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Abstract. Wi-Fi received signal strength (RSS) fingerprint
localization is sensitive to structural state changes because
opening or closing doors and partitions changes propaga-
tion paths and may require state-specific radio maps. Ex-
isting state-aware multi-fingerprint localization can handle
such changes only after the fingerprint database of each state
has been surveyed, leading to 2𝐻 surveys for 𝐻 variable el-
ements. This paper proposes CoStateLoc (Compositional
State-Conditioned Localization), a survey-efficient frame-
work that reconstructs unseen-state radio maps from base-
line, single-factor, and selected dual-factor surveys. CoState-
Loc represents each state-specific fingerprint database as
a combination of a baseline map, single-factor perturbations,
and sparse pairwise interactions estimated directly from sur-
veyed databases. A controlled two-dimensional (2D) geomet-
ric ray-tracing simulator is used to evaluate the reconstruc-
tion mechanism. For H=6 doors (64 states) in three geomet-
rically different layouts, CoStateLoc uses 22 surveyed states
and reduces the survey count by 65.6%. Under the adopted
simulation model and known-state assumption, it achieves
up to 20.4% lower mean localization error than a first-order
additive baseline and outperforms a Hamming-kernel state-
generation baseline. The results provide controlled simula-
tion evidence rather than deployment-level validation.
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1. Introduction
With the rapid development of mobile Internet and

smart devices, indoor location information has become an im-
portant basis for navigation, context-aware service, emer-
gency management, and intelligent building applications.
Global Navigation Satellite Systems can provide reliable po-
sitioning in outdoor scenes, but their signals are often blocked
or strongly attenuated inside buildings [1], [2]. Among in-
door positioning technologies, Wi-Fi received signal strength

(RSS) fingerprint localization has attracted continuous at-
tention because Wi-Fi access points (APs) are widely de-
ployed and RSS measurements can be obtained without ex-
tra positioning hardware [3–6]. Beyond localization, radio-
frequency (RF) sensing has also been used for indoor per-
ception tasks such as millimeter-wave-radar human motion
recognition and device-free sensing [7], [8].

A typical Wi-Fi fingerprint localization system contains
an offline phase and an online phase. In the offline phase, RSS
values from multiple APs are collected at known reference
points (RPs) to construct a radio map. In the online phase, the
RSS vector measured by the target user is compared with the
stored fingerprints, and the position is estimated by match-
ing algorithms such as k-nearest-neighbor (KNN), weighted
KNN (WKNN), or probabilistic inference [5, 9–11]. This
scheme is effective when the radio map used online has the
same statistical characteristics as the environment in which
it was collected. However, the RSS fingerprint is not deter-
mined only by the RP coordinate. It is also affected by re-
flection, penetration, diffraction, and line-of-sight conditions
along the AP-RP propagation paths, and practical deploy-
ment studies have repeatedly reported that RSS fluctuation,
AP reliability, AP changes, and site-survey cost limit the
robustness of fingerprint systems [12–15].

In practical indoor environments, spatial structures are
not always fixed. Doors, partitions, and movable walls
may be opened, closed, or rearranged, which can change
a propagation path from penetration-dominated transmis-
sion to reflection or line-of-sight transmission. A previ-
ous multi-fingerprint study showed that such environmental
state changes may cause RSS shifts greater than 20 dB at the
same position, so a single fingerprint database cannot ac-
curately represent all spatial states [16]. That study solved
the state-mismatch problem by constructing a separate fin-
gerprint database for each environmental state and selecting
the corresponding database in the online phase by a state
classifier [16]. However, this solution left a clear scalability
limitation: if 𝐻 structural elements each have two possible
states, the number of state-specific databases is 2𝐻 . For ex-
ample, 𝐻 = 10 already corresponds to 1024 complete offline
surveys, which is difficult to support in an actual deployment.
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Therefore, the present paper extends that multi-
fingerprint framework by retaining the state-aware local-
ization premise while changing its most expensive com-
ponent: instead of measuring every state-specific finger-
print database, fingerprints are estimated for environmental
states that have not been physically surveyed. The proposed
CoStateLoc (Compositional State-Conditioned Localization)
framework constructs unseen-state fingerprints from the mea-
sured baseline state, all single-factor states, and a limited
number of dual-factor states. The underlying modeling as-
sumption is that the RSS variation caused by several structural
elements can often be approximated by the superposition of
single-factor perturbations and sparse pairwise interaction
terms. In this way, CoStateLoc preserves the state-aware lo-
calization structure while avoiding exhaustive surveys over
the whole state space. The present validation is a controlled
mechanism study: the main experiments assume that the on-
line environmental state is available, and the reported accu-
racy is obtained in reproducible simulated layouts rather than
in a calibrated real building. This scope is intended to isolate
the radio-map reconstruction mechanism before the frame-
work is coupled with real-building measurement campaigns
and state-identification hardware.

The main contributions of this paper can be summarized
as follows:

• The unseen-state radio map reconstruction problem is
formalized for variable indoor spatial environments.
Different from conventional fingerprint matching stud-
ies, the research object is the construction of fingerprint
databases for environmental states that are absent from
the offline survey set.

• CoStateLoc is proposed as a compositional perturba-
tion model that estimates unseen-state fingerprints from
baseline, single-factor, and selected dual-factor state
databases. The required number of state-specific sur-
veys is reduced from 2𝐻 to 1 + 𝐻 + 𝐾 , where 𝐾 is the
selected dual-factor survey budget.

• A reproducible 2D geometric ray-tracing evaluation en-
vironment is built with coherent multipath combining,
explicit material parameters, and state-dependent door
configurations. This simulator provides controlled RSS
data for comparing full-survey, incomplete-survey, and
ablation methods under the same localization backend.

• The proposed method is evaluated with 𝐻 = 6 doors
across three geometrically different layouts. Under
the adopted simulation model, the results show that
CoStateLoc reduces the number of state-specific sur-
veys by 65.6% while keeping the localization error close
to the full-survey oracle and improving accuracy over
the first-order additive baseline.

The remainder of this paper is organized as follows.
Section 2 reviews related work. Section 3 formulates the
incomplete-survey fingerprint generation problem. Section 4

presents the proposed CoStateLoc framework. Section 5 de-
scribes the ray-tracing evaluation environment. Section 6
gives the experimental setup, results, and discussion. Sec-
tion 7 concludes the paper, and Section 8 states data and
code availability.

2. Related Work
The first representative Wi-Fi fingerprint localization

system, RADAR, used measured RF signal strength to esti-
mate indoor user locations and established the offline-online
framework followed by many later systems [3]. Probabilis-
tic wireless local area network (WLAN) localization was
then studied to describe RSS uncertainty, including early
Bayesian RSS models and the Horus system [4], [9]. On
this basis, KNN and WKNN methods became widely used
because of their simple implementation and acceptable ac-
curacy [5], [10]. Later studies further analyzed RSS sta-
tistical properties, AP selection, feature construction, ma-
chine learning, and deep learning to improve the match-
ing relationship between RSS fingerprints and physical lo-
cations [6,11,12,15,17–19]. These methods mainly improve
the online matching algorithm or the fingerprint represen-
tation, while the radio map is usually still assumed to cor-
respond to the same environmental condition as the online
measurement.

To reduce the cost of fingerprint database construction
and maintenance, many studies have considered site-survey-
free localization, radio-map update, crowdsourcing, and in-
terpolation [20]. Crowdsourcing-based methods collect RSS
data from ordinary mobile users and use them to build or
update the radio map, thereby reducing manual survey work-
load [21–23]. Other studies update fingerprints when AP sig-
nals change or estimate fingerprints at unsurveyed locations
from a limited number of collected points [24], [25]. These
methods are valuable for reducing spatial sampling density
or maintaining radio maps over time. However, their main
target is the location dimension or temporal maintenance of
the radio map. They do not directly solve the combinatorial
growth caused by multiple structural elements whose states
can change independently.

Missing radio-map entries can also be viewed through
a completion perspective. Matrix completion estimates un-
observed entries from low-rank structure [26], and tensor de-
compositions extend this idea to multi-way data arrays [27].
Recent radio-map learning studies have further used adver-
sarial fingerprint learning, graph attention networks, condi-
tional generative adversarial networks, and diffusion mod-
els to reconstruct or generate radio maps [28–31]. Graph
neural networks have also been used to improve Wi-Fi lo-
calization with access point selection [32]. These methods
show the value of modern learning-based radio-map model-
ing. However, the problem considered here is not random
missing entries in a densely sampled array or spatial inter-
polation over unmeasured locations. The surveyed states are
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deliberately restricted to baseline, single-factor, and selected
dual-factor configurations, and the target is to extrapolate
to higher-order environmental state combinations. CoState-
Loc therefore uses an explicit factorial perturbation structure
rather than assuming only a global low-rank, graph-based, or
generative latent representation.

Another line of work treats environmental variation as
a domain shift problem. Transfer learning and domain adap-
tation attempt to map fingerprints collected under different
conditions into a common feature space or adapt a trained
localization model to a target domain [33], [34]. Such meth-
ods are useful when the source and target domains have re-
lated distributions and when some target-domain information
can be obtained. Nevertheless, for door and partition state
changes, the target domain is not a single continuous drift
but a set of discrete structural combinations. If each combi-
nation is treated as a separate target domain, the amount of
required calibration data still grows rapidly with the number
of variable elements.

Propagation-model and ray-tracing methods provide an-
other way to analyze RSS variation. Classical indoor propa-
gation studies and standards describe free-space loss, indoor
path loss, wall penetration, reflection, and multipath fading
mechanisms [35–39]. Ray-tracing methods can further sim-
ulate site-specific multipath propagation in a given geomet-
ric environment [40], and differentiable radio-propagation
platforms have recently made such modeling more accessi-
ble [41]. These methods help explain why opening or closing
a door can change RSS fingerprints. However, pure model-
based prediction often depends on detailed material param-
eters and geometric calibration. In this paper, ray tracing is
used as a controlled evaluation environment, while the pro-
posed CoStateLoc model itself estimates state perturbations
directly from surveyed fingerprint databases.

The prior studies most closely related to the present
work can be grouped according to their research objectives.
One group focused on improving fingerprint-localization ro-
bustness, feature construction, or matching accuracy when
the fingerprint database for the target condition was already
available [15], [17]. Another group studied multi-fingerprint
localization in variable spatial environments, showing that
complex dynamic environments can produce distinguish-
able fingerprint patterns and that a state-aware system can
select a corresponding state-specific database [16], [42].
These studies motivated state-aware fingerprint localiza-
tion, but they still required the state-specific databases to
be constructed in advance. In contrast, this paper ad-
dresses the radio-map construction problem: it reconstructs
fingerprint databases for unseen environmental states from
a limited set of surveyed states. Instead of construct-
ing every state-specific database independently, CoStateLoc
generates unseen-state fingerprints by composing measured
single-factor effects and selected pairwise interactions, so
that the survey burden is linked to the number and inter-
action structure of variable elements rather than to all 2𝐻
state combinations.

3. Problem Formulation
Consider an indoor environment with 𝑁 access points

(APs) and 𝑀 reference points (RPs) arranged in a grid. The
setting follows the variable-spatial-state assumption used in
the previous multi-fingerprint localization framework [16],
but the objective is different. The earlier framework assumed
that the fingerprint database of each state had been surveyed.
Here, the environment still contains 𝐻 variable structural el-
ements (e.g., doors, partitions, movable walls), each of which
can be in one of two states: open (1) or closed (0), but only
a subset of state-specific databases is available. The environ-
mental state is represented by a binary vector:

s = [𝑠1, 𝑠2, . . . , 𝑠𝐻 ] ∈ {0, 1}𝐻 (1)

yielding a total of 𝑆 = 2𝐻 possible states.

For each state s, the fingerprint database F(s) ∈ R𝑀×𝑁

contains the RSS values from all 𝑁 APs measured at each of
the 𝑀 RPs:

F(s) = [f1 (s), f2 (s), . . . , f𝑁 (s)] (2)

where f 𝑗 (s) ∈ R𝑀 is the RSS vector of AP 𝑗 across all RPs
under state s.

Let Ssurvey ⊂ {0, 1}𝐻 denote the set of states that have
been physically surveyed, and Sunseen = {0, 1}𝐻 \ Ssurvey de-
note the unseen states. The all-closed state is denoted as
s0 = [0, 0, . . . , 0]. In the complete multi-fingerprint setting,
every state-specific database is surveyed, so |Ssurvey | = 2𝐻 .
In this paper, only a subset of state-specific databases is avail-
able, i.e., |Ssurvey | ≪ 2𝐻 . Given the surveyed fingerprints
{F(s) |s ∈ Ssurvey}, the task is to generate F̂(s) for every un-
seen state s ∈ Sunseen and use the generated database to local-
ize online RSS observations. The method-specific choice of
Ssurvey is described in Sec. 4. The localization performance
is evaluated by the mean positioning error:

𝑒 =
1

|Sunseen |
∑︁

s∈Sunseen

1
𝑀

𝑀∑︁
𝑖=1

∥p̂𝑖 (s) − p𝑖 ∥ (3)

where p̂𝑖 (s) is the estimated position of RP 𝑖 under state s,
and p𝑖 is the true position.

4. Proposed CoStateLoc Framework
CoStateLoc is a concrete incomplete-survey solution

for the problem defined in Sec. 3. Its survey set contains
the baseline state s0, all single-factor states eℎ in which only
element ℎ is open, and 𝐾 selected dual-factor states eℎ𝑞
in which elements ℎ and 𝑞 are simultaneously open. The
number of surveyed states is therefore 1 + 𝐻 + 𝐾 , where
𝐾 ≤ 𝐶 (𝐻, 2), rather than the exhaustive 2𝐻 states. From
these surveyed databases, CoStateLoc constructs the finger-
print database of an unseen environmental state. The overall
workflow is shown in Fig. 1, where partial state surveys, ef-
fect extraction, unseen-state radio map reconstruction, and
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Fig. 1. Overview of the proposed CoStateLoc framework. Partial environmental-state surveys are used to extract baseline, main-effect, and
pairwise-interaction components, which are then composed to reconstruct unseen-state radio maps for WKNN localization.

online localization are separated to make the role of the re-
constructed state-specific radio map explicit.

