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Abstract—This paper presents a laboratory feasibility study
of a reliability-assessment layer intended for direction-aware
mobile MIMO beamforming in future multipath-rich under-
ground deployments. A centrally controlled software-defined
radio system performs repeated phase-commanded sweeps and
records angular power profiles from three receive channels. Eight
interpretable descriptors quantify angular selectivity, receiver
agreement, temporal stability, peak separation, main-lobe width,
and profile asymmetry. A Random Forest classifier maps these
descriptors to an operational profile label. In this paper, reliability
denotes profile-level consistency rather than verified beam di-
rection or communication-link quality. The classification dataset
contains 16 comparable physical three-receiver cases, including 7
reliable and 9 ambiguous profiles; eight additional single-receiver
analyzer measurements follow a different acquisition protocol
and are not used for classification. No synthetic cases are used
in the reported results. Leave-one-session-out evaluation yields
68.8% accuracy, 65.9% balanced accuracy, a macro F1-score of
65.4%, and an ROC-AUC of 63.5% for Random Forest. These
exploratory results support the feasibility of the processing chain
but do not establish generalization to actual tunnels, mines, or
unseen hardware configurations.

Index Terms—mobile MIMO, beamforming, software-defined
radio, reliability assessment, machine learning, multipath propa-
gation, laboratory feasibility study, underground communications

I. INTRODUCTION

Underground radio environments are challenging for com-
munication, localization, and sensing because tunnels, tech-
nical galleries, and mines can exhibit strong reflections,
diffraction, shadowing, and waveguide-like propagation [1].
These effects may produce angular power profiles with several
local maxima, broad responses, or receiver-dependent domi-
nant directions. Tunnel geometry and repeated reflections can
therefore make a maximum-power steering rule difficult to
interpret: the strongest measured state need not be the most
stable or mutually consistent state across receivers.

Mobile MIMO and distributed software-defined radio (SDR)
systems provide a flexible platform for adapting spatial trans-
mission and reception characteristics [6]. Beamforming con-
centrates transmitted or received energy by applying con-
trolled phase relations across array branches. In the present
system, direction awareness is represented by a finite grid
of commanded steering states. The controller therefore needs
not only a maximum-power state, but also an indication of
whether the measured angular response is sufficiently distinct

and repeatable to be used without an immediate verification
sweep.

Reliable underground connectivity supports personnel
safety, operational coordination, monitoring, and positioning in
mines and transportation tunnels. In contrast to open environ-
ments, radio propagation in confined underground structures
is strongly influenced by tunnel cross-section, wall proper-
ties, carrier frequency, antenna polarization, and transmitter–
receiver geometry. Surveys and measurement campaigns report
a combination of multipath and waveguide-like behavior, with
attenuation and field structure depending on the particular
underground environment [2]–[4]. These characteristics make
underground communication a distinct propagation problem
rather than a direct extension of conventional open-space
wireless links.

For MIMO and direction-aware transmission, the spatial
structure of this field is especially relevant. Experimental
investigations in arched tunnels have shown that field statistics
and spatial correlation vary with propagation distance and can
materially affect MIMO channel behavior [5]. Consequently, a
pronounced maximum in an angular sweep does not by itself
establish that a steering state is sufficiently distinct, repeatable,
or mutually consistent across spatially separated observations.
This motivates the profile-level assessment considered here,
which combines angular shape, temporal repeatability, and
cross-receiver consistency instead of relying only on the
largest measured power value.

The target application is reliability-aware beamforming in
multipath-rich underground environments. The measurements
reported here were nevertheless collected entirely under labo-
ratory conditions. This paper is therefore a feasibility study of
the measurement-to-decision processing chain, not validation
in a tunnel or mine.

The main contributions are:

• a centralized SDR measurement and decision architecture
for repeated multi-receiver angular sweeps;

• a precise set of eight interpretable profile descriptors;
• a leakage-resistant evaluation using only comparable

physical three-receiver cases and leave-one-session-out
validation;

• quantitative comparison with a majority baseline, single-
feature threshold rules, Logistic Regression, and a linear
Support Vector Machine (SVM);
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• an exploratory robustness analysis covering model ran-
domness, feature ablation, descriptor correlation, and sta-
tistical comparison with the strongest rule-based baseline.

The remainder of this paper is organized as follows. Sec-
tion II reviews related work on underground propagation and
machine-learning-assisted beamforming. Section III describes
the SDR system model and phase-commanded measurement
procedure. Section IV presents the laboratory dataset and
operational labelling procedure, while Section V defines the
angular-profile descriptors. Section VI describes the evaluation
protocol, and Section VII presents the classification, uncer-
tainty, and feature-sensitivity results. Section VIII summarizes
the principal limitations, and Section IX concludes the paper.

II. RELATED WORK

Underground propagation has been investigated through
analytical channel modelling for mines and road tunnels [1],
broad surveys of underground-mine wireless communication
[2], extensive RF measurements in mines and tunnels [3],
experimental MIMO propagation studies in arched tunnels [5],
[6], and distributed-antenna measurements in metro tunnels
[7]. A recent review also summarizes tunnel communication
technologies and their deployment constraints [4]. These stud-
ies motivate the intended underground application, but the
present paper does not attempt to reproduce their propagation
environments; its measurements remain laboratory based.

Machine-learning approaches have also been applied to
beam selection and coordinated beamforming [8], [10]–[12].
Related work has additionally considered the security of
AI-driven beam-selection mechanisms [9]. In contrast, the
present prototype does not predict an optimal beam index or
a communication-level metric. It screens measured angular
profiles for operational consistency before any downstream
controller action.

III. SYSTEM MODEL

A. Phase-Commanded Transmit Sweep
The transmitting subsystem comprises four SDR-based

branches, denoted TX0–TX3. For steering state k, transmitter
m generates

xm,k[n] = a exp

(
j

(
2πfbb

n

fs
+ ϕm,k

))
, (1)

where a is the normalized amplitude, fbb is the baseband
tone frequency, and fs is the sampling frