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Abstract 

Indoor long-range wide area network (LoRaWAN) propagation is shaped by structural 
and time-varying environmental factors, which limit single-slope log-distance models 
and the standard log-normal shadowing assumption. We propose an environment-
conditioned path loss framework that augments a log-distance multi-wall baseline 
with co-recorded environmental covariates (relative humidity, temperature, carbon 
dioxide, particulate matter, and barometric pressure) and receiver-reported signal-to-
noise, and we validate both the mean and the residual law statistically. The approach 
is evaluated on a 12-month campaign in an eighth-floor office ( 240m2 ) using time-
blocked 5-fold cross-validation and a chronological hold-out. Across parametric regres-
sors (regularized multiple linear regression (MLR), conjugate Bayesian linear regression, 
and a selective quadratic MLR extension on continuous predictors), the selective 
polynomial mean improves out-of-sample accuracy, reducing cross-validated root 
mean square error from 8.23 to 7.38 dB and increasing R2 from 0.81 to 0.84. Out-of-fold 
(OOF) residuals are distinctly non-Gaussian and are best summarized by a compact 
3-component Gaussian mixture with a sharp core and a light, broad tail. Finally, we 
translate prediction error to reliability by prescribing the fade margin as an upper-tail 
percentile of OOF errors, attaching moving-block bootstrap uncertainty, and validat-
ing the achieved outage on a held-out set. At 99% reliability, the polynomial model 
requires 25.73 dB versus 27.79 to 28.05 dB for linear baselines, enabling tighter indoor 
massive Internet of Things link budgets aligned with sixth-generation reliability targets 
under energy constraints.

Keywords:  LoRaWAN, Indoor propagation, Path loss, Internet of Things, Environmental 
sensing, Analysis of variance, Shadow fading, Fade margin

1  Introduction
Indoor long range wide area network (LoRaWAN) technology deployments are chal-
lenging to model because propagation is shaped by building materials and layout, time-
varying occupancy, and environmental dynamics such as humidity and temperature [1]. 
These factors induce rich multipath, attenuation discontinuities, and shadowing that 
break stationarity and yield heavy-tailed, heteroskedastic errors, violating the assump-
tions of classical log-distance path loss models (LDPLMs) and leading to underestimated 
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uncertainty and fade margins [2]. Moreover, statistical validation criteria must be met 
when developing reliable path loss models. Specifically, it is essential to assess the statis-
tical significance of model parameters, such as the path loss exponent, using analysis of 
variance (ANOVA). Furthermore, many classical formulations commonly assume that 
the residuals (shadow fading) (i) follow an approximately Gaussian law in decibels ( dB ) 
(i.e., log-normal in linear power), (ii) exhibit approximately constant variance (homo-
skedasticity), and (iii) are approximately independent of the predictors (e.g., distance, 
structural composition, environmental parameters) and weakly autocorrelated [3]. In 
this work, we test these assumptions diagnostically rather than presupposing them.

Motivated by the stringent reliability and adaptability requirements envisioned for 
sixth-generation (6  G) wireless networks, such as ultra-reliable and low-latency com-
munication (URLLC) and massive machine-type communication (mMTC) [4], this 
work extends conventional indoor LoRaWAN propagation modeling. We complement 
recent outdoor, weather-driven LoRaWAN predictability studies, such as [3] and [5], by 
bringing the same idea inside the building. We propose and validate an advanced statis-
tical modeling approach that explicitly integrates environmental variables into paramet-
ric regression techniques, ensuring robust statistical diagnostics. Specifically, we build 
upon our previous empirical characterization of an extensive dataset [6], comprising 
a 12-month measurement dataset collected on the 8th floor of a single 240m2 opera-
tional office space at 250m above sea level, as elaborated in Table 1 of research questions 
(RQs).

We extend our prior study [7] by moving beyond multiple linear regression (MLR) to 
a comparative analysis of three parametric families: (i) baseline MLR with ridge regres-
sion (least squares with an ℓ2 (squared Euclidean norm) penalty, also known as Tik-
honov regularization), least absolute shrinkage and selection operator (Lasso) with an 
ℓ1 (absolute-value / sparsity) penalty, and elastic net regularization; (ii) POLY2, a selec-
tive quadratic extension MLR that adds second-order terms only for continuous predic-
tors (distance, environment, the signal-to-noise ratio (SNR)), while keeping wall-count 
terms linear, and (iii) Bayesian linear regression (BLR) with conjugate priors, namely 
the normal inverse gamma prior and the Zellner g prior. This comparison addresses 
nonlinear propagation behavior and multicollinearity among environmental predictors 
(discussed in Sec.  2.3). Under a 5-fold cross-validation, the second-order polynomial 
emerged as superior, confirming nonlinear dependencies between environmental factors 

Table 1  Research questions guiding this study 

# Research Question

RQ1 Do environment-aware covariates deliver statistically significant and practically meaningful improve-
ments over structure-only baselines, as verified by heteroskedasticity-robust Type II/III analysis of 
variance (ANOVA) and nested partial-F tests?

RQ2 Which parametric mean model among regularized multiple linear regression (MLR), conjugate Bayes-
ian linear regression (BLR), and a selective quadratic extension on continuous predictors for the MLR, 
achieves the best bias-variance trade-off under time-ordered k-fold cross-validation?

RQ3 What distribution best characterizes out-of-fold (OOF) shadow fading among single-component 
parametric baselines and Gaussian mixture models (GMMs), according to the goodness-of-fit criteria 
and residual diagnostics?

RQ4 How do the residual upper-tail quantiles map to calibrated fade margins at target outages of 1–5% , 
and what savings in dB do they enable relative to fixed margin heuristics?
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and signal attenuation and substantially reducing prediction errors relative to the linear 
alternatives.

Integrating environmental sensing directly into the path loss modeling process is cru-
cial for deploying context-aware, resilient indoor Internet of Things (IoT) infrastruc-
tures, as targeted by 6  G [4]. It enables accurate network planning, adaptive resource 
allocation, and power optimization in dynamic scenarios where environmental and 
occupancy conditions continuously fluctuate. As observed in [8], while continuous mon-
itoring of these parameters adds moderate complexity and power overhead, deploying 
low-cost environmental sensors alongside LoRaWAN devices provides actionable, real-
time insights that enable dynamic adjustment of path loss predictions, precise calibra-
tion of fade margins accounting for residual multimodality, and consequently, robust 
and reliable network performance.

Our analytical framework incorporates a detailed statistical validation procedure 
that combines comparative parametric regression with classical predictors of distance 
and wall counts, along with weights for five environmental factors: relative humidity, 
temperature, CO2, particulate matter, and barometric pressure. We apply heteroske-
dasticity-robust Type  II and Type  III ANOVA, together with nested partial F tests, to 
validate predictor relevance and interactions and to quantify the reduction in unex-
plained variance attributable to the environmental terms. Shadow fading is examined 
using parametric distributions, including Normal, Skew–Normal, and GMMs, as well 
as non-parametric methods such as kernel density estimation (KDE), bootstrapping for 
confidence interval (CI) estimation, and Kruskal–Wallis tests for group-wise location 
shifts, and Brown–Forsythe/Levene-type tests for group-wise dispersion (variance het-
erogeneity). Finally, we treat fade margin as a reliability-controlled buffer inferred from 
the upper tail of cross-validated residuals, and we verify calibration on held-out data via 
the achieved outage and its complement, the achieved reliability (non-exceedance) on 
received packets. This calibration operationalizes our statistical gains into a deployable 
reliability control parameter (fade margin) for network planning with minimal overhead.

This integrated methodological toolkit provides deeper theoretical insights and 
directly addresses the practical deployment challenges envisioned for 6 G wireless sys-
tems. The outcomes of this research provide a framework for future investigations, 
including machine learning (ML) extensions, multi-site validations, and real-time adap-
tive propagation models, thereby contributing to the development of reliable, sustain-
able, and context-aware indoor IoT networks. The contributions of this work are: 

	(i)	 A head-to-head statistical evaluation of physically grounded parametric regres-
sors using time-blocked 5-fold cross-validation, including regularized linear MLR, 
conjugate BLR with shrinkage priors, and regularized selective second-order MLR. 
The best second-order model reduced the root mean square error (RMSE) from 
8.23 to 7.38 dB and increased R2 from 0.81 to 0.84 (Table 5).

	(ii)	 Explicit, heteroskedasticity-robust Type  II/III ANOVA with nested partial-F 
tests that quantify predictor relevance. Relative to a structure-only baseline, add-
ing environment-aware covariates and SNR reduces unexplained variance by 44% 
(Section 4.2, Table 7).

	(iii)	 A residual (shadow-fading) characterization from OOF errors. Goodness-of-fit 
criteria and diagnostics favor a 3-component Gaussian mixture model (GMM) 
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over single-component baselines. KDE and groupwise dispersion tests confirm a 
sharp core with a light, broad tail (Table 9).

	(iv)	 A quantile-based fade margin rule, M̂F(p) = Q1−p(r) , with p as the target outage 
probability, with bias-corrected and accelerated (BCa) moving-block bootstrap 
uncertainty and held-out validation. At p = 1% , the selective polynomial mean 
requires 25.73 dB versus 27.79 to 28.05 dB for linear baselines ( � 2.2 dB lower; 
Eq. (15), Table 11, Fig. 6).

The remainder of this paper is organized as follows: Section 2 reviews indoor LoRaWAN 
propagation and motivates the incorporation of environmental context. Section 3 details 
the experimental setup, feature construction, model specification, validation protocol, 
and fade margin calibration procedure. Section 4 reports comparative predictive perfor-
mance and ANOVA effect sizes, characterizes the residual (shadow fading) distribution, 
and translates residual upper-tail behavior into calibrated fade margins validated on a 
held-out set. Section 5 concludes with the main takeaways, and Section 6 outlines limi-
tations and future directions.

2 � Background
6  G roadmaps consistently foreground three constraints for massive IoT: (i) reliability 
under nonstationary conditions, (ii) energy efficiency within strict duty-cycle and bat-
tery limits, and (iii) context awareness so that networks sense and adapt to their envi-
ronment rather than treating it as exogenous noise [4]. In this setting, LoRaWAN plays a 
complementary role to higher-throughput 6 G interfaces by offering sub-GHz penetra-
tion and multi-year device lifetimes for dense indoor sensing, as we established in our 
recent survey [9], provided that propagation models are site-specific and time-aware to 
support low-margin, reliable links. Conditioning path loss and shadowing on ambient 
state reduces unexplained variance and enables tighter fade margins with lower trans-
mit energy in practice [8]. Our 6 G-aligned statistical evaluation similarly showed that 
incorporating environmental covariates reduces unexplained variance and reveals multi-
modal residual structure that standard single-slope baselines miss [7]. Accordingly, this 
section connects these 6 G constraints to the case for environment-conditioned indoor 
LoRaWAN propagation models adopted in this work.

2.1 � Indoor LoRaWAN signal propagation

Indoor LoRaWAN propagation is notoriously complex due to the rich scattering and 
attenuation effects caused by walls, floors, and clutter in buildings [10]. Most empiri-
cal wireless network propagation models, including LoRaWAN, assume a logarithmic 
increase in path loss with distance, as per the LDPLM. This simple model often serves 
as a valuable starting point, but it does not capture all the complexities of indoor envi-
ronments. In practice, measured path loss exponents in buildings vary widely. Corridor 
measurement in [11] found an apparent path loss slope below 2.0 in one non-line-of-
sight (NLoS) region and above 3.0 in a more obstructed section. Such variability reflects 
how indoor layout and materials either guide propagation, for example, along corridor 
waveguides, or impose excess loss through multiple brick walls. For instance, campus-
scale studies in [12] report exponents from 1.37 (indoor line-of-sight (LoS)) to values 
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greater than 2.3 (indoor NLoS), highlighting that internal materials and layout domi-
nate performance and that one-size exponents are rarely adequate. Moreover, it has also 
been observed in [12, 13] that uncalibrated models tend to either over- or under-predict 
coverage.

To address structural variability, refined models explicitly encode building features. 
Comparative evaluations against indoor LoRa measurements (e.g., ITU-R P.1238 [14], 
COST 231 multi-wall model (MWM) [15], Motley–Keenan [16]) show that multi-wall 
formulations often deliver the best accuracy when parameters are locally calibrated [13]. 
However, even with careful calibration, purely structural models fail to capture temporal 
influences. For example, multi-floor residential measurements in [17] show pronounced 
room- and time-dependent fading (standard deviation up to 18.4 dB in LoS), pointing to 
occupancy and heating, ventilation, and air conditioning (HVAC) cycles as additional 
covariates of variability.

Consequently, recent work has shifted toward hybrid or semi-empirical approaches, 
starting from a physically anchored path loss law, then learning data-driven corrections 
that reflect site materials, geometry, and temporal context [10, 18]. This motivates our 
stance of augmenting structural predictors with environmental variables (e.g., humid-
ity, temperature, CO2 , pressure, particulate matter) and validating them using intensive 
statistics rather than assuming log-normal shadowing and homoscedasticity by default. 
We now operationalize this by comparing parametric regressors using cross-validation, 
quantifying effect sizes via ANOVA, and characterizing shadow fading with mixture 
models, thereby aligning with background theory and providing a deployment-ready, 
reliability-calibrated model for indoor LoRaWAN propagation.

2.2 � Environment‑aware LoRaWAN propagation

Beyond static architecture, indoor links are shaped by time-varying context: occupancy, 
HVAC cycles, and the microclimate. Long-duration deployments show that tempera-
ture and humidity fluctuations correlate with shadow fading over days [19]. On the 
other hand, crowded periods introduce human-body absorption and moving scatterers, 
increasing variance of  the received signal strength indicator (RSSI) and reducing short-
term stability [2, 20]. Even in office settings, Wi-Fi or Bluetooth Low Energy (BLE) links 
become erratic during busy hours and stabilize overnight [21]. These observations sug-
gest that purely structural models cannot capture nonstationarity.

Outdoor long-term evidence shows diurnal weather structure in SNR and link-specific 
sensitivity to temperature and humidity [5]. From a physics perspective, microclimate 
mechanisms explain the measurable path loss drift. For instance, humidity modifies 
the effective permittivity of air and porous materials while temperature and air-den-
sity changes alter boundary conditions, which shape attenuation at sub-GHz [3, 22]. 
Empirically, higher indoor temperatures or associated ventilation states can coincide 
with slightly lower path loss, while elevated CO2 tracks occupancy and richer multipath 
[7]. Thus, variables such as temperature, relative humidity, CO2, pressure, and particu-
late matter serve as practical proxies for the environment’s latent state, which governs 
propagation.

Motivated by this, recent work augments path loss models with co-located environ-
mental sensing. In our prior study [6], injecting CO2, humidity, temperature, pressure, 
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and particulate matter into an LDPLM and wall-loss baseline reduced unexplained 
variance by over 40% , because the model could condition on occupancy and ventilation 
rather than treating their effects as noise. Others similarly report gains when connec-
tivity control becomes environmental-aware [3]. Therefore, environment-aware mod-
eling, which conditions on occupancy and ventilation via co-located sensing, sharpens 
link budgets and makes fade margins situational rather than static, yielding more reliable 
indoor LoRaWAN deployments.

Concurrently, the field is moving beyond curve fitting toward statistically rigorous 
and adaptive models. Hybrid methods add learned corrections to physics-grounded 
baselines [23], and dynamic filters improve distance estimates by tempering fast fading 
and transient blockages [24]. In this paper, we take a principled approach: we compare 
parametric regressors that balance interpretability and nonlinearity, validate our contri-
butions with ANOVA, and investigate shadow fading using mixture models and non-
parametric diagnostics. The result is an environment-aware formulation grounded in 
testable assumptions and a reliability-calibrated interface for network planning via quan-
tile-based fade margins.

2.3 � Statistical regression methods

Modeling indoor LoRaWAN propagation spans from transparent linear formulations 
to more flexible parametric and ML approaches. A recurring theme is the trade-off 
between interpretability, needed to attribute loss to distance, walls, or climate, and flexi-
bility to capture mild nonlinearities and correlated predictors. Accordingly, studies com-
monly adopt linear baselines for physical clarity, then introduce controlled extensions, 
such as polynomial terms or regularization, and assess adequacy using cross-validation, 
information criteria, and residual diagnostics to ensure that out-of-sample gains warrant 
the added complexity. This section reviews representative linear baselines and polyno-
mial extensions.

2.3.1 � Multiple linear regression

MLR is a foundational regression technique that models path loss as a linear combi-
nation of multiple predictors, including distance, wall penetration, and environmental 
parameters (e.g., humidity, temperature). If V denotes the number of predictors, it takes 
the general form in Eq. (1):

 where y represents the observed path loss, β0 is the intercept, β1, . . . ,βV  denote regres-
sion coefficients, x1, . . . , xV  are the predictors, and ψ is the residual error [25], typically 
assumed to be normally distributed ( ψ ∼ N (0, σ 2) , where σ 2 is the residual (noise) 
variance).

A primary advantage of MLR is its interpretability. Each coefficient corresponds to 
a physically meaningful impact, such as attenuation per wall or unit distance, making 
it particularly valuable for practical engineering applications and network planning. 
Beyond estimating these coefficients, an ANOVA can be performed to confirm the over-
all statistical significance of the regression and to determine whether each predictor 
makes a meaningful contribution. For example, Bertoldo et al. [13] used MLR to quantify 

(1)y = β0 + β1x1 + β2x2 + · · · + βV xV + ψ ,



Page 7 of 35Obiri and Van Laerhoven ﻿J. Wirel. Commun. Netw.         (2026) 2026:66 	

propagation losses tied to specific building materials and structures. However, reliability 
depends on assumptions of linearity, approximate normality, homoscedasticity of residu-
als, and weak autocorrelation. Empirical work therefore emphasizes residual diagnostics, 
Quantile–Quantile plots, and tests such as Jarque–Bera (normality), Breusch–Pagan 
(heteroskedasticity), and Durbin–Watson (autocorrelation), to verify these assumptions 
[8]. Violations typically motivate carefully constrained extensions (polynomial terms or 
regularization) rather than abandoning the physically anchored linear form.

2.3.2 � Polynomial regression

Polynomial regression extends the capabilities of MLR by incorporating polynomial or 
interaction terms into the model to capture subtle nonlinearities commonly observed in 
indoor propagation environments. Let V denote the number of predictors. Equation (2) 
gives a common second-order specification.

where βij are coefficients for second-order terms, yielding quadratic predictors when 
i = j (i.e., x2i  ) and cross-product interaction predictors when i < j (i.e., xixj ), with indi-
ces i, j ∈ {1, . . . ,V } . The constraint j ≥ i avoids duplicating symmetric interaction 
terms (since xixj = xjxi ), enabling the model to capture curvature and pairwise inter-
actions between variables (e.g., distance–humidity coupling). This extension is practi-
cal when the log-distance relationship departs slightly from strict linearity, since even 
a single quadratic term for distance can approximate multi-slope behavior and reduce 
error while preserving interpretability [2]. Studies typically select second-order terms 
via cross-validation or information criteria (Akaike information criterion (AIC) [26] or 
Bayesian information criterion (BIC) [27]), and re-check residual assumptions (normal-
ity, homoscedasticity, and independence) because added terms may increase complexity 
and multicollinearity. In summary, polynomial regression is a compact extension that 
maintains interpretability while improving fit over MLR.

2.3.3 � Regression regularization methods

Regularization enhances regression by introducing penalty terms that regulate variance 
and improve generalization in the presence of multicollinearity and limited sample sizes. 
These conditions are common in indoor LoRaWAN studies where environmental vari-
ables often co-vary. The three standard approaches are Ridge (an ℓ2 penalty), Lasso (an 
ℓ1 penalty), and Elastic Net (a mixture of ℓ1 and ℓ2 ). They differ in the penalty imposed 
and, consequently, in how coefficients are shrunk and selected [28].

Here, R denotes the real numbers. Let N denote the number of observations (samples) 
and let V denote the number of predictors after feature mapping. Let y ∈ R

N collect the 
observed path loss values, and let 1 ∈ R

N denote the all-ones vector (so the intercept 
is not penalized). Let β0 ∈ R denote the intercept and let β ∈ R

V  denote the regres-
sion coefficient vector. Let � ∈ R

N×V  denote the standardized design matrix obtained 
from the physics-guided second-order feature map (nonlinear predictors included), and 
let X denote the linear design when no polynomial expansion is used. Estimators are 

(2)y = β0 +

V∑

i=1

βixi +

V∑

i=1

V∑

j=i

βijxixj + ψ ,
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defined as solutions to penalized least-squares problems. The notation � · �22 denotes the 
Euclidean norm and � · �1 the ℓ1 norm; thus 1

2N � · �22 is the per-sample average of squared 
residuals, and the factor 12 is conventional and does not affect the minimizer. For ordi-
nary MLR without polynomial terms, the feature map is the identity, hence � ≡ X and 
the problems below reduce to standard MLR. For Elastic Net (ENet), α ∈ [0, 1] controls 
the ℓ1/ℓ2 mix ( α = 1 yields Lasso; α = 0 yields Ridge up to the conventional scaling of 
� under this normalization) and � > 0 is the overall penalty strength. Equivalently, the 
two-parameter form �1�β�1 + �2�β�

2
2 corresponds to �1 = �α and �2 = �(1− α)/2 

under this normalization. Then,
Let y ∈ R

N denote the path loss observations and let � ∈ R
N×V  be the standardized 

design matrix (intercept excluded). Ridge, Lasso, and Elastic Net estimate (β0,β) by min-
imizing the mean squared error plus an ℓ2 and/or ℓ1 penalty, with � > 0 controlling over-
all shrinkage and α ∈ [0, 1] controlling the ℓ1/ℓ2 mix.

The standard ordinary least squares (OLS) objective in Eq. (3) is augmented with pen-
alty terms to improve stability, interpretability, and out-of-sample performance. Lasso, 
defined by Eq. (5), uses an ℓ1 penalty that can drive some coefficients to zero and produce 
a compact model. In indoor Wi-Fi fingerprinting, such sparsity reduced localization 
error and, with a modest extension, enabled the identification of outlier access points 
[29]. Ridge, given in Eq. (4), uses an ℓ2 penalty that shrinks all coefficients while keep-
ing them nonzero, which is valuable when predictors are highly correlated. Compara-
tive LoRa measurements report similar indoor behavior for Ridge and Lasso. In contrast, 
simple linear models degrade outdoors, suggesting the importance of feature design 
and mild nonlinearity over the specific penalty choice in that scenario [30]. Elastic Net, 
specified in Eq.  (6), combines ℓ1 and ℓ2 penalties and performs feature selection while 
retaining groups of correlated variables. It has demonstrated strong performance with 
correlated received signal strength features in a wireless local area network [29] and has 
served effectively as a global regressor in visible-light positioning, remaining accurate 
with few training samples when paired with a lightweight residual-correction step [31]. 
Across these works, predictors are standardized, and penalty parameters are selected 
using cross-validation. Elastic Net offers a balanced default for strongly correlated fea-
ture sets, which are common in indoor sensing. Ridge preserves stability without remov-
ing variables, whereas Lasso yields a compact, interpretable subset of predictors.

(3)(β̂0, β̂ols) = arg min
β0,β

1

2N

∥∥y − β01−�β
∥∥2
2
,

(4)(β̂0, β̂ridge) = arg min
β0,β

1

2N

∥∥y − β01−�β
∥∥2
2
+

�

2
�β�22,

(5)(β̂0, β̂ lasso) = arg min
β0,β

1

2N

∥∥y − β01−�β
∥∥2
2
+ ��β�1,

(6)

(β̂0, β̂ENet) = arg min
β0,β

1

2N

∥∥y − β01−�β
∥∥2
2
+ �

(
1− α

2
�β�22 + α�β�1

)
. α ∈ [0, 1].



Page 9 of 35Obiri and Van Laerhoven ﻿J. Wirel. Commun. Netw.         (2026) 2026:66 	

2.3.4 � Bayesian linear regression

BLR models the relationship between path loss and predictors in a fully probabilistic 
manner, treating both the coefficients and the noise variance as random. With a Gauss-
ian likelihood and the conjugate Normal–Inverse-Gamma (NIG) prior over (β , σ 2) , 
Eq. (7) specifies the BLR model:

X ∈ R
N×V  stacks standardized predictors (e.g., log-distance, wall counts, humidity, 

temperature, CO2, pressure, particulate matter); σ 2 > 0 is the noise (residual) variance 
and σ > 0 is the corresponding residual standard deviation; IN is the N × N  identity; 
(β0,�0) and (a0, b0) are prior mean/covariance and shape/scale hyperparameters, with 
�0 ∈ R

V×V  and �0≻0 (positive definite). Standardizing predictors (zero mean, unit var-
iance) makes coefficient priors comparable across features and stabilizes inference. The 
posterior updates in closed form, and the posterior predictive distribution is Student-t, a 
practical benefit when residuals exhibit heavier tails than Gaussian [32].

Regularization appears naturally as a prior choice where a zero-mean Gaussian prior 
over coefficients yields ridge-like shrinkage (i.e., Maximum A Posteriori (MAP) estima-
tion with a Gaussian prior), whereas a Laplace prior corresponds to Lasso-type sparsity. 
Both provide stability when environmental covariates are correlated, without abandon-
ing interpretability [33]. A widely used alternative is Zellner’s g-prior, which ties the 
coefficient prior covariance to the observed design and preserves conjugacy (including 
in common mixtures of g variants), providing analytic tractability and adaptive shrink-
age in regression settings [32]. In particular, Eq. (8) defines the prior:

 where g > 0 is a scalar hyperparameter that controls the shrinkage strength and 
(X⊤X)−1 exists under full column rank, i.e., invertible. Here, X excludes the intercept 
column 1 , while β0 is treated separately and is not assigned a g-prior.

Model assessment in modern Bayesian workflows typically relies on out-of-sample 
criteria computed from the full posterior distribution. Leave-one-out cross-validation 
(LOO) and the Widely Applicable Information Criterion (WAIC) are widely recom-
mended. On the other hand, Pareto-smoothed importance sampling (PSIS-LOO) makes 
LOO efficient and diagnostically transparent (via shape-parameter checks), helping 
guard against overconfident fits [34]. When sparsity or group-wise shrinkage is desired 
(e.g., many correlated climate features), hierarchical priors such as the horseshoe con-
centrate mass near zero while preserving heavy tails for truly non-negligible effects, 
offering adaptive regularization without manual feature pruning.

2.3.5 � Machine learning regressors

Beyond parametric approaches, indoor propagation studies increasingly employ ML 
models that learn nonlinear mappings from measurements to path loss with minimal 
functional assumptions [35]. Commonly used models include support vector regression 
(SVR), Gaussian process regression (GPR), tree ensembles (random forests and boosted 

(7)
y | β , σ 2 ∼ N

(
β01+ Xβ , σ 2IN

)
, β | σ 2 ∼ N (β0, σ

2�0), σ 2 ∼ Inv-Gamma(a0, b0),

(8)β | σ 2 ∼ N
(
0, g σ 2(X⊤X)−1

)
,
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ensembles), and neural networks. Kernel SVR captures moderate nonlinearities through 
flexible similarity measures while retaining a convex training objective. Its performance 
depends on the choice of kernel and the SVR hyperparameters (C , ε) , where C > 0 is the 
penalty (regularization) strength controlling the trade-off between model flatness and 
training errors, and ε > 0 is the width of the ε-insensitive tube in the SVR loss. GPR 
provides a probabilistic surrogate with uncertainty quantification via kernel covariances, 
but its O(N 3) training complexity in the number of samples N often requires sparse or 
inducing-point approximations in long campaigns. Tree ensembles are robust to hetero-
geneous features and monotone transformations, handle interactions without requiring 
polynomial terms, and provide variable-importance profiles that facilitate interpreta-
tion. Neural networks (from shallow multilayer perceptrons (MLPs) to temporal con-
volutional neural networks (CNNs) or long short-term memory (LSTM) variants) can 
further reduce error when large and diverse datasets are available and when nonlinear 
couplings (e.g., distance×occupancy proxies) are strong. However, they typically trade 
interpretability for accuracy and require careful regularization.

Reported performance for indoor LoRaWAN propagation is heterogeneous, with 
ML gains ranging from negligible to substantial, depending on the residual complexity 
remaining after accounting for dominant structural drivers and the available training 
data. When distance and obstruction proxies (e.g., wall counts) already capture much 
of the large-scale attenuation, incremental gains from purely data-driven models can be 
modest, and limited data further increases the risk of overfitting. Consequently, ML is 
frequently deployed in a complementary role, for example, as a correction layer on top 
of a physically grounded baseline [36] or as a context-aware component that adapts to 
occupancy and microclimate indicators. Best practices emphasize leakage-safe evalua-
tion (e.g., grouped and time-aware splits, nested validation, and stability checks) so that 
improvements reflect genuine generalization rather than shortcut learning. Overall, ML 
regressors are most effective when used in hybrid strategies that balance physical inter-
pretability with flexible, data-driven corrections.

2.4 � Predictor statistical significance

A central question in indoor propagation studies is whether each predictor contrib-
utes uniquely to explaining path loss beyond correlated alternatives. Standard practice 
combines coefficient t-tests with partial-F tests via ANOVA to assess main effects and 
interactions under a linear modeling framework [37]. For nested models M0 ⊂ M1 , 
the partial-F statistic compares the residual sum of squares, here denoted by SSres(·) , as 
given in Eq. (9):

 where i ∈ {0, 1} indexes the reduced and full models, N is the sample size, and Vi is the 
number of predictors in Mi (excluding the intercept). Under M0 and standard regular-
ity assumptions, F follows an F distribution with numerator and denominator degrees 
of freedom (df ) (V1 − V0, N − V1 − 1) . A large F indicates that the added terms (e.g., 
humidity or an interaction such as distance×humidity) reduce unexplained variance 
beyond chance.

(9)F =

(
SSres(M0)− SSres(M1)

)
/(V1 − V0)

SSres(M1)/(N − V1 − 1)
,
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Since indoor datasets are often unbalanced and predictors can be correlated (e.g., tem-
perature with humidity), the choice of ANOVA type matters [38]. Type  I (sequential) 
ANOVA attributes sums of squares in the order variables enter the model and is order-
dependent. It is mainly used for designed and balanced experiments. Type  II ANOVA 
evaluates each main effect after adjusting for the other main effects (but not interac-
tions) and is preferred when interactions are absent or excluded. Type III ANOVA tests 
each effect while adjusting for all other main effects and interactions, and is common 
when interaction terms are included. Across types, collinearity inflates uncertainty and 
can obscure effects. For this reason, studies often report variance inflation factors (VIFs), 
standardized predictors, and interpret Type II and Type III results with caution.

Inference assumes residuals are approximately Gaussian, variance-stable, and weakly 
autocorrelated. When diagnostics suggest deviations, several robustifications appear 
in the literature. Heteroskedasticity-consistent (HC) covariance estimators for t- and 
F-tests, permutation (randomization) ANOVA in small or non-normal samples, and 
block-bootstrap CIs when short-memory temporal dependence is present [38]. Non-
parametric rank tests (e.g., Kruskal–Wallis) are used for group-wise comparisons when 
normality is doubtful, complementing rather than replacing parametric ANOVA.

Empirical indoor work illustrates these points through varied designs. Two-way 
ANOVA has been used to evaluate the effects of categorized temperature and humid-
ity on RSSI in mote-based testbeds, finding significant main effects [39]. Full-factorial 
analyses have quantified interactions among channel, link path, and transmit power, 
with interaction terms explaining sizable portions of variability [40]. ANOVA has also 
appeared in network-level studies, for example, to identify redundant sensing clusters, 
demonstrating statistically grounded routes to energy savings [41]. Collectively, these 
practices establish a procedure that begins with a physically motivated linear specifi-
cation, tests main effects with Type  II or Type  III ANOVA as design dictates, inspects 
residual assumptions, and deploys robust or rank-based alternatives when diagnostics 
warrant.

2.5 � Residual distribution diagnostics

Residual distribution (shadow fading) refers to the residual variability that remains after 
accounting for distance, structural losses, and auxiliary predictors, such as the indoor 
microclimate [8]. In indoor settings, these residuals often deviate from the Gaussian 
assumption. Specifically, skewness and heavy tails arise due to dynamic blockage and 
hardware heterogeneity, while multimodality reflects regime changes, such as occu-
pancy cycles or HVAC operation. A defensible characterization, therefore, considers 
distributional shape, variance stability, and potential temporal or group dependence 
using complementary parametric and nonparametric tools, as summarized in Table 2. In 
practice, to avoid optimistic bias, all diagnostic fits and tail summaries are computed on 
OOF residuals.

Regarding distributional shape, studies fit unimodal families such as the Normal, Stu-
dent’s t, and Skew–Normal (asymmetry) [55], and occasionally Cauchy (very heavy tails) 
[56], and inspect Q–Q plots alongside omnibus tests (e.g., Kolmogorov–Smirnov (KS) 
[57]) to gage tail thickness and asymmetry. When a single law is inadequate, GMMs are 
used to represent heterogeneous regimes, with the component count selected by AIC 
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or BIC and validated on held-out data [58]. Nonparametric KDE often reveals subsidi-
ary modes or mild asymmetry that inform model choice [44]. Variance heterogeneity is 
probed with scale–location plots and classical tests (Breusch–Pagan/White). Grouped 
comparisons by device, location, or time-of-day use Levene/Brown–Forsythe or rank-
based tests (Kruskal–Wallis) to detect structure-induced dispersion shifts [46]. Tempo-
ral diagnostics such as the autocorrelation function (ACF) and partial autocorrelation 
function (PACF), the Durbin–Watson statistic, and the Ljung–Box test check short-
memory effects that can bias uncertainty estimates if ignored [47]. For uncertainty in tail 
summaries, bootstrap resampling provides empirical CIs for error quantiles [48], and 
block variants preserve short-range dependence when it is present.

In practice, the aim is not maximal flexibility but the simplest residual model con-
sistent with diagnostics and calibrated tails. Indoors, this often means starting from a 
Normal fit, escalating to t or Skew–Normal when tails or asymmetry dominate, and 
adopting a low-order GMM only when multimodality is persistent and interpretable. 
The resulting upper-tail quantiles directly support fade margin budgeting in reliability 
analyses, provided they are derived from OOF residuals.

2.6 � Design goals and methodological positioning

Across prior work (see Table 3), persistent gaps include the limited integration of envi-
ronmental context, scarce leakage-safe evaluation with calibrated uncertainty, and resid-
ual shapes that are seldom scrutinized beyond simple normality checks. Consequently, 
fade margin prescriptions are rarely validated on held-out data. Our study addresses 
these gaps with a physics-grounded mean, selective nonlinear terms, time-blocked 
cross-validation, and residual diagnostics to obtain interpretable effects and calibrated 
reliability margins. Guided by these gaps, our design goals are to: (i) preserve physical 

Table 2  Residual diagnostic methods used in indoor path loss modeling. In the Type column, a 
circle © marks parametric methods, whereas a square � marks nonparametric methods; i.i.d. means 
independent and identically distributed

Method Type Purpose and typical use

Single-family goodness-of-fit © Screen for Gaussianity versus heavy tails/asymmetry using Q–Q 
plots plus omnibus tests; establishes whether a unimodal law 
suffices [42]

Gaussian Mixture Models (GMMs) © Compact representation of heterogeneous regimes (e.g., occu-
pancy/HVAC states); select components by Akaike information 
criterion (AIC) or Bayesian information criterion (BIC) and validate 
on held-out data (e.g., likelihood) [43]

Kernel Density Estimation (KDE) � Distribution visualization without parametric constraints; reveals 
secondary modes or mild asymmetry that guide model choice 
[44]

Heteroskedasticity tests © Detect variance changes with fitted values or covariates; moti-
vates weighting or robust standard errors when variance is not 
constant [45]

Group-wise location/dispersion 
tests

� Kruskal–Wallis for median/location differences; Brown–Forsythe 
(median-centered Levene) or Fligner–Killeen for dispersion. [46]

Autocorrelation diagnostics © Assess short-memory dependence that affects uncertainty esti-
mation and motivates blocked validation protocols [47]

Bootstrap quantiles (i.i.d. and block) � Empirical confidence intervals (CIs) for tail quantiles used in fade 
margin budgeting; block variants preserve dependence [48]
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Table 3  A comparative summary of existing indoor LoRaWAN propagation studies. We 
compare prior work by assessing whether environmental factors (EF), advanced modeling (AM), and 
residual analysis (RA) were addressed. For EF, [51] indicates included, I indicates indirect treatment, 
and [55] indicates not included; for AM, [51] indicates performed, P indicates partially performed, 
and [55] indicates not performed; for RA, [51] indicates performed and [55] indicates not performed

Ref. Focus and summary of findings EFa AMb RAc

[49] (2017) Single-floor office tests ( 868MHz ) measuring RSSI and packet delivery vs. spread-
ing factor (SF) 7–12 across four locations; higher SF did not uniformly improve 
delivery (long time-on-air effects), offering practical configuration guidance

I ✗ ✗

[36] (2017) Outdoor–indoor office study: adjusted COST 231 MWM with a neural net-
work residual corrector; test error improves (mean squared error from 21.0 to 
11.23 dBm2 ) when generalizing from the 8th to the 7th floor

✗ ✓ ✗

[50] (2017) Campus-scale indoor trials ( 868MHz ) with a Kerlink gateway ( ≈ 24m ) and static/
wearable nodes; reliable room-level coverage at SF12, 14 dBm with packet delivery 
≈ 96.7% ; descriptive path-loss statistics

✗ ✗ ✗

[51] (2018) Indoor multi-floor measurements (Duisburg): same-floor RSSI/SNR largely SF-
independent; basement delivery ranged 62% (SF7) to 100% (SF10/SF12); larger 
payloads reduced delivery

✗ ✗ ✗

[52] (2019) Indoor empirical path loss modeling at 868MHz : COST 231 MWM and floor with 
n = 2.85 , PL0 = 120.4 dB , per-wall Lw = 1.41 dB , per-floor Lf = 10 dB , and b = 0.47 ; 
reports shadowing σ ≈ 8−9.7 dB

✗ P ✗

[53] (2019) Indoor multi-floor study (gateway on Level 9; nodes on Levels 5–9): measured RSSI 
and packet delivery vs. SF7–SF12 ( 125 kHz ) and payload; delivery drops with floor 
separation and larger payloads, time-on-air rises at high SF

✗ ✗ ✗

[19] (2021) Three-story office mapping ( N = 89 points): hallway RSSI–distance shows anoma-
lies at ∼40, 80, 120m from window reflections; brick walls cause strong short-
range loss

✗ ✗ ✗

[54] (2021) Indoor multi-block building (SF12, 14 dBm ): near-perfect delivery within the gate-
way block; first losses at ∼ 40m , steep drop beyond ∼ 75m ; recommends � 70m 
links

✗ ✗ ✗

[20] (2022) Live indoor multi-gateway office (EU-868, 26 days): first-attempt success 99.95% 
indoors vs 95.7% outdoors; city-site scans show interference up to 97.3% (uplink) 
and 54% (downlink)

✗ ✗ ✗

[11] (2023) Indoor corridor at 868MHz : fits the close-in reference and floating-intercept forms 
to LoRa (plus Zigbee/5 G) in two NLoS zones; finds n < 2 (waveguide-like) in NLoS-1 
and n > 3 in NLoS-2 ; floating-intercept forms outperforms close-in reference in 
NLoS-2 and is used to relate received power to bit error rate thresholds

✗ P ✗

[18] (2023) Indoor 8-story building with rooftop end device, gateway moved floor-by-floor; 
fixed SF7, 14 dBm , 125 kHz , 868MHz ; 50 packets/floor at 5-s intervals; RSSI/SNR rise 
with proximity (e.g., Floor 1 RSSI ≈ −110 dBm , and Floor 8 ≈ −71 dBm ); near-zero 
loss on Floors 2–8

✗ ✗ ✗

[23] (2024) For an 18-floor indoor building with a rooftop gateway, compares end device logs 
(1 day) vs Adeunis Field Test Device (FTD) (100 samples/floor) at Floors 1/6/12/18; 
reports RSSI/SNR trends with distance and SF allocations; links operate at negative 
SNR down to −13.8 dB

✗ ✗ ✗

[24] (2024) For an indoor lab: proposes a dynamic log-distance model with an additive noise 
term T and Kalman filtering; estimates indoor path loss exponent n = 2.103 ; mean 
distance error 0.565m with 90% of errors< 1.08m over 3−7m

✗ ✓ ✗

[6] (2025) Our dataset descriptor for the deployment (indoor office, 8th floor), described in 
this work. We compare a structure-only multi-wall log-distance baseline against 
an environment-augmented variant (environmental sensing and SNR), improving 
5-fold cross-validation RMSE from 10.577 to 8.034 dB and R2 from 0.691 to 0.822.

✓ P ✗

[7] (2025) We perform early statistical evaluation on the campaign in [6] using MLR with 
ANOVA, and residual distribution analysis. Adding environment-aware covariates 
materially reduced unexplained variance and motivated multimodal shadowing 
models beyond Gaussian residual assumptions.

✓ P ✓

This Work Using a 12-month dataset with multivariate path loss with distance, walls/floors, 
and environment variables, we (i) compare MLR vs. second-order polynomial and 
regularized/Bayesian variants via cross-validation, (ii) perform residual diagnostics 
(GMM, KDE/bootstrapping, Kruskal–Wallis), and (iii) pursue quantile-based fade 
margin calibration on OOF residuals

✓ ✓ ✓
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interpretability so that distance, walls, and environmental contributions remain attrib-
utable, (ii) incorporate environmental context to reduce unexplained variance rather 
than absorbing it into shadowing, (iii) enforce leakage-safe evaluation so reported gains 
reflect true generalization, and (iv) quantify predictive uncertainty for reliability budget-
ing, not just point accuracy.

These goals are operationalized with a mean specification anchored in Eq. (12) and a 
selective quadratic extension in Eq. (13) applied to the continuous predictors (distance, 
environmental factors, and the SNR, while wall counts and weights remain additive and 
linear. Polynomial expansion precedes standardization, while all preprocessing (feature 
mapping and scaling) is confined within cross-validation folds (time-blocked) to prevent 
leakage, and diagnostics and fade margin quantiles are computed on OOF residuals. 
Three model families are compared: a linear baseline MLR, the second-order polynomial 
design, and a BLR model (conjugate NIG and Zellner g-prior) on the linear design for 
calibrated predictive uncertainty. Penalized variants (Ridge, Lasso, and Elastic Net) are 
tuned by cross-validation with parsimony-oriented selection.

3 � Methodology
3.1 � Experimental setup

In this section, we describe the deployment geometry, sensing hardware, radio configu-
ration, and the backend pipeline used to acquire the dataset for our path loss modeling 
and analysis.

3.1.1 � Site and Layout

This data measurement campaign builds on the indoor LoRaWAN deployment reported 
in our EU 868MHz dataset descriptor [6]. We summarize the elements required to 
reproduce the measurement conditions and the end-to-end data logging pipeline. Meas-
urements were collected on the 8th floor of an academic building ( 240m2 and approx. 
250m above sea level). The floor follows a corridor-centric office layout with a semi-open 
central walkway (Fig.  1(a)). Structural walls are brick and reinforced concrete, while 
internal separations are primarily lightweight wooden partitions and wooden doors. 
This mixture yields links spanning LoS and NLoS, with ED0 being the only LoS device to 
the gateway. End device to gateway distances span d ∈ [8, 40]m , and each link is tagged 

Fig. 1  Overview of the indoor LoRaWAN measurement campaign. (a) Floor plan with the gateway 
(GW) and six end devices (ED0–ED5), annotated obstructions distinguish brick/reinforced-concrete walls 
and wooden partitions/doors. Scale bar: 2m ; icons not to scale. (b) Data acquisition chain, forwarding 
uplinks from The Things Network (TTN) to an InfluxDB time-series database via Message Queuing Telemetry 
Transport (MQTT)
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in Fig. 1(a) with its wall-count tuple w = (Wbrick,Wwood) : ED0 (0, 0), ED1 (1, 0), ED2 
(0, 2), ED3 (1, 2), ED4 (0, 5), ED5 (2, 2).

Measurements were collected during normal use of offices, laboratories, and shared 
spaces (uncontrolled human presence and mobility), spanning both working-hour and 
off-hour regimes with intermittent corridor traffic. Human presence and movement 
were not scripted, and no fixed headcount is assumed. We therefore treat occupancy 
as an uncontrolled driver of indoor non-stationarity and capture its effect indirectly 
through the co-recorded environmental time series. In practice, indoor CO2 exhib-
its strong diurnal structure with peaks that plausibly track human activity. At the same 
time, PM2.5 and other measurements can also be shaped by operational factors such as 
heating, time of day, and window/door opening [2]. Since headcount was not instru-
mented, these variables serve as proxy signals for activity-driven dynamics that may co-
vary with LoRaWAN link reliability in situ.

3.1.2 � End devices

We deployed six identical end devices (EDs, ED0–ED5) at fixed locations for the dura-
tion of the campaign (Fig.  1(a)). Each end device was built around an Arduino MKR 
WAN 1310 (Murata LoRa, EU 868MHz ) and housed in a ventilated 3D-printed enclo-
sure (Fig. 2(a) and (b)). The platform exposes standard peripheral buses, namely Inter-
Integrated Circuit (I2C), Serial Peripheral Interface (SPI), and Universal Asynchronous 
Receiver/Transmitter (UART), which simplifies clean sensor integration and debug-
ging without additional interface hardware [3]. In this deployment, all sensors were 
connected to a shared I2C bus to minimize wiring and ensure consistent sampling 
(Table  4). For radio transmission, each ED uses an external omnidirectional antenna 
(peak gain Gtx ≈ 0.4 dBi ) connected via a short pigtail ( Ltx ≈ 0.14 dB ) and transmits at 
Ptx ≈ 14 dBm . Antennas were mounted vertically at ∼ 0.8m above floor level to reflect 
typical indoor IoT installations.

3.1.3 � Gateway and Backhaul

We used a Kerlink Wirnet iFemtoCell indoor gateway (GW, Fig. 2(c)), wall-mounted at 
1.0m above floor level. The GW was equipped with a vertically polarized omnidirec-
tional rubber-dipole antenna (peak gain Grx ≈ 3 dBi ) connected directly at the RF port, 
hence receiver-side cable losses Lrx were negligible. In its EU868 configuration, the 
gateway provides a receiver sensitivity (S) up to −141 dBm at SF12 ( 125 kHz bandwidth 

Fig. 2  LoRaWAN end devices and indoor gateway used in the deployment. (a) End device internals: 
Arduino MKR WAN 1310 (Murata LoRa, EU 868MHz ) with BME280 (pressure), SCD41 (CO2, temperature, 
humidity), and SPS30 (PM2.5) . (b) Assembled end devices in 3D-printed enclosures. (c) Kerlink Wirnet 
iFemtoCell indoor gateway (wall-mounted)



Page 16 of 35Obiri and Van Laerhoven ﻿J. Wirel. Commun. Netw.         (2026) 2026:66 

(BW)), enabling robust packet capture on heavily obstructed links. As was deployed in 
[59], uplinks were forwarded over an Ethernet backhaul to The Things Network (TTN) 
stack (v3.35.2). The end devices operated under the LoRaWAN MAC specification 
v1.0.2, and TTN exposed per-packet metadata required for link analysis (timestamps, 
SF, frequency, RSSI, and SNR).

3.1.4 � Radio configuration and measurement loop

Each end device followed a deterministic one-minute cycle: (i) it sampled the sensor 
suite, (ii) packed the readings into a compact 18-byte binary frame, and (iii) transmit-
ted a single uplink. The frame carried temperature (14  bit), relative humidity (14  bit), 
barometric pressure (17  bit), carbon dioxide concentration (13  bit), particulate matter 
(PM2.5, 17  bit), and a monotonic packet counter (32  bit), totaling 107  bit ( ≈14  bytes), 
with the remaining 37  bit reserved as padding and for future extensions. Uplinks were 
sent at a transmit power of 14 dBm in the EU868 band. We cycled the spreading factor 
(SF) from SF7 to SF10 to probe a practical robustness–airtime trade-off, since higher SF 
increases robustness at the cost of longer transmissions [2]. With a 125 kHz bandwidth 
(coding rate set to 4/5) and an 18-byte payload, using the standard LoRa time-on-air 
model with an header, cyclic redundancy check (CRC) enabled, and an 8-symbol pream-
ble, the time-on-air remains bounded (approximately 51ms at SF7 and 330ms at SF10). 
This supports the 60 s reporting interval under EU868 duty-cycle constraints [60], and 
reduces self-induced congestion.

3.1.5 � Data pipeline and storage

As shown in Fig. 1(b) (adopted from [6, 59]), uplinks arriving at the TTN server were 
decoded using an application-level JavaScript payload formatter and streamed via Mes-
sage Queuing Telemetry Transport (MQTT) (v3.1.1). A subscriber running on an Ama-
zon Web Services Elastic Compute Cloud (AWS EC2) instance ingested the MQTT 

Table 4  Sensor suite integrated into each end device. The table summarizes the sensing 
modules, their operating interfaces or measurement principles, and the variables captured with their 
reported sensitivity. I2C refers to Inter- Integrated Circuit, SPI to Serial Peripheral Interface, and UART 
to Universal Asynchronous Receiver/Transmitter

Sensor Interface / principle Measured variables and sensitivity

Sensirion SCD41 I2C (used); UART is supported; 
includes photoacoustic CO2 sens-
ing with integrated temperature 
and relative humidity channels; 
automatic self-calibration

Measures, (i) carbon dioxide concentration: 400ppm-
to5000ppm;  accuracy ±(40ppm+ 5% of reading) , 
(ii) temperature: −10◦Cto60◦C ; accuracy ±1.5◦C (typ. 
±0.8◦C for 15◦Cto35◦C ), and (iii) relative humidity: 
0%RHto100%RH ; accuracy ±9%RH (typ. ±6%RH for 
15◦Cto35◦C and 20%RHto65%RH)

Adafruit BME280 I2C (used); SPI supported; pressure 
sensing based on Bosch technol-
ogy

Measures barometric pressure in the range of 
300–1100 hPa; absolute accuracy ±1.0 hPa

Sensirion SPS30 I2C (used); UART supported; laser-
scattering particulate sensing with 
contamination-resistance; self 
cleaning fan

Measures particulate matter mass concentration 
(PM2.5) in the range of 0–1000µg/m3 ; its reported 
accuracy is ±10 % for the range within 100–1000µg/
m3 size of particles
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stream and persisted both decoded sensor fields and TTN metadata into an InfluxDB 
(v1.8.9) time-series database. The pipeline operated continuously from October 2024 to 
September 2025, yielding a dense, time-aligned record of environmental conditions and 
link state for subsequent modeling and analysis.

3.2 � Path loss modeling

Path loss modeling in LoRaWAN is a link-budget exercise, because meeting a target reli-
ability means the transmit setting (e.g., SF) must cover the mean propagation loss plus a 
safety headroom. We index the end device to the gateway link by ℓ and the received packets 
by i. Let Lℓ(d, f , . . .) denote the (random) path loss on link ℓ under propagation conditions 
(d, f , . . .) . In link-budget form, successful reception requires that Eq. (10) holds:

where Ptx is the transmit power, Gtx and Grx are antenna gains, Ltx and Lrx are feeder/
connector losses, S(SF, BW) is the receiver sensitivity, and ML is the total link margin. 
[8]. All power units are in dBm , while all losses and margins are in dB . In LoRaWAN’s 
adaptive data rate (ADR), this headroom is implemented via the SNR-margin rule, with 
a fixed fade margin constant (often set to 10 dB ). We keep the same principle but replace 
the fixed hedge by a data-driven fade margin inferred from the upper tail of the OOF 
residuals after fitting L̂(·) (formalized in Sec. 3.4). Note that in this work, we interpret the 
link margin as ML = MF +MI , where MF is the calibrated fade margin and MI collects 
any additional implementation or interference margins. In our evaluation, we set MI = 0 
to isolate the propagation-driven component. To anchor the analysis to our dataset, 
we construct the experimental path loss used as the regression response directly from 
TTN metadata by treating the gateway-reported RSSI as a received-power estimate. Let 
Prx,i denote the gateway-reported received power for packet i (reported as RSSI in TTN 
metadata). Equation (11) gives the per-packet path loss:

While COST 231 MWM (log-distance) [15] captures geometry and obstruction losses, 
it does not represent the occupied-building dynamics that drive indoor non-stationarity, 
so leaving these effects in the residual inflates the margin required for high reliability. We 
therefore augment it with an environmental state vector and SNR as a link-state indica-
tor to capture indoor non-stationarity. Let L̂ℓ,i denote a model-based mean prediction 
for Lℓ,i for packet i at distance d (m) relative to a reference distance d0 = 1m , and let f 
denote the carrier frequency (MHz). Let Wk be the number of penetrated obstructions of 
wall type k ∈ {1, . . . ,K } (with loss ωk in dB per wall), so that w = (W1, . . . ,WK )

⊤ (in our 
site, w = (Wbrick,Wwood)

⊤ ). Let Ej be the j-th environmental covariate ( j ∈ {1, . . . ,P} ), 
stacked as e = (E1, . . . ,EP)

⊤ , and let γ denote the gateway-reported SNR (in dB ). The 
additive linear mean model is given in Eq. (12) as,

(10)Ptx ≥ Ltx − Gtx + Lℓ(d, f , . . .)− Grx + Lrx +ML + S(SF, BW),

(11)Lℓ,i = Ptx − Ltx + Gtx + Grx − Lrx − Prx,i.

(12)

Lℓ,i = β0 + 10n log10

(
di

d0

)
+ 20 log10(fi)+

K∑

k=1

ωk Wk ,i +

P∑

j=1

εj Ej,i + kγ γi

︸ ︷︷ ︸
L̂ℓ,i

+ψi,
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 where β0 is the intercept and n is the path loss exponent, while the term 20 log10(f ) 
accounts for frequency-dependent free-space loss [61]. In our single-band EU868 
deployment, it is constant and is absorbed into β0 during fitting. The coefficient εj 
weights the environmental covariates Ej (for readability in later tables, we use the follow-
ing mnemonic subscripts for the coefficients: εC for CO2 , εRH for relative humidity, εPM 
for PM2.5, εBP for barometric pressure, and εT for temperature). The factor kγ scales the 
link-state term.

To allow mild curvature and context coupling while preserving the additive multi-
wallstructure, we extend Eq. (12) with a restricted second-order polynomial applied only 
to the continuous predictors. Define zd ≡ 10 log10(d/d0) and u ≡ [zd , e

⊤, γ ]⊤ ∈ R
q , 

where q = P + 2 . Walls remain purely additive (no wall squares and no wall interac-
tions). Under this restriction, the polynomial model (Eq. (13)) is written as:

 where {h̃ab}1≤a≤b≤q are unique quadratic coefficients in one-to-one correspond-
ence with the monomials {u2a} and {uaub}a<b among the continuous predictors, and 
where ua denotes the a-th component of u with indices a, b ∈ {1, . . . , q} . Equivalently, 
�poly(u) = u⊤H u with H = H⊤ (a symmetric coefficient matrix), where haa = h̃aa and 
hab = h̃ab/2 for a < b . This introduces quadratic terms among the continuous predictors 
(e.g., z2d , E2

j  , γ 2 , zdEj , zdγ , Ejγ , and EjEk for j  = k ), while wall terms remain additive. For 
q = 7 continuous predictors (distance, five environmental variables, and γ ), the quad-
ratic correction contributes q(q + 1)/2 = 28 additional regressors. Together with the q 
linear continuous terms already present in Eq. (12), this yields q(q + 3)/2 = 35 continu-
ous regressors (excluding the intercept term β0 ). Adding the two wall-count terms gives 
37 non-intercept regressors in total.

In the data preparation pipeline shown in Fig.  3, raw measurements, comprising 
LoRaWAN-reported metadata and environmental variables, are retrieved from the 
InfluxDB database, cleaned upstream (including de-duplication, SF filtering, and out-
lier handling), and then sorted globally by timestamp. We retain SF7–SF10 to balance 
sensitivity and airtime [2]. We remove measurement outliers using an Isolation Forest 
(contamination of 0.01) trained on predictor-space features (excluding the response) as 
a data-quality screening step targeting sensor/ingestion faults. Because this procedure 
is unsupervised and does not use the response, it is applied prior to modeling and does 
not tune any model parameters. For model fitting, we use a chronological fixed 80:20 
train/test split as deployed in [3]. Within the training subset, we use 5-fold time-ordered 
cross-validation using scikit-learn’s TimeSeriesSplit (gap=0). Each validation fold 
is a contiguous time window that follows its corresponding training window (i.e., a for-
ward-chaining/expanding-window protocol), ensuring that no future samples appear in 
training for any fold. We reuse identical fold assignments across all model families, so 
comparisons are made on the same validation windows. Predictors include distance d, 
frequency f, wall predictors W , environmental covariates E , and SNR γ . We linearize 

(13)

Lℓ,i = L̂ℓ,i +�poly(ui)︸ ︷︷ ︸
L̂ℓ,poly,i

+ψi, �poly(ui) =

q∑

a=1

h̃aa u
2
a,i +

q−1∑

a=1

q∑

b=a+1

h̃ab ua,iub,i,
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distance as 10 log10(d/d0) and treat 20 log10(f ) as a fixed offset by subtracting it from the 
response during training (and adding it back for evaluation in the path loss domain).

Model comparison follows three families under the same time-ordered cross-valida-
tion protocol: (i) a linear MLR in Eq. (12) and its regularized variants fit on the linearized 
design (distance as 10 log10(d/d0) and the frequency term 20 log10(f ) ). Since all links are 
at 868MHz , the frequency term is a constant and is absorbed via the intercept. In multi-
frequency settings, one would reintroduce the 20 log10(f ) dependence; (ii) POLY2, a sec-
ond-order polynomial in Eq. (13) applied to the continuous predictors {zd ,E1, . . . ,EP , γ } 
while wall counts Wk remain additive and linear (also fitted with the regularization spec-
ifications); (iii) a BLR on the linear design, reported for both a conjugate NIG prior and 
a Zellner g-prior, providing calibrated predictive uncertainty (Student-t predictive) with-
out changing the mean feature set. Out-of-sample performance is evaluated using RMSE 
and R2 on the held-out test set. In contrast, residuals are evaluated with partial F tests 
and Type II and III ANOVA, conditional on residual diagnostics (normality, independ-
ence, and variance stability).