Following the main-effect and interaction terminology
commonly used in factorial experimental analysis [43], the
fingerprint of state s is modeled as:

F̂(s) = F(s0) +
𝐻∑︁
ℎ=1

𝑠ℎ𝜹ℎ +
∑︁
ℎ<𝑞

𝑠ℎ𝑠𝑞Iℎ𝑞 (4)

where F(s0) is the baseline fingerprint database, 𝜹ℎ =

F(eℎ) −F(s0) is the single-factor perturbation caused by ele-
ment ℎ, and Iℎ𝑞 is the pairwise interaction between elements
ℎ and 𝑞. No regression coefficient is fitted in this model.
Each term is obtained by direct subtraction from surveyed
state databases, so the reconstruction is fully determined once
the survey set is fixed. For a surveyed dual-factor state, the
interaction term is computed as the residual that cannot be
explained by the two single-factor perturbations:

Iℎ𝑞 = F(eℎ𝑞) − F(s0) − 𝜹ℎ − 𝜹𝑞 . (5)

The interaction terms are not assumed to be dense. In
indoor propagation, two elements are likely to interact when
they affect common AP-RP paths. This gives a practical
survey rule based only on known geometry. The rule is
a heuristic design choice of this paper, and its effect is evalu-
ated by the survey-budget experiment in Sec. 6. Let cℎ ∈ R2

denote the center coordinate of variable element ℎ. The pair
distance is:

𝑑ℎ𝑞 = ∥cℎ − c𝑞 ∥2. (6)

All 𝐶 (𝐻, 2) pairs are sorted by 𝑑ℎ𝑞 . The 𝐾 closest pairs are
surveyed as dual-factor states, where 𝐾 is the dual-factor sur-
vey budget and is distinct from the WKNN neighbor number
𝑘 . For unselected pairs outside Q, Iℎ𝑞 is set to zero. Because
the ranking uses only element coordinates, it can be applied
before dual-factor RSS measurements are collected.

Component Cost formula
Surveyed maps 𝑆 = 𝑂 ( (1 + 𝐻 + 𝐾 )𝑀𝑁 )
Main effects 𝑇 = 𝑂 (𝐻𝑀𝑁 ) , 𝑆 = 𝑂 (𝐻𝑀𝑁 )
Pairwise terms 𝑇 = 𝑂 (𝐾𝑀𝑁 ) , 𝑆 = 𝑂 (𝐾𝑀𝑁 )
One reconstructed map 𝑇 = 𝑂 ( (𝐻 + 𝐾 )𝑀𝑁 ) , 𝑆 = 𝑂 (𝑀𝑁 )
Cache𝑈 maps 𝑇 = 𝑂 (𝑈 (𝐻 +𝐾 )𝑀𝑁 ) , 𝑆 = 𝑂 (𝑈𝑀𝑁 )

Tab. 1. Computational complexity and memory requirement of
CoStateLoc.

𝐻 2𝐻 1 + 𝐻 +𝐶 (𝐻, 2) Saving
6 64 22 65.6%
8 256 37 85.5%
10 1024 56 94.5%
12 4096 79 98.1%

Tab. 2. Survey-count scaling under the all-pair CoStateLoc de-
sign.

The computational cost of CoStateLoc is determined by
the number of RPs 𝑀 , APs 𝑁 , variable elements 𝐻, selected
dual-factor states 𝐾 , and reconstructed unseen states 𝑈. Let
𝑇 denote computational time and 𝑆 denote storage. Table 1
summarizes the main cost formulas. The model can either re-
construct an unseen-state radio map on demand, which needs
only one temporary 𝑀 × 𝑁 database, or cache all 𝑈 recon-
structed databases when repeated online queries for many
states are expected.

The survey-count scalability follows directly from the
factorial structure. If all pairwise interactions are surveyed,
the required number of surveyed states is 1 + 𝐻 + 𝐶 (𝐻, 2);
if only a subset of pairs is selected, it is 1 + 𝐻 + 𝐾 . Table 2
gives the all-pair count for several values of 𝐻. This table is
an analytic survey-count comparison, not an additional prop-
agation experiment. It shows that the survey saving increases
rapidly as 𝐻 grows, because the exhaustive multi-fingerprint
requirement is exponential whereas the all-pair CoStateLoc
design is quadratic.
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The complete offline reconstruction and online local-
ization procedure is summarized in Algorithm 1.

Algorithm 1. Proposed CoStateLoc framework.

Require: Structural element center coordinates {cℎ }𝐻ℎ=1, dual-factor sur-
vey budget 𝐾 , online RSS observation r ∈ R𝑁 , and current environ-
mental state s ∈ Sunseen.

Ensure: Estimated user location p̂.
1: Offline Surveying Phase:
2: Survey the baseline state s0 = [0, . . . , 0] to obtain baseline fingerprint

database F(s0 ) .
3: for each variable element ℎ = 1 to 𝐻 do
4: Survey single-factor state eℎ (where only element ℎ is open) to

obtain database F(eℎ ) .
5: Compute single-factor perturbation (main effect):

𝜹ℎ = F(eℎ ) − F(s0 ) .
6: end for
7: Compute spatial distance 𝑑ℎ𝑞 = ∥cℎ − c𝑞 ∥2 for all pairs 1 ≤ ℎ < 𝑞 ≤
𝐻.

8: Sort all 𝐶 (𝐻, 2) pairs in ascending order of 𝑑ℎ𝑞 .
9: Select the top-𝐾 closest pairs as the dual-factor survey set Q.

10: for each selected pair (ℎ, 𝑞) ∈ Q do
11: Survey dual-factor state eℎ𝑞 (where both elements ℎ and 𝑞 are open)

to obtain database F(eℎ𝑞 ) .
12: Compute pairwise interaction term:

Iℎ𝑞 = F(eℎ𝑞 ) − F(s0 ) − 𝜹ℎ − 𝜹𝑞 .
13: end for
14: for each remaining pair (ℎ, 𝑞) ∉ Q do
15: Set interaction term Iℎ𝑞 = 0.
16: end for
17: Online Reconstruction & Localization Phase:
18: Predict fingerprint database F̂(s) for the unseen state s:

F̂(s) = F(s0 ) +
∑𝐻

ℎ=1 𝑠ℎ𝜹ℎ + ∑
(ℎ,𝑞) ∈Q 𝑠ℎ𝑠𝑞Iℎ𝑞 .

19: Match online RSS observation r against F̂(s) using WKNN.
20: return Estimated user position p̂.

During online localization, the current environmental
state s is assumed to be known or estimated by a state-
identification module. This assumption follows the state-
aware localization premise of the previous multi-fingerprint
framework, but it requires an additional deployment com-
ponent: a practical system must obtain the door, partition,
or obstacle state before selecting the generated radio map.
In deployment, this information may come from door sen-
sors, building-management systems, vision-based room-state
recognition, or a fingerprint-based state classifier such as
the one used in the earlier multi-fingerprint framework [16].
These sensing choices are outside the main contribution of
the present paper. In the main experiments, the state source is
kept fixed so that the effect of incomplete state surveys can be
isolated. The additional state-label-error experiment in Sec. 6
then examines how the method behaves when the provided
state is occasionally wrong. Given an online RSS observa-
tion r ∈ R𝑁 , CoStateLoc first reconstructs F̂(s) using (4)
and then applies the standard weighted 𝑘-nearest-neighbor
(WKNN) fingerprint matcher [5], [10]:

p̂ =
∑︁
𝑖∈N𝑘

𝑤𝑖p𝑖 , 𝑤𝑖 =
1/∥r − f̂𝑖 ∥∑

𝑗∈N𝑘
1/∥r − f̂ 𝑗 ∥

(7)

where N𝑘 is the set of 𝑘 nearest reference points in the pre-
dicted database, and f̂𝑖 is the predicted RSS vector at RP 𝑖.

