory, but all use 30 dBm nominal transmit power and the same
antenna hardware. Therefore, the paper cannot claim to evaluate alternative power levels,
antenna placements, robot velocities, or scanning strategies beyond those already present
in the data. Fourth, the saved phase-weight robustness study is restricted to a 3445-tag
subset from Run 1. It is sufficient to expose a meaningful RSSI-only versus phase-enabled
contrast, but not sufficient to establish a universally optimal phase-weighting strategy. Fifth,
the proxy workload and cost model depend on fixed thresholds and scenario coefficients.
The sensitivity analysis in Table 8 shows that the ranking is stable across three plausible
scenarios, but site-specific empirical cost data would be needed for a true economic claim.

Finally, the number of independent inventory runs is small. The tag-level confidence
intervals and bootstrap reliability analysis reported in Section 5.2 quantify stability of
posterior-spread and ranking estimates within the available data, but they do not replace a
30–50 run physical experimental campaign. The conclusions should therefore be interpreted
as evidence from a public, limited-run dataset with strong tag-level resampling stability
rather than as a statistically exhaustive deployment trial.

6.4. Future Work

The most valuable next step is a contemporary validation campaign with explicit EPC-
to-item linkage and a factorial configuration design. Such a campaign should vary transmit
power, RFID session, antenna placement, robot velocity, aisle trajectory, and scanning
strategy while recording shelf material, book density, and temporary obstacles. This would
allow direct estimation of item-level RMSE, shelf-assignment accuracy, and configuration
interactions that cannot be recovered from the current public data.

Additional methodological extensions are also clear. The Bayesian model should
be evaluated against supervised deep learning, SLAM-RFID, synthetic aperture, and
optimization-based baselines when matching labels are available. The likelihood model
should be expanded to include calibrated antenna radiation patterns, per-antenna phase
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offsets, and material-aware attenuation terms. The operational layer should be calibrated
using site-specific staff time, robot operating cost, and audit records from real library
operations. Together, these steps would strengthen external validity while preserving the
uncertainty-aware, deployment-oriented perspective developed here.

7. Conclusions
This paper presented an uncertainty-aware analytics framework for robot-assisted

RFID library inventory under incomplete supervision. Using a public library dataset, we
showed that operating configuration materially changes both the density and variability
of RFID observations. We then introduced a map-constrained Bayesian shelf-inference
pipeline that synchronizes RFID reads with robot trajectory and antenna geometry to
produce shelf-level posterior distributions with explicit uncertainty. Finally, we translated
posterior spread and non-convergence into proxy review workload and cost, enabling
deployment-oriented comparison when direct EPC-to-item ground truth is unavailable.

The main conclusion is that deployment quality cannot be inferred from scan speed
or raw signal stability alone. Instead, the most useful operating mode is the one that
yields the best joint balance among evidence density, posterior concentration, convergence,
and downstream review burden. In the present dataset, autonomous-S1-P30 provides
that balance most consistently under the adopted proxy assumptions and remains the
best-ranked configuration in the threshold and cost-sensitivity analyses. More broadly,
the paper argues that mobile RFID inventory should be evaluated as an uncertainty-
aware operational analytics problem when perfect supervision is unavailable. The claim
is intentionally bounded: contemporary item-level benchmarking, broader configuration
testing, and empirical cost calibration require new data with EPC-to-item linkage and
controlled experimental variation.
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