Estimation and leakage-safe preprocessing are as follows: for penalized MLR (and for 
the BLR workflow, where applicable), standardization is fit within each fold using only 
the fold’s training indices; for POLY2, the selective quadratic expansion is applied first, 
followed by within-fold standardization, so that scaling reflects only the training data. 
Hyperparameters are selected by grid search on the same K = 5 cross-validation folds, 
choosing the configuration that minimizes mean validation RMSE. We sweep Ridge 
� ∈ logspace(−4, 3) (15 points), Lasso � ∈ logspace(−4, 1) (15 points), and ElasticNet 
� ∈ logspace(−4, 1) (10 points) with mix α ∈ {0.2, 0.5, 0.8} . For BLR, we select prior set-
tings by the same cross-validation criterion (NIG prior scale �0 ∈ {102, 103, 104, 105, 106} 
with a0 = b0 = 10−2 , and Zellner g-prior mode in uip (unit-information, g = N  ), eb 

Fig. 3  Model fitting pipeline. In three phases: (i) database retrieval and cleaning, (ii) time-blocked 
cross-validation with within-fold preprocessing and model fitting, and (iii) model selection and hold-out 
evaluation, followed by analysis of variance (ANOVA), residual diagnostics, and fade margin calibration
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(empirical Bayes that selects g by maximizing the marginal likelihood on the training 
fold.) with a0 = b0 = 10−2 ) [25]. After tuning, each selected model is refit on the full 
training split and evaluated once on the held-out test set. OOF residuals from the cross-
validation stage are exported and used downstream for residual diagnostics and fade 
margin calibration (Section 3.4).

3.3 � Shadow fading diagnostics

Our prior study on the same site reported clear deviations from Normal residuals and 
heavier right tails [7] (based on MLR). Motivated by those findings, without presuppos-
ing outcomes, we treat the residual law as an empirical object to be validated and repeat 
the same procedures. All steps below use the OOF residuals from the final mean speci-
fication (the second-order polynomial; Section 3.2), so distributional checks and any tail 
modeling reflect true generalization.

We fit five families to the OOF residuals: Normal, Student’s t, Skew-Normal, Cauchy, 
and finite GMM with K ∈ {1, . . . , 5} components. Parameters are estimated by maxi-
mum likelihood. For GMMs, we use the Expectation–Maximization algorithm with 
multiple random initializations, an identifiability constraint that orders component 
means for reporting, and a small variance floor to ensure numerical stability. Model 
choice follows a pre-specified rule to avoid hindsight bias: (i) compute BIC for each fit-
ted family (and K for GMMs); (ii) select the minimum-BIC model; (iii) break practical 
ties using the KS distance; (iv) when BIC or the KS distance are essentially indistinguish-
able, prefer the simpler family. Classical omnibus tests (D’Agostino–Pearson; Jarque–
Bera) are used only as diagnostics to motivate heavier-tailed/asymmetric families when 
warranted, and hence they do not drive selection.

For residuals {ri}Ni=1 and a candidate parametric density f (r; θ) , we fit θ by maximum 
likelihood by maximizing the log-likelihood L(θ) in Eq. (14). We then compute AIC and 
BIC from the maximized log-likelihood using the standard complexity penalties (2m for 
AIC and m ln(N ) for BIC), where m is the number of estimated distribution parameters 
and N is the sample size. Finally, we apply the KS test by comparing each fitted CDF with 
the empirical CDF of the residuals, where a smaller KS statistic indicates closer agree-
ment over the full support.

Since parametric fits can mask structure when the family is misspecified, we add a 
model-agnostic KDE to visualize shape (core vs. tails) and to check for latent modality 
without imposing a functional form. We compute a Gaussian-kernel KDE on a fixed grid 
via Fast Fourier Transform (FFT) convolution (exact on the grid and computationally 
stable) and overlay two bandwidths: Silverman’s rule of thumb and a cross-validated log-
likelihood bandwidth. We also run Hartigan’s dip test and Silverman’s critical-bandwidth 
test to summarize modality [44]. However, the KDE is not used to produce tail quantiles; 
it is strictly a diagnostic to corroborate (or challenge) the parametric choice.

To check stability, mixture fits use multiple random initializations and a small vari-
ance floor, and spurious tiny-weight components are merged or discarded by the 

(14)L(θ) =

N∑

i=1

log
(
f (ri; θ)

)
.
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Expectation–Maximization stopping rule. Seeds are fixed for reproducibility. In the 
results, we report the log-likelihood, AIC, BIC, and KS test distance for each candi-
date, along with Q–Q plots and KDE overlays. The distribution selected by the rule 
above is carried forward to the tail-quantile step in Sec. 3.4, where the construction of 
fade margins and their uncertainty is defined.

3.4 � Fade margin calibration

We calibrate a fade margin that maps predictive uncertainty into a reliability buffer 
in the link budget of Eq. (10). For each sample i, let L̂ℓ,i denote the OOF mean path 
loss prediction by the regressor trained without sample i (equivalently, within each 
fold L̂ = β̂01+�β̂ ). The corresponding OOF error is ri = Lℓ,i − L̂ℓ,i . With a fade 
margin MF , an outage occurs when the realized loss exceeds the predicted loss plus 
buffer ( Lℓ,i > L̂ℓ,i +MF ), i.e., ri > MF . Thus, prescribing a target outage probability p 
reduces to selecting MF as an upper-tail quantile of the error distribution, consistent 
with classical outage-based margin setting (Q-function formulation under log-normal 
shadowing) [63]. This yields the empirical fade margin estimator in Eq. (15):

Define the (conditional) non-exceedance probability as ρ(MF) � Pr(r ≤ MF) and the 
corresponding outage (exceedance) probability as p(MF) � Pr(r > MF) = 1− ρ(MF) . 
In the held-out validation, we report p̂ and its complement ρ̂ = 1− p̂ computed on 
the held-out residuals.

 where Q1−p(·) is the (1− p)-quantile of the cross-validated residuals. When residuals 
are heavy-tailed or multimodal, we model the far tail with a 3-component GMM, con-
sistent with the residual diagnostics in Sec. 4.3.1. To guard against under-budgeting in 
the far tail, we define the conservative fade margin estimator M̂F(p) as the maximum of 
the empirical and mixture-based tail quantiles. For p ≤ 0.02 we also evaluate the (1− p)

-quantile of the fitted 3-component GMM and prescribe the conservative margin via 
Eq. (16):

 This conservative estimator preserves the quantile-based reliability mapping of Eq. (15), 
while using a mixture tail model to protect the far tail [64]. Uncertainty of the empirical 
estimator is quantified using BCa bootstrap intervals. When short-memory dependence 
is detected, we use a moving-block bootstrap with the block length selected by ACF/
PACF diagnostics (aggregated across devices). For mixture-based margins, we report 
parametric-bootstrap CIs obtained by sampling from the fitted 3-component GMM and 
recomputing Q1−p . We also summarize fold-to-fold dispersion across cross-validation 
splits.

Calibration is validated on a held-out test set. Let Ntest be the number of held-out 
test samples, and let �{·} denote the indicator function (equal to 1 if its condition 
holds and 0 otherwise), with index i ∈ {1, . . . ,Ntest} . For a prescribed M̂F(p) , we com-
pute the achieved outage using Eq. (17):

(15)M̂F,emp(p) = Q1−p

(
{ri}

N
i=1

)
, p ∈ (0, 1)

(16)M̂F(p) = max
{
M̂F,emp(p), M̂F,GMM(p)

}
.
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 Since Lℓ,i is observed only for received packets (Eq.  (11)), the reported achieved reli-
ability is   ρ̂ = 1− p̂ ( Pr(r ≤ M̂F(p) | received) ), i.e., a conditional non-exceedance on 
received packets. Sweeping p ∈ {0.05, 0.02, 0.01} , we plot the achieved reliability ρ̂
against the prescribed margin and overlay target iso-lines, where alignment indicates 
reliability-correct calibration on unseen data. Finally, we report MF,99 ≡ MF(0.01) 
with 95% CIs, compare against a 10 dB fixed heuristic margin, adopted from [65], and 
include  achieved conditional reliability on received packets ρ̂  versus the fade margin 
calibration visualization.

4 � Results and analysis
This section follows the pipeline in Fig. 3 to: (i) report fitting predictive performance, (ii) 
interpret the fitted mean, (iii) summarize residual diagnostics, and (iv) use them to sup-
port fade margin calibration with held-out validation.

4.1 � Regression

From Table  5, the empirical COST 231 MWM, included as a structural-only refer-
ence (distance and wall obstructions), exhibits substantially weaker generalization 
( RMSE ≈ 12.07 dB , R2 ≈ 0.59 ), indicating that structural descriptors alone underfit the 
variability present in the measurements. The extended linear baselines (MLR and BLR) 
are essentially indistinguishable under the time-blocked protocol, achieving a cross-val-
idated RMSE of ≈ 8.24 dB with a test RMSE of ≈ 8.47 dB and R2 ≈ 0.80 for both cases. 
This stability suggests the linear regime is well-conditioned for the available predic-
tors, and that any multicollinearity among environmental covariates does not materially 
affect predictive accuracy [28]. While BLR does not improve point-error metrics rela-
tive to MLR, it retains practical value by providing calibrated posterior uncertainty (e.g., 
coefficient credible intervals), which is useful when link variability is modulated by occu-
pancy and ventilation dynamics. In contrast, the second-order polynomial substantially 
improves generalization, reducing the cross-validated RMSE to 7.3761 dB ( ≈ 10.4% ) and, 
respectively, improving R2 to 0.8439, with consistent gains on the held-out test. This 

(17)p̂ =
1

Ntest

Ntest∑

i=1

�{Lℓ,i > L̂ℓ,i + M̂F(p)}.

Table 5  Comparative performance across the model families (RMSE and coefficient of 
determination ( R2)). We report the best configuration for each model family (OLS/Ridge/Lasso/
ElasticNet), selected by the OOF mean RMSE with ± denoting standard deviation across folds. 
Within-family OOF RMSE ranges are as follows: (i) COST 231 MWM ≤ 0.01 dB , (ii) MLR ≤ 0.01 dB , (iii) 
BLR ≈ 0 dB , and (iv) POLY2 ≤ 0.09 dB

Model Family

RMSE ( dB) R2

Cross-validated 
(OOF)

Test (held-out) Cross-validated 
(OOF)

Test (held-out)

COST 231 [15] 10.9739± 1.0518 12.0704 0.6533 0.5890

MLR 8.2333± 0.5577 8.4845 0.8061 0.7969

BLR 8.2416± 0.5827 8.4534 0.8055 0.7984

POLY2 7.3761± 0.6048 7.7708 0.8439 0.8296
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indicates that second-order interaction terms capture nonlinear dependencies not cap-
tured by purely linear models, thereby improving on the MLR baseline.

For Table 6, we report the OLS coefficients as a representative linear fit together with 
95% confidence intervals computed using the MacKinnon–White heteroskedasticity-
consistent covariance estimator (HC3; leverage-adjusted) to quantify coefficient uncer-
tainty under potential heteroskedasticity. Across the frequentist linear variants, Ridge 
and Lasso yield near-identical estimates to OLS, with differences at most 0.01 for the 
dominant geometric terms (path loss exponent and wall losses) and around 10−3 or 
smaller for the environmental slopes. Likewise, the two BLR specifications yield the 
same point estimates to numerical precision, consistent with a data-dominant likeli-
hood. Their practical advantage is calibrated posterior uncertainty (e.g., coefficient cred-
ible intervals) rather than lower point-error. ElasticNet can induce stronger shrinkage on 
the correlated environmental block, effectively redistributing weights among covariates 
without materially changing predictive performance (Table  5). For interpretability, we 
therefore summarize the linear regime using the OLS coefficients.