5. Ray-Tracing Evaluation
To make the RSS generation process repeatable, this pa-

per uses a 2D geometric ray-tracing simulator as a controlled
radio-map generator. The simulator follows the standard
path-loss and image-method ray-tracing procedure used in
indoor radio propagation modeling [36], [40]. It is not cali-
brated to a particular building; instead, it provides the same
RSS field to all compared methods so that the effect of incom-
plete state surveys can be isolated. The layout geometry, AP
and RP coordinates, door apertures, material placeholders,
survey-state definitions, and random seeds are fixed in the
implementation, so the same configuration deterministically
regenerates the same offline radio maps.

For each AP-RP pair under a given environmental state,
three types of paths are considered: the direct path, all valid
single-bounce reflected paths, and all valid double-bounce
reflected paths. The reflection points are computed deter-
ministically by mirroring the AP across wall segments and
checking whether the resulting path intersects the finite wall
segment. A path segment crossing a closed wall or a closed
door accumulates wall penetration loss. If the crossing point
lies inside an open door aperture, no wall penetration loss
is added at that crossing. The same open door aperture is
also removed from the set of valid reflecting surfaces, so
an opened door affects both penetration and reflection paths.

For a path 𝑙 with length 𝑑𝑙 , wall penetration loss 𝐿w,𝑙 ,
and 𝑛𝑟 ,𝑙 reflections, the complex field contribution is:

𝐸𝑙 =
1
𝑑
𝑛/2
𝑙

10−𝐿w,𝑙/20Γ𝑛𝑟,𝑙e−j2𝜋𝑑𝑙/𝜆 (8)

where 𝑛 is the path-loss exponent, Γ is the reflection coef-
ficient in amplitude, and 𝜆 is the wavelength. The distance-
decay, penetration-loss, reflection-loss, and phase terms fol-
low the narrowband link-budget and multipath representation
used in wireless propagation analysis [35, 36, 38]. The total
field is coherently summed as:

𝐸total = 𝐸LOS +
∑︁
𝑖

𝐸refl,𝑖 +
∑︁
𝑗

𝐸double, 𝑗 (9)

where 𝐸LOS is the line-of-sight (LOS) direct contribution,
𝐸refl,𝑖 is the 𝑖-th single-bounce contribution, and 𝐸double, 𝑗 is
the 𝑗-th double-bounce contribution. The received power is
finally converted to RSS in dBm by:

𝑃1m = 10(𝑃t−20 log10 (4𝜋 𝑓 /𝑐) )/10 (10)

𝑃r = 10 log10

(
𝑃1m |𝐸total |2

)
(11)

where 𝑃t is the AP transmit power in dBm, 𝑓 is the carrier
frequency, and 𝑐 is the speed of light. Equation (10) is the
1 m free-space reference-power form of the Friis transmission
formula [35]. The value 𝑃1m is therefore the received power
at the 1 m free-space reference distance expressed in mW.
If numerical cancellation makes 𝑃1m |𝐸total |2 < 10−20 mW,
the RSS is clipped to –100 dBm. This clipping threshold is
only a numerical floor for extremely small simulated pow-
ers; it is not a measured receiver-sensitivity parameter. This
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implementation makes the generated fingerprint database de-
terministic for a fixed layout, state vector, and parameter set.
The default offline radio maps are noise-free simulated fields,
while Gaussian measurement noise is added only when on-
line RSS observations are generated for localization testing.
This is an idealized offline-survey setting and is treated as
a limitation when interpreting the results.

The use of coherent summation in (9) means that the
RSS field contains constructive and destructive multipath in-
terference. At 2.4 GHz, 𝜆 ≈ 12.5 cm, and therefore small
path-length differences can produce fast fading [38]. This
setting is intentionally a difficult benchmark for fingerprint
generation. It is not intended to replace a calibrated full-
wave or three-dimensional (3D) ray-tracing tool; instead, it
provides a controlled and reproducible way to test whether the
proposed compositional model can recover state-dependent
RSS changes under nonlinear multipath conditions.

The simulator is therefore a deliberate abstraction rather
than a complete representation of a measured building. It
considers a single 2.4 GHz carrier, planar walls, binary door
apertures, wall penetration, specular reflection, and coherent
multipath combining. It does not model 5/6 GHz opera-
tion, diffraction, diffuse scattering, furniture and equipment,
moving people, device heterogeneity, floor-ceiling effects,
full 3D propagation, partially open doors, or the attenuation
of an opened door leaf lying close to a wall. These fac-
tors are important for field deployment, but adding them in
the present stage would mix the radio-map reconstruction
question with site-specific calibration and sensing variables.
The controlled simulator is used to test whether the proposed
state-composition mechanism is useful when all methods face
the same geometry, propagation model, AP layout, test states,
and noise assumptions. Real-building measurements, multi-
band evaluation, and independent 3D ray-tracing tools are
treated as the next validation stage.

6. Experiments

6.1 Experimental Setup
Table 3 lists the parameters used in the experiments.

The propagation-related values are selected from commonly
used indoor ranges rather than tuned for CoStateLoc. The
2.4 GHz carrier is the standard Wi-Fi band used in many RSS
fingerprint systems [3], [10]; 5/6 GHz operation is not eval-
uated in this paper and is included in the future validation
plan. The path-loss exponent and wall loss are within the in-
door ranges reported in classical indoor propagation measure-
ments and ITU indoor planning recommendations [37], [39].
The reflection coefficient is treated as a fixed material place-
holder in the image-method model [36], [40]; it is reported
for reproduction and is not optimized. Parameters that define
the controlled simulation design, such as AP power, RP spac-
ing, Monte Carlo repetitions, and the random seed, are fixed
for all methods and are not presented as literature-derived

optimal values. The hardware and software platform is also
reported only for reproducing the runtime measurements, not
as a hardware-independent efficiency claim.

Three controlled layouts are used to reduce dependence
on a single geometry. They are synthetic evaluation layouts
rather than replicas of specific measured buildings. Each
layout contains 𝐻 = 6 variable doors and therefore 26 = 64
possible environmental states. Layout A is a 32 × 10 m
corridor-like room divided by six parallel vertical walls, each
with a door. Seven APs are distributed along the room, as
shown in Fig. 2. This layout creates repeated cross-wall
propagation paths and is expected to have stronger interac-
tion effects. Layout B is a 20×16 m mixed-wall environment
with three vertical and three horizontal wall segments, as
shown in Fig. 3. Its geometry is less aligned, and the variable
doors are more spatially separated. Layout C is a 20 × 16 m
asymmetric environment with staggered vertical and hori-
zontal partitions and two oblique wall segments, as shown
in Fig. 4. Its nonuniform AP placement and oblique prop-
agation boundaries differ from both the parallel structure of
Layout A and the orthogonal mixed structure of Layout B.
All three layouts have an area of 320 m2. RPs are placed on
a 2.0 m grid, yielding 80 RPs in each layout.