The fitted intercept reflects fixed offsets (including free space path loss (f , 1m) at 
868MHz and centering), so we do not interpret β0 physically. The path loss exponent 
( n ≈ 3.87 ) is consistent with established indoor LoRaWAN ranges and reflects rapid 
decay in a multi-obstruction office environment [10, 63]. The estimated obstruction 
losses show the expected material contrast, with brick inducing about 6.83 dB per wall 
compared with about 1.98 dB for wooden partitions, in line with reported attenuation 
differences for building materials around 868MHz [66]. Moreover, the environmen-
tal terms retain the same sign pattern, whereas the SNR scaling was strongly negative 
( kγ ≈ −2.03 ). In contrast to typical outdoor regression settings, where meteorological 
variables are often treated as direct propagation modifiers [3], indoors, these quantities 
should be interpreted primarily as conditional state proxies rather than causal attenua-
tion terms. Elevated CO2 and humidity co-vary with occupancy and HVAC scheduling, 
i.e., regimes in which the indoor channel is time-varying due to human motion, door 
usage, and airflow control. Consequently, their fitted signs reflect a correlation with 

Table 6  Predictor coefficients for the linear model (OLS) with HC3 confidence intervals (CIs). 
HC3 refers to the MacKinnon–White heteroskedasticity-consistent covariance estimator

Variable Unit Coefficient Estimate 95% CIs (HC3)(dB)

lower upper

Intercept dB β0 2.31 1.80 2.81

Path loss exponent – n 3.87 3.86 3.88

Brick wall loss dB ωbrick 6.83 6.81 6.85

Wood partition loss dB ωwood 1.98 1.96 1.99

Carbon dioxide dB/ppm εC −0.0024 −0.0025 −0.0022

Relative humidity dB/% εRH −0.0917 −0.0938 −0.0897

Particulate matter dB/(µg/m3) εPM −0.0953 −0.1011 −0.0895

Barometric pressure dB/hPa εBP −0.0080 −0.0094 −0.0066

Temperature dB/◦C εT −0.1410 −0.1443 −0.1378

SNR scaling – kγ −2.0344 −2.0426 −2.0262
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building-operation states that shift the conditional link budget after controlling for dis-
tance and wall counts, rather than radiative absorption in the strict physical sense [2]. 
The SNR term is expected to be strongly informative because it acts as an instantaneous 
demodulation-margin indicator tied to received power and noise; including it captures 
fast channel and interference conditions and reduces residual variance, but it should not 
be interpreted as an independent physical loss mechanism [67]. Collectively, the envi-
ronmental block functions as an implicit low-dimensional channel-state indicator, sup-
porting environment-aware reliability modeling for indoor IoT operation at 868MHz.

For the best-performing nonlinear model (POLY2, Lasso-selected), the intercept 
absorbs fixed offsets as well as centering and standardization effects induced by the 
polynomial expansion; accordingly, we do not attach direct physical meaning to it. The 
distance dependence is captured primarily by curvature in the distance term, while the 
linear distance contribution is strongly regularized. We verified numerically that the net 
gradient ∂L̂ℓ,poly/∂zd remains positive across the evaluated distance range when condi-
tioned on the observed covariates. Wall-loss effects remain physically consistent with 
material-dependent attenuation, in line with sub-GHz measurement evidence [68]. Most 
first-order environmental slopes (e.g., εC, εRH ) are shrunk toward zero under regulariza-
tion, whereas a small set of interaction terms involving distance, humidity, and link-state 
indicators remains nonzero. This pattern supports a conditional channel-state interpre-
tation that the retained environment–distance and environment–SNR couplings likely 
act as proxies for occupancy/HVAC-regime changes and other latent dynamics rather 
than direct atmospheric absorption at 868MHz . A first-order term with mild curvature 
dominates link-state dependence. Finally, removing the SNR predictor increases RMSE 
while preserving the qualitative role of the retained environmental interactions.

4.2 � Analysis of variance (ANOVA)

For consistency across models, we report Type  II and Type  III ANOVA-style F tests 
for the additive MLR baseline using the same HC3-robust covariance estimator as in 
Table 6, and compare nested predictor blocks via classical OLS residual sum of squares 
partial-F tests (structure, then +environmental variables, then +SNR). Since the sample 
size is very large ( N ≈ 1.66× 106 ), the associated p- values become numerically satu-
rated (often effectively 0). Thus, statistical significance here should be read as detecta-
bility rather than practical magnitude [38]. We therefore interpret effects primarily via 
partial η2 (an F-derived partial effect-size index that coincides with the usual ANOVA 
partial-variance share under homoskedastic OLS), which is bounded and comparable 
across predictors. The resulting relative ordering is summarized in Table 7, from which 
we conclude that: (i) Per-predictor (Panel A): Structural terms dominate, with the path 
loss exponent contributing most (partial η2 ≈ 0.21 ), followed by brick-wall loss. The 
SNR term is of comparable magnitude(partial η2 ≈ 0.12 ) and exceeds the wood-parti-
tion term, while the environmental covariates are individually modest but directionally 
consistent once structure is controlled. The ranking and signs are stable under Type III 
(discussed next). (ii) Block gains (Panel B): In Panel B, adding the five environmental 
covariates after structure yields a statistically detectable but modest reduction in resid-
ual sum of squares ((partial η2 ≈ 0.0098 ), whereas adding SNR afterward delivers the 
dominant improvement (partial η2 ≈ 0.4307 ), indicating that SNR carries substantial 
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non-redundant link-state information beyond structure and microclimate. This is con-
sistent with the gap between COST 231 MWM and MLR results in Table 5. Since the 
MLR specification includes only main effects (no interactions), Type III ANOVA yields 
the same tests as Type II for all predictors, and hence the effect-size ordering is insensi-
tive to ANOVA type. Type III ANOVA additionally reports an intercept test, which we 
do not interpret physically because it absorbs fixed offsets (e.g., the constant frequency 
term).

To dissect predictor contributions in the polynomial model, we conducted partial-
F tests on nested blocks denoted as: W (walls), D (distance), E (environment-only), S 
(SNR), and X (all interactions of zd , γ and e , excluding squares) (Table 8). In nested addi-
tions, distance provides a strong initial gain (partial η2 = 0.181 ), SNR contributes the 
largest incremental improvement (partial η2 = 0.514 ), and interactions add a further 
non-trivial component (partial η2 = 0.102 ). In contrast, the environment-only block is 
modest in isolation (partial η2 = 0.008 ). In the drop-one tests, we remove the indicated 
term block and compare the reduced model to the full model. Removing walls or SNR 
incurs the steepest penalties (partial η2 = 0.193 and 0.147, respectively), confirming the 
primacy of structural attenuation and instantaneous link state. Omitting interactions 
also causes a measurable loss (partial η2 = 0.102 ), indicating that nonlinear couplings 
refine fidelity beyond additive effects. Therefore, the environment block contributes 
most meaningfully when expressed through interactions rather than as purely additive 
slopes, supporting environment-aware reliability tuning without sacrificing coverage.

Table 7  Additive MLR significance tests. Residual degrees of freedom (df ) = 1663617; partial 
η2 = F df1

F df1+df2
 , where df1 and df2 are the numerator and denominator df. (Panel  A: df1 = 1 ). HC3: 

MacKinnon-White heteroskedasticity-consistent covariance estimator.

Panel A: HC3-robust Type II ANOVA-style per-predictor tests

Variable Unit Coefficient F p partial η2 Sign

Path loss exponent – n 439732.636 <10−16 0.2091 +
Brick wall loss dB ωbrick 318053.020 <10−16 0.1605 +
Wood partition loss dB ωwood 55431.275 <10−16 0.0322 +
Carbon dioxide dB/ppm εC 1841.148 <10−16 0.0011 −
Relative humidity dB/% εRH 7743.697 <10−16 0.0046 −
Particulate matter dB/(µg/m3) εPM 1025.772 <10−16 0.0006 −
Barometric pressure dB/hPa εBP 126.342 <10−16 0.0001 −
Temperature dB/◦C εT 7228.963 <10−16 0.0043 −
SNR – kγ 236234.977 <10−16 0.1243 −

Panel B: Nested block comparisons (OLS residual sum of squares partial-F)

Comparison df1 , df2 F p partial η2

Structure → +Environmentals (5, 1663618) 3298.886 <10−16 0.0098

+Environmentals → +SNR (1, 1663617) 1258588.250 <10−16 0.4307
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4.3 � Shadow fading analysis

4.3.1 � Model Fit Diagnostics

Residual diagnostics for the second-order polynomial model reject Normality decisively 
(Omnibus/D’Agostino statistic ≈ 3.49× 105 and Jarque–Bera statistic ≈ 3.08× 106 , 
both p < 10−16 ), with a right-skewed and heavy-tailed shape (skewness ≈ 0.765 , excess 
kurtosis ≈ 6.488 ). Autocorrelation is not a dominant concern at this resolution (Durbin–
Watson ≈ 2.022 ). Even with a strong predictive fit (OOF R2 ≈ 0.844 ), a single Gaussian 
law is inadequate, consistent with our earlier baseline MLR analysis [7]. As summarized 
in Table 9, a three-component Gaussian mixture provides the best residual description, 
achieving the lowest BIC and the smallest KS statistic. Skew-Normal improves over Nor-
mal but still under-represents the right tail, while the t distribution offers an intermedi-
ate fit. This residual-tail characterization forms the basis of the fade margin calibration 
in Sec. 3.4.

4.3.2 � Parametric Residual Distributions

Table 9 reports the KS statistics and information criteria for the candidate families. Due 
to the large value of N, KS p values saturate, so we compare KS statistics and BIC. Table 9 
and Fig. 4 support the following observations: (i) Normal underestimates tail mass, with 
KS ≈ 0.0603 (Fig. 4(a)). (ii) Skew–Normal captures asymmetry better (shape ≈ 1.60 ) but 
still deviates in the extreme quantiles (KS ≈ 0.0483 ; Fig. 4(b)). (iii) A Gaussian mixture 
with K=3 achieves the best parsimony–fit trade-off (lowest BIC ≈ 1.1026× 107 ; KS 
≈ 0.0108 ) and closely tracks both the core and the tails (Fig.  4(c)). The fitted mixture 

Table 8  Partial-F tests. Left: nested block additions, and right: drop-one (second-order polynomial; 
train set)

Nested additions Drop-one versus full

Block �df F p η2 Dropped �df F η2

D ( zd , z2d) 2 184141 < 10−16 0.181 W ( w) 2 198617 0.193

E ( e) 10 1346 < 10−16 0.008 D ( zd , z2d) 2 21039 0.025

S ( γ , γ 2) 2 878961 < 10−16 0.514 E ( e) 10 307 0.002

X (cross-
terms in u)

21 8959 < 10−16 0.102 S ( γ , γ 2) 2 143520 0.147

X (cross-
terms in u)

21 8959 0.102

Table 9  Distributional fit diagnostics on the second-order polynomial regression residuals 

Distribution Log-Likelihood AIC BIC KS test

Normal −5669116.41 11338236.83 11338261.48 0.0603

Skew–Normal −5627994.19 11255994.38 11256031.35 0.0483

Gaussian Mixture (K=3) −5513071.13 11026158.25 11026256.85 0.0108

Cauchy −5729734.65 11459473.30 11459497.95 0.0816

t-Distribution −5537405.70 11074817.41 11074854.38 0.0279
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comprises two dominant narrow components and a lower-weight broad component, 
consistent with heterogeneous indoor shadowing states [69]. (iv) Cauchy over-weights 
extremes and misrepresents the bulk (KS ≈ 0.0816 ; Fig.  4(d)). (v) Student’s t thickens 
tails (degrees of freedom ν ≈ 4.29 ) and improves fit relative to Normal, but remains 
intermediate overall (KS ≈ 0.0279 ; Fig. 4(e)). Compared with MLR-based site analysis in 
[7] that favored a higher mixture order, the polynomial mean reduces residual heteroge-
neity to K=3 , indicating that mild nonlinear couplings are absorbed. At the same time, a 
compact multimodal shadow-fading structure remains. This selected residual law is car-
ried forward to the fade margin calibration in Sec. 3.4.