Parameter Value and basis
Frequency 2.4 GHz Wi-Fi band [3], [10]
AP transmit power 20 dBm, fixed equal-power AP set-

ting
Path types LOS, single reflection, double re-

flection [36], [40]
Path-loss exponent 2.8, indoor range [37], [39]
Wall attenuation 15 dB per closed wall or

door [37], [39]
Reflection coefficient 0.7 amplitude, exact value fixed

in this paper; image-method basis
in [36], [40]

Online noise std. 3.0 dB controlled default, var-
ied over 1–7 dB; Gaussian RSS-
fluctuation basis in [12]

WKNN 𝑘 3, fixed for all methods; WKNN
principle in [5], [10]

Monte Carlo runs 30 independent online noise realiza-
tions; random seed 42

RP spacing 2.0 m, fixed controlled grid setting
Runtime platform AMD Ryzen 5 9600X processor,

32 GB memory, Python 3.14.2

Tab. 3. Simulation and evaluation parameters.
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Fig. 2. Simulation layout A with six variable doors, seven APs,
and reference points shown as gray dots.
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Fig. 3. Simulation layout B with mixed vertical and horizon-
tal walls. D1–D6 denote six variable apertures, AP1–
AP7 denote access points, and gray dots denote reference
points.
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Fig. 4. Simulation layout C with asymmetric staggered and
oblique partitions. D1–D6 denote six variable apertures,
AP1–AP7 denote access points, and gray dots denote ref-
erence points.

Method States
used

Database used for an unseen state

OracleFull 64 True state database; full-survey upper
bound

BaseOnly 1 Baseline database F(s0 )
FirstOrder 7 Baseline plus single-factor perturbations
NearestObs 22 Nearest surveyed state in Hamming dis-

tance
RandomSurvey 22 NearestObs after random state selection
KernelState 22 Hamming-RBF kernel regression over

state vectors
CoStateLoc 22 Baseline, single-factor, and pairwise

terms

Tab. 4. Compared fingerprint database construction methods.

For all three layouts, the default CoStateLoc survey set
contains the baseline state, all six single-factor states, and all
15 dual-factor states. This gives 22 surveyed states, or 34.4%
of all possible states. The remaining 42 states, all with at
least three open doors, are not used for database construction
and are reserved for testing. In the survey-budget experiment,
the number of dual-factor states is reduced according to the
spatial proximity rule in (6).

All compared methods use the same WKNN localizer
in (7); they differ only in how the fingerprint database for
an unseen state is obtained. Table 4 summarizes the database
construction rules, and the exact comparison protocol is as
follows.

• OracleFull: uses the true state-specific database F(s)
for each test state. It is a full-survey upper bound with
perfect state knowledge.

• BaseOnly: always uses the all-closed baseline database
F(s0), measuring the error caused by ignoring environ-
mental state changes.

• FirstOrder: uses the baseline database and all single-
factor perturbations, but sets all pairwise terms in (4) to
zero. It is a main-effect-only factorial model [43].

• NearestObs: selects the surveyed state with the min-
imum Hamming distance to the test state and reuses
that surveyed database. It is a reproducible state-reuse
baseline following the nearest-neighbor decision prin-
ciple [44].

• RandomSurvey: randomly selects 22 surveyed states,
with the baseline state forced to be included, and then
applies the same NearestObs rule. The reported value
is averaged over five random selections.

• KernelState: predicts an unseen state’s full RSS map
by Hamming radial-basis-function (RBF) kernel ridge
regression over the binary state vector. Kernel ridge
regression follows the dual kernel-regression princi-
ple [45], and kernel models have also been used in
WLAN fingerprinting [18]. The length scale and ridge
parameter are selected by leave-one-surveyed-state-out
RSS reconstruction error.

• CoStateLoc: uses the baseline, six single-factor
databases, and selected pairwise interaction terms com-
puted by (5).

During localization testing, an online RSS observation
at RP 𝑖 under state s is generated as:

r𝑖 (s) = f𝑖 (s) + 𝝐 , 𝜖 𝑗 ∼ N(0, 𝜎2) (12)

where 𝜎 = 3 dB by default and the noise components of dif-
ferent APs are sampled independently. Gaussian RSS fluctu-
ation is used here as a reproducible measurement-noise ab-
straction, following the common statistical treatment of RSS
fingerprints [9], [12]; the exact value of 𝜎 is a controlled de-
fault and is varied in the noise-sensitivity experiment rather
than tuned for one method. Three metrics are reported. The
mean localization error is the Euclidean distance between the
estimated and true RP positions averaged over all test states,
RPs, and Monte Carlo runs. The P90 error is the 90th per-
centile of the same localization error distribution. The RSS
reconstruction root mean square error (RMSE) is computed
as:
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RMSERSS =

√︄
1

|Sunseen |𝑀𝑁
∑︁

s∈Sunseen

∥F̂(s) − F(s)∥2
𝐹
. (13)

To check the consequence of imperfect state informa-
tion, an additional sensitivity test is performed in Layout A.
With probability 𝑝𝑠 , the perceived online state is replaced
by a one-bit-flipped state label, while the online RSS ob-
servation is still generated from the true state. This setting
represents a mild state-identification error in which the state
module confuses one structural element, and it is used only
to quantify sensitivity to state-label errors rather than to solve
state recognition.

To test the idealized noise-free offline-survey assump-
tion, another Layout A sensitivity test perturbs only the sur-
veyed databases before model construction:

F̃(s) = F(s) + 𝜼, 𝜂𝑖 𝑗 ∼ N(0, 𝜎2
off). (14)

The true unseen-state radio maps used for online testing are
not perturbed by 𝜼. Five independent offline-noise realiza-
tions are used for each 𝜎off . Because a pairwise interaction
term is computed from four surveyed databases, its noise
variance is amplified. Therefore, this sensitivity test also
reports a noise-aware variant, denoted CoStateLoc-S, which
shrinks each observed interaction term by:

Ĩℎ𝑞 = 𝛼ℎ𝑞Iℎ𝑞 , 𝛼ℎ𝑞 = max

(
0,
𝐼2
ℎ𝑞

− 4𝜎2
off

𝐼2
ℎ𝑞

)
(15)

where 𝐼2
ℎ𝑞

= ∥Iℎ𝑞 ∥2
𝐹
/(𝑀𝑁). This variant is used only to

examine how interaction terms should be regularized when
offline fingerprints are noisy.

6.2 Results and Discussion
Before comparing localization accuracy, the simulated

scenarios are first checked for the state-induced fingerprint
shift that motivates this work. Figure 5 shows a represen-
tative example in Layout A. When doors D1 and D2 are
opened, the AP1 RSS field changes by 8.6 dB on average and
up to 36.2 dB across reference points. This result shows that
the tested structural states generate materially different radio
maps; therefore, the use of a mismatched fingerprint database
can affect localization in this setting.