4.3.3 � Nonparametric density and modality

As shown in Fig. 5(a), both KDE views indicate a sharp central mass with a mild shoul-
der and a slightly heavier right tail. The narrower bandwidth ( h ≈ 0.307 dB ) reveals local 
structure, whereas the broader bandwidth ( h ≈ 0.975 dB ) merges minor bumps into an 
effectively unimodal core [44]. Formal modality diagnostics are consistent with this pic-
ture. Hartigan’s dip test rejects strict unimodality at the native scale ( p < 10−16 ), but the 
bandwidth required to enforce unimodality is modest since Silverman’s critical band-
width is h∗ ≈ 0.466 dB (smoothed-bootstrap p ≈ 1.00 for H0 :≤ 1 mode). The mode-
count curve in Fig. 5(b) mirrors this behavior, with many spurious peaks at very small h 
that rapidly collapse toward a single mode as smoothing increases, reaching unimodality 
around h ∼ 0.5 dB . Together with the BIC-selected K=3 GMM (Table 9), the evidence 
supports a near-unimodal core with a low-probability heavy-tail regime, motivating 

Fig. 4  Parametric residual distribution diagnostics. Q–Q plots of the second-order polynomial OOF 
residuals against candidate parametric families in (a)–(e), and the residual histogram with fitted densities in 
(f). The selected three-component GMM matches both the sharp core and heavy tails, with two dominant 
narrow components and a lower-weight broad component
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mixture-based tail calibration for fade margins while using KDE strictly as a diagnostic 
view of residual shape.

We also tested whether coarse context partitions explain the residual heterogeneity 
using full-sample Kruskal–Wallis (location) and Brown–Forsythe (scale) tests (Table 10). 
Although differences are statistically detectable at this sample size, the corresponding 
effect sizes are small: LoS/NLoS accounts for only about 1% of rank-based location vari-
ability and well below 0.1% of dispersion, while CO2 terciles are smaller still. These par-
titions, therefore, explain little of the residual geometry, so the mixture-protected tail 
treatment remains justified for far-tail fade margin calibration rather than being an arti-
fact of stratifying by LoS/NLoS or CO2 alone.

4.4 � Fade margin calibration

Following the procedure in Sec. 3.4, we estimate MF(p) from the residuals and validate 
calibration on held-out data via the achieved reliability (computed on received packets 
only (conditional non-exceedance)) at the prescribed M̂F(p) . Table 11 reports the cali-
brated margins, bootstrap 95% confidence intervals, and held-out achieved. As shown in 
Fig. 6 (a), the calibrated operating points lie close to the target iso-lines, and the held-out 
achieved reliability is near the nominal levels ( ≤∼ 1.1% absolute across all targets includ-
ing 95% , and ≤∼ 0.5% for the stricter outage targets ( p ≤ 2%)), which is a considerably 
reliable calibration under our proposed protocol. Fig. 6 (b) summarizes the comparison 
as fade margin differences �MF(p) , where positive values mean a model requires more 
margin. The linear baselines (BLR/MLR) are essentially tied (within ≈ 0.3 dB ), while 

Fig. 5  Nonparametric residual density and modality diagnostics. (a) Residual density with kernel density 
estimation (KDE) overlays using Silverman’s rule ( h ≈ 0.307 dB ) and a cross-validated log-likelihood (CV-LL) 
bandwidth ( h ≈ 0.975 dB ). (b) Estimated mode count versus bandwidth on a logarithmic sweep using 
prominence-based peak detection

Table 10  Group-wise OOF residual location and dispersion diagnostics. MAD: median 
absolute deviation ( σ ≈ 1.4826MAD under Gaussian residuals) [70]. ǫ2

KW
 : Kruskal-Wallis effect size 

(location/ranks). η2
BF

 : Brown-Forsythe effect size (dispersion; median-centered Levene)

Partition Group Ngrp Median ( dB) MAD ( dB) ǫ2
KW

η2
BF

LoS vs NLoS
LoS 277295 −1.98 4.14 0.0111 0.0007

NLoS 1386332 −0.27 3.97

CO2 terciles

Low 557015 −0.82 3.95 0.0008 0.0001

Mid 543064 −0.30 4.06

High 563548 −0.57 4.06
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POLY2 steadily lowers the required margin, with the benefit growing as p tightens. At 
p = 1% , the reduction is ≈ 2.32 dB , roughly one SF step ( ≈ 3 dB transmit power). Oper-
ationally, this saving is comparable to the link-budget difference between adjacent SFs 
(order of a few dB ), and thus meaningful for airtime/energy trade-offs [60]. A fixed 10 dB 
heuristic undershoots in this environment (held-out achieved reliability ≈ 0.923–0.947), 
motivating data-driven margins for reliability planning. Note that all fade margins here 
are calibrated from residuals of models that include SNR. If SNR is omitted at planning 
time, the same pipeline applies, but the calibrated MF(p) increases slightly, an ablation 
that we treat as part of our future work.

4.5 � Discussion

A summary of answers to our research questions (RQ1–RQ4) (listed in Table  1) 
is as follows. First, with respect to RQ1, environment-aware covariates and the 

Table 11  Fade margin calibration from out-of-fold (OOF) residuals and held-out validation. 
The table summarizes the calibrated fade margin MFfor target outage levels 100p(%), based on 
either empirical quantiles or GMM-tail estimation, alongside 95% confidence intervals and the 
achieved held-out reliability ρ̂

Model 100p(%) Estimator MF ( dB) 95% CIs ( dB) Achieved reliability ρ

lower upper

COST 231 MWM 5 Empirical 12.09 12.08 12.15 0.9544

COST 231 MWM 2 Empirical 44.61 44.40 44.61 0.9705

COST 231 MWM 1 Empirical 60.76 60.75 61.07 0.9898

BLR 5 Empirical 13.18 13.12 13.24 0.9565

BLR 2 GMM tail 21.86 21.76 21.96 0.9810

BLR 1 Empirical 27.79 27.40 28.13 0.9866

MLR 5 Empirical 12.99 12.93 13.05 0.9559

MLR 2 GMM tail 21.59 21.48 21.70 0.9801

MLR 1 Empirical 28.05 27.65 28.44 0.9865

POLY2 5 Empirical 11.96 11.89 12.01 0.9608

POLY2 2 GMM tail 19.65 19.55 19.76 0.9793

POLY2 1 GMM tail 25.73 25.61 25.85 0.9856

Fig. 6  Fade margin calibration on held-out test set. (a) Held-out achieved reliability versus fade margin 
with calibrated operating points M̂F(p) for p ∈ {5, 2, 1}% and 95% confidence intervals. The COST 231 MWM is 
shown for context, but its calibrated margins for p ≤ 2% exceed the plotted range (Table 11). (b) Fade margin 
differences �MF(p) ( MF,A(p)−MF,B(p) ) among BLR/MLR/POLY2 models at matched outage targets (COST 
231 MWM omitted for scale)
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receiver-reported SNR contribute beyond geometry and structure. HC3 Type  II/III 
ANOVA yields a coherent effect-size ordering in which distance and wall losses domi-
nate (e.g., partial η2 ≈ 0.21 for n and ≈ 0.16 for Lbrick ), while SNR remains substantial 
(partial η2 ≈ 0.12 ). Environmental terms are individually smaller yet directionally con-
sistent. Nested block tests further confirm that adding the environmental block after 
structure and adding SNR afterward each deliver large, non-redundant gains (Table 7). 
Second, addressing RQ2, model comparison under the same chronological 80  :  20 
hold-out and 5-fold time-ordered cross-validation shows that linear MLR (including 
regularized variants) and BLR are effectively tied in point accuracy, whereas the selec-
tive second-order polynomial applied only to continuous predictors provides the best 
bias–variance trade-off, improving generalization (RMSE from ≈ 8.24 dB to 7.38 dB and 
R2 from 0.81 to 0.84, with consistent held-out performance; Table 5). Third, in response 
to RQ3, OOF residuals depart strongly from Gaussianity, and a compact K=3 Gaussian 
mixture yields the best fit among the tested families by BIC/KS (Table 9, Fig. 4), consist-
ent with heterogeneous indoor regimes. Finally, for RQ4, converting residual tails into a 
deployment control, prescribing fade margins from upper-tail OOF quantiles calibrates 
reliably on   the held-out set and yields an approximately 2.1− 2.3 dB margin saving at 
99% reliability for the selective quadratic mean relative to linear baselines (Table  11, 
Fig. 6), translating improved mean modeling and residual characterization into a con-
crete link-budget reduction.

5 � Conclusion
This work develops an environment-aware indoor LoRaWAN path loss workflow 
that   remains interpretable (distance and wall losses remain explicit) while accounting 
for indoor non-stationarity using measured environmental covariates and a receiver-
side link indicator (SNR). Using a 12-month office deployment at 868MHz , we evalu-
ate linear MLR (with regularized variants), Bayesian linear regression, and a selective 
second-order polynomial extension applied only to continuous predictors, under a 
chronological 80 : 20 hold-out and 5-fold time-ordered cross-validation with within-fold 
preprocessing. The selective polynomial model improves generalization relative to linear 
baselines (cross-validated RMSE drops from about 8.24 dB to about 7.38 dB and cross-
validated R2 rises from about 0.81 to about 0.84, with consistent held-out performance). 
OOF residual diagnostics show clear departures from Gaussianity, and a compact three-
component Gaussian mixture captures the sharp core plus a light broad tail. Turning 
this residual behavior into a deployment control, we prescribe fade margins from the 
upper-tail quantiles of OOF residuals and validate on the held-out test set. At 99% deliv-
ery reliability, the polynomial model requires about 25.7 dB versus roughly 27.8–28.1 dB 
for linear baselines, giving an approximately 2.3 dB margin saving at fixed reliability.

6 � Limitations and future directions
This study is site-calibrated: measurements were collected on a single floor within one 
building, using six fixed end device to the gateway links, so fitted wall-loss parameters 
and regression coefficients should be interpreted as deployment-specific rather than uni-
versally transferable. Environmental covariates are co-located with the end devices and 
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serve as practical proxies for indoor state and thus their generalization across building 
classes, sensor placements, and HVAC/occupancy regimes remains to be established. 
Finally, path loss is reconstructed from gateway-reported received-power metadata for 
successfully received packets. Therefore, packets that are not received do not provide 
received-power metadata and are therefore not directly represented in the path loss 
residual analysis or in the tail-based margin calibration.

Next, we will prioritize external validity and measurable state context rather than 
adding more model families. We will replicate the campaign across multiple buildings 
and floor-plan types, then use hierarchical (multi-level) analyses to separate within-site 
effects from between-site variability in wall losses and environmental coefficients, ena-
bling portable priors. We will also link residual regimes to observable building state (e.g., 
HVAC telemetry and coarse occupancy proxies) instead of treating mixture components 
as purely phenomenological. On the deployment side, we will extend the same pipeline 
to planning-mode operation, where receiver-side link indicators may be unavailable, by 
refitting without such terms and recalibrating fade margins. We will then integrate the 
calibrated margins into LoRaWAN ADR and transmit-power control to quantify reli-
ability–energy trade-offs, and evaluate lightweight geometry-aware features from floor 
plans (e.g., corridor-path descriptors) that reduce tail risk without sacrificing interpret-
ability. Finally, we will standardize reporting via shared splits, consistent residual-law 
selection rules, and bootstrap uncertainty for tail quantiles to support fair, reproducible 
comparisons across indoor LoRaWAN studies.
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