Figures 6 and 7(a) report the main localization perfor-
mance. OracleFull gives the full-survey upper bound because
it uses the true state-specific database for each test state. Its
mean errors are 1.43 m, 1.02 m, and 1.26 m in Layouts A, B,
and C, respectively. CoStateLoc uses only 22 surveyed states
and obtains 1.61 m, 1.06 m, and 1.27 m. The corresponding
gaps to OracleFull are 0.18 m, 0.04 m, and 0.015 m, while
65.6% of the state-specific surveys are avoided.
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Fig. 5. Representative RSS fingerprint shift in Layout A. Point
colors show the absolute AP1 RSS change between the
all-closed baseline and the state where doors D1 and D2
are open.
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Fig. 6. Mean localization error on unseen states in (a) Layout
A and (b) Layout B with OracleFull reference.

Among the incomplete-survey methods, CoStateLoc
has the lowest mean error in all three layouts. Compared
with FirstOrder, the error decreases from 2.02 m to 1.61 m
in Layout A, from 1.17 m to 1.06 m in Layout B, and from
1.38 m to 1.27 m in Layout C. The corresponding improve-
ments are 20.4%, 9.5%, and 7.8%. For the significance
check, the paired samples are the 42 unseen-state mean er-
rors, and the test statistic is 𝑡 = 𝑑/(𝑠𝑑/

√
42), where 𝑑 is the

state-level error difference between FirstOrder and CoState-
Loc. Following the paired-comparison procedure commonly
used in experimental analysis [43], the test uses 41 degrees
of freedom. It gives 𝑡 = 12.46, 13.12, and 9.94 in Layouts
A, B, and C, respectively, with two-sided 𝑝 < 0.001 in each
layout. The paired standardized effect sizes 𝑑𝑧 = 𝑡/

√
42 are

1.92, 2.02, and 1.53. The approximate 95% confidence in-
tervals for the FirstOrder–CoStateLoc mean-error reduction
are 0.34–0.48 m, 0.09–0.13 m, and 0.086–0.129 m, respec-
tively. The larger gain in Layout A is consistent with the
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Fig. 7. Additional validation in the asymmetric Layout C: (a) mean localization error across the principal methods, (b) cumulative distribution of
unseen-state mean errors, (c) pairwise interaction magnitudes, and (d) localization error under the spatial proximity survey-budget rule.

geometry in Fig. 2: parallel walls repeatedly intersect AP-RP
paths, so two opened doors can create a propagation condi-
tion that is not reproduced by simply adding their single-door
effects. Layouts B and C have fewer strong interactions, so
the first-order model is already stronger. The positive paired
differences nevertheless show that the pairwise terms remain
useful in both geometries.

Table 5 further compares CoStateLoc with KernelState,
a state-conditioned generator that uses the same 22 surveyed
states but does not assume the main-effect plus pairwise-
interaction structure. KernelState obtains mean localization
errors of 1.82 m, 1.28 m, and 1.55 m in Layouts A, B, and
C, while CoStateLoc obtains 1.61 m, 1.06 m, and 1.27 m.
The corresponding global RSS RMSE values are 4.31, 3.72,
and 3.71 dB for KernelState and 3.50, 1.65, and 1.57 dB for
CoStateLoc. Thus, the explicit interaction decomposition is
more accurate than smooth kernel interpolation over binary
state labels in the three controlled layouts.

Figure 8 reports the global RSS reconstruction RMSE
defined in (13). This metric is independent of the WKNN
matching step and directly measures how well each method
reconstructs the unseen-state fingerprint database. The cor-
responding global RMSE and mean absolute error (MAE)
values are listed in Tab. 6. CoStateLoc has the lowest re-
construction error among the incomplete-survey methods in
all three layouts. Relative to FirstOrder, its global RMSE
is reduced by 36.1%, 51.0%, and 48.0% in Layouts A, B,
and C, respectively. Thus, the localization gains in Figs. 6

and 7(a) are accompanied by direct improvements in radio-
map reconstruction.

Layout Method Mean error (m) RSS RMSE (dB)
A KernelState 1.82 4.31
A CoStateLoc 1.61 3.50
B KernelState 1.28 3.72
B CoStateLoc 1.06 1.65
C KernelState 1.55 3.71
C CoStateLoc 1.27 1.57

Tab. 5. Comparison with the Hamming-RBF KernelState gen-
erator baseline under the same 22-state survey protocol.
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Fig. 8. Global RSS reconstruction RMSE on unseen states in
Layouts A, B, and C.
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Layout Method RMSE (dB) MAE (dB)
A BaseOnly 10.08 6.33
A FirstOrder 5.48 2.42
A NearestObs 5.51 2.68
A CoStateLoc 3.50 0.93
B BaseOnly 6.91 3.76
B FirstOrder 3.37 0.97
B NearestObs 4.92 2.04
B CoStateLoc 1.65 0.26
C BaseOnly 6.71 3.77
C FirstOrder 3.02 0.78
C NearestObs 4.31 1.74
C CoStateLoc 1.57 0.14

Tab. 6. RSS reconstruction metrics on unseen states.
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Fig. 9. Representative radio-map reconstruction for Layout A,
AP1, and unseen state 111000: (a) true RSS, (b) CoState-
Loc reconstructed RSS, and (c) absolute reconstruction
error. The triangle denotes AP1.

Figure 9 provides a spatial comparison for Layout A,
AP1, and unseen state 111000, in which D1–D3 are open
and D4–D6 are closed. The reconstructed map preserves
the broad RSS gradient from AP1 toward the far end of the
layout. Its mean absolute reconstruction error is 2.76 dB.
The maximum absolute error is 23.75 dB and occurs in lo-
calized regions near the far-right side, where coherent multi-
path fading produces sharp spatial variations. This example
complements the aggregate values in Tab. 6: the composi-
tional model captures the large-scale state-dependent field
while retaining localized errors that are not represented by
the second-order truncation.
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Fig. 10. CDF of unseen-state mean localization errors in (a) Lay-
out A and (b) Layout B.

Layout Method Median (m) Max. (m) Success rate (%)
A BaseOnly 2.68 11.34 16.0/37.0/57.6
A FirstOrder 1.74 9.50 25.2/58.8/80.6
A NearestObs 1.73 10.34 25.1/60.0/81.9
A CoStateLoc 1.47 8.12 30.9/70.9/89.5
B BaseOnly 1.46 14.24 29.9/70.1/89.9
B FirstOrder 1.11 9.02 43.4/89.2/98.8
B NearestObs 1.23 13.61 36.7/81.1/95.3
B CoStateLoc 1.00 9.33 50.0/92.6/99.1
C BaseOnly 1.72 9.36 21.6/59.7/84.5
C FirstOrder 1.23 7.59 36.8/79.8/94.4
C NearestObs 1.38 10.02 31.4/72.9/90.7
C CoStateLoc 1.15 6.29 39.7/84.3/96.7

Tab. 7. Additional localization distribution metrics under the
same online test setting. The success-rate column gives
the percentages within 1/2/3 m.

The cumulative distribution function (CDF) curves in
Figs. 10 and 7(b) further show how the errors are distributed
across unseen states. The CoStateLoc curve lies to the left of
the other incomplete-survey methods over most of the CDF
range in each layout. In Layout A, its P90 error is 3.07 m,
compared with 4.06 m for FirstOrder and 3.98 m for Near-
estObs. In Layout B, the corresponding values are 1.87, 2.05,
and 2.46 m. In Layout C, they are 2.30, 2.55, and 2.93 m.
Table 7 gives additional point-error metrics computed un-
der the same online test setting. CoStateLoc has the lowest
median error and the highest success rates within 1/2/3 m
among the incomplete-survey methods in all three layouts.
The maximum-error column shows that the main gain ap-
pears in the central and high-probability portions of the error
distribution rather than eliminating every isolated extreme.
The tail reduction is most pronounced in Layout A because
the pairwise terms correct several high-error coupled states
that the first-order and state-reuse baselines cannot represent.
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Fig. 11. Mean localization error by unseen-state order in (a) Lay-
out A and (b) Layout B.

Figure 11 further examines the effect of interaction or-
der and survey budget on localization performance. For all
methods, the localization error increases when more doors
are simultaneously open, because higher-order states in-
volve more unobserved door-state combinations and there-
fore require stronger generalization. CoStateLoc consis-
tently achieves the lowest error at each order. At order
6, CoStateLoc obtains 2.19 m, 1.21 m, and 1.37 m in Lay-
outs A, B, and C, whereas FirstOrder gives 2.71 m, 1.36 m,
and 1.59 m, respectively. The improvement is most pro-
nounced in Layout A, indicating that pairwise interaction
terms are especially useful when the environment geometry
induces stronger coupled propagation effects. The Layout C
result confirms that the ordering is retained in the additional
asymmetric geometry.

Figures 12 and 7(c) show the interaction magnitudes of
all 𝐶 (6, 2) = 15 door pairs. The 1 dB line is used only as
a descriptive marker in this analysis; it is smaller than the de-
fault online noise standard deviation of 3 dB and is not used
by the CoStateLoc reconstruction algorithm. Nine pairs in
Layout A, three pairs in Layout B, and two pairs in Layout C
exceed this marker. Therefore, interactions are not uniformly
distributed across all pairs. They concentrate on a subset of
geometrically related doors, which supports the use of a re-
duced dual-factor survey. The smaller number of strong pairs
in Layout C is also consistent with its smaller improvement
over FirstOrder.
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Fig. 12. Interaction term magnitudes for all 15 element pairs in
(a) Layout A and (b) Layout B. Nine pairs in Layout
A and three pairs in Layout B exceed the 1 dB descrip-
tive marker.

The survey-budget curves in Figs. 13 and 7(d) use the
deployable spatial proximity rule in (6). In Layout A, the
CoStateLoc error decreases from 1.90 m with seven sur-
veyed states to 1.61 m with 15 surveyed states. The latter
setting uses the baseline, six single-factor states, and eight
dual-factor states, i.e., only 23.4% of the 64 possible states.
Adding more dual-factor states beyond this point brings lit-
tle further improvement, and the 22-state setting remains at
1.61 m. In Layout B, CoStateLoc decreases from 1.14 m
at seven surveyed states to about 1.06–1.07 m after 13 sur-
veyed states. In Layout C, it decreases from 1.35 m at seven
states to 1.27 m at 14 states and then remains near this level.
This setting uses seven dual-factor surveys and 21.9% of
all 64 states. The earlier plateaus in Layouts B and C are
consistent with their smaller numbers of strong interaction
pairs. FirstOrder changes only mildly because it does not use
dual-factor measurements in reconstruction; the small drift
is caused by the evaluated unseen-state set changing as addi-
tional dual-factor states are moved from the test set into the
survey set. NearestObs remains more sensitive to which state
databases happen to be available, because it reuses a single
observed state rather than composing effects.

Table 8 gives an additional component ablation in Lay-
out A. Different from Fig. 13, the Top-𝐾 dual-factor terms in
this table are selected by their true interaction magnitudes.
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Fig. 13. Localization error vs. number of surveyed states in (a)
Layout A and (b) Layout B under the spatial proximity
heuristic.

Configuration States used Error (m)
BaseOnly 1 2.71
+ Single-factor (FirstOrder) 7 1.90
+ Top-3 dual-factor 10 1.69
+ Top-5 dual-factor 12 1.63
+ Top-7 dual-factor 14 1.61
+ All 15 dual-factor 22 1.61
NearestObs (all 22 states) 22 2.12

Tab. 8. Oracle component ablation: mean error (m) with differ-
ent model components in Layout A.

This is an oracle analysis and is used only to isolate how
much of the improvement is provided by the strongest in-
teraction terms. The BaseOnly error is 2.71 m. After the
six single-factor databases are used, the error decreases to
1.90 m, showing that main effects explain a large part of
the state-dependent RSS change. Adding the three strongest
dual-factor terms further reduces the error to 1.69 m, and the
Top-7 setting already reaches the same 1.61 m level as all
15 dual-factor terms. NearestObs uses all 22 surveyed states
but obtains 2.12 m, which is worse than FirstOrder with only
seven states. Thus, collecting more state databases is not suf-
ficient unless the information is combined through a suitable
reconstruction model.

Figure 14 evaluates the robustness of different methods
under increasing online RSS noise. The experiment is con-
ducted in Layout A, which represents the stronger-interaction
scenario. As the online noise standard deviation increases
from 1 dB to 7 dB, all methods show degraded localization
accuracy.
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Fig. 14. Noise sensitivity in Layout A. The online RSS noise
standard deviation is varied from 1 to 7 dB, and the
mean localization error is reported for each method.
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Fig. 15. Sensitivity to offline survey noise in Layout A.
CoStateLoc-S denotes the noise-aware interaction-
shrinkage variant in (15).

Nevertheless, CoStateLoc remains the best incomplete-
survey method across the whole noise range. At 1 dB,
CoStateLoc achieves a mean error of 1.08 m, while FirstOrder
and NearestObs both give 1.75 m. At the default 3 dB setting,
the corresponding errors are 1.61 m, 2.02 m, and 1.96 m, re-
spectively. Even under the strongest tested noise level of 7 dB,
CoStateLoc still outperforms FirstOrder, with 2.24 m com-
pared with 2.51 m. The performance gap becomes smaller as
the online measurements become noisier, because RSS ob-
servations are then less discriminative for WKNN matching.
However, the consistent ordering of the methods indicates
that the reconstructed radio map remains beneficial under
moderate measurement noise.

Figure 15 reports the effect of noisy offline surveyed fin-
gerprints. This is a stricter setting than the default experiment
because the model components themselves are estimated
from perturbed databases. With 𝜎off = 1 dB, CoStateLoc-
S obtains 1.70 m, compared with 1.89 m for KernelState and
2.20 m for FirstOrder. At 𝜎off = 2 dB, CoStateLoc-S remains
comparable to KernelState and NearestObs, with 2.00 m ver-
sus 2.04 m and 2.04 m, respectively. For stronger offline
perturbations, however, KernelState and NearestObs become
more robust than the interaction-based model. The unshrunk
interaction model is especially sensitive because each inter-
action residual subtracts four noisy databases; its mean error
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reaches 3.41 m at 3 dB and 4.61 m at 5 dB. This result sug-
gests that CoStateLoc should be used with averaged offline
RSS fingerprints or with noise-aware interaction shrinkage
when offline measurements are strongly noisy.

Figure 16 reports the AP-count sensitivity in the same
layout. For each tested AP count, APs are regenerated with
uniform spacing along the room length and alternating ver-
tical offsets; the same AP set is then used by all methods.
Since AP availability and AP discrimination are known to af-
fect Wi-Fi fingerprint localization [14], [18], this experiment
checks whether the observed gain depends on one particu-
lar AP configuration. Localization accuracy improves when
more APs are available: CoStateLoc decreases from 1.72 m
with four APs to 1.19 m with ten APs. FirstOrder follows
the same trend but remains higher, decreasing from 2.10 m to
1.41 m. Therefore, the improvement is not tied to the default
seven-AP setting; the pairwise reconstruction remains useful
across sparse and denser AP deployments.

Figure 17 shows the sensitivity to state-label errors un-
der the one-bit error model described in Sec. 6.1. As the
state-label error rate increases from 0 to 30%, all state-aware
methods degrade because the generated or selected radio map
may correspond to a neighboring but incorrect environmental
state. CoStateLoc increases from 1.607 m to 1.713 m, while
FirstOrder increases from 2.017 m to 2.074 m and NearestObs
from 1.960 m to 2.001 m. Therefore, the proposed recon-
struction remains better than the incomplete-survey baselines
under this mild state-identification error model. This experi-
ment is an elementary perturbation test rather than a complete
state-recognition study. Multiple simultaneous state errors or
systematic state-classification bias would move the perceived
state farther away from the true state in the binary state space
and can cause larger localization degradation. Such cases re-
quire a dedicated environmental-state classifier, a confusion
model, or a joint state-position estimator. The current result
therefore confirms that CoStateLoc still requires a reasonably
accurate state source in deployment.

The implementation time is reported only to document
the experimental workflow on the platform in Tab. 3. It is not
used as a hardware-independent efficiency claim. In Lay-
out A, WKNN localization with a generated state-specific
database takes 0.046 ms per query. Generating all 64 ray-
traced state databases takes 87 s in the simulator; this is
a one-time data-generation cost for evaluation and should
not be interpreted as the real survey time saved by CoState-
Loc. Once the surveyed databases are available, constructing
the CoStateLoc model by computing 𝜹ℎ and Iℎ𝑞 takes less
than 1 ms. The complexity analysis in Tab. 1 shows that
the reconstruction cost scales linearly with 𝑀 and 𝑁 , and
linearly with the number of retained components 𝐻 + 𝐾 .
For the default 𝐻 = 6, 𝐾 = 15, 𝑀 = 80, and 𝑁 = 7 set-
ting, storing the baseline, six main effects, and 15 pairwise
terms requires 22𝑀𝑁 = 12,320 RSS values, which is about
96 kB if double-precision floating-point values are used. If
all 42 unseen-state maps are cached, they require another
42𝑀𝑁 = 23,520 values, or about 184 kB. Therefore, the

main practical cost addressed by this paper is the number of
state-specific databases that must be surveyed, not the online
computational burden.

Several limitations should be noted. First, the evalua-
tion is based on a custom 2D ray-tracing simulator rather than
real-world measurements. The simulator explicitly models
distance-dependent loss, wall penetration, specular reflec-
tion, and coherent multipath combining, but it does not
include diffraction, diffuse scattering, furniture and equip-
ment, human blockage, device heterogeneity, AP power drift,
5/6 GHz operation, full 3D propagation, partially open doors,
or attenuation from an opened door leaf near a wall. There-
fore, the results represent a controlled mechanism study un-
der the adopted propagation model, not direct proof of real-
building accuracy. The comparison remains informative be-
cause all methods are tested under the same reproducible
state space, AP layout, propagation model, and online-noise
assumptions; however, real-world validation is necessary be-
fore deployment-level claims can be made. Second, the
offline-noise experiment shows that directly computed pair-
wise interactions are sensitive when surveyed fingerprints are
strongly noisy; practical deployment would require repeated
offline sampling, averaging, or noise-aware interaction reg-
ularization. Third, the current evaluation assumes that the
environmental state is available during online localization.
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Fig. 16. AP-count sensitivity in Layout A. The number of APs
is varied from 4 to 10 while all methods use the same
AP configuration at each setting.
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Fig. 17. Sensitivity to single-bit state-label errors in Layout A.
The perceived environmental state is replaced by a one-
bit-flipped state with probability 𝑝𝑠 .
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If the state is unknown, a state-estimation module must be
introduced before applying CoStateLoc, for example by ex-
tending the state-identification idea used in multi-fingerprint
localization [16]. Finally, all methods are evaluated with
the same WKNN localizer; other localization back ends may
change the absolute error values, although they would still
require an unseen-state fingerprint database.

7. Conclusion
This paper addresses the scalability bottleneck left

by the previous multi-fingerprint localization framework.
While the earlier work established that variable spatial
states should be represented by state-specific fingerprint
databases, it required complete surveys over all environ-
mental states [16]. CoStateLoc is proposed as a composi-
tional state-conditioned fingerprint construction framework
that constructs fingerprint databases for unseen environmen-
tal states from baseline, single-factor, and selected dual-factor
surveys, reducing the required number of state-specific sur-
veys from 2𝐻 to 𝑂 (𝐻2).

Under the adopted 2D ray-tracing evaluation model,
experiments with 𝐻 = 6 doors across three geometrically
different layouts show that CoStateLoc achieves 7.8–20.4%
lower mean localization error than the first-order additive
baseline while reducing the number of state-specific surveys
by 65.6%. Its global RSS reconstruction RMSE is 36.1%,
51.0%, and 48.0% lower than FirstOrder in Layouts A, B,
and C, respectively. With 22 surveyed states, its mean er-
ror remains within 0.18 m, 0.04 m, and 0.015 m of Oracle-
Full, where OracleFull assumes all 64 state-specific finger-
print databases are available. CoStateLoc also outperforms
the KernelState generator baseline in all three layouts. The
state-order, online-noise, AP-count, state-label-error, offline-
noise, and interaction-magnitude results show that the pair-
wise terms are most useful when the layout creates coupled
propagation effects, but that they should be estimated from
sufficiently averaged fingerprints or regularized under strong
offline survey noise.

These conclusions are confined to the adopted con-
trolled simulation setting and known-state evaluation proto-
col. They provide evidence for the proposed reconstruction
mechanism rather than direct proof of accuracy in calibrated
real buildings.

Future work will proceed in three directions. First,
the framework will be validated with real-world measure-
ments in an indoor deployment, so that device heterogeneity,
human blockage, furniture, and temporal RSS drift can be
tested directly. Second, the evaluation will be extended to
multi-band Wi-Fi and independent 3D ray-tracing tools such
as Sionna RT [41], including 5/6 GHz operation and more
detailed propagation mechanisms. Third, CoStateLoc will
be coupled with environmental-state sensing or joint state-
position estimation, so that the known-state assumption used
in this mechanism study can be relaxed in practical systems.

8. Data and Code Availability
The complete mathematical model of CoStateLoc is

given in Secs. 3 and 4, and the ray-tracing data-generation
model is specified in Sec. 5. To support reproducible re-
search, the authors are willing to provide the simulation
source code, layout configuration files, generated multi-state
RSS datasets, and scripts used to reproduce the reported ta-
bles and figures upon reasonable request. Interested readers
may contact the corresponding author for research-use access
and reproduction assistance.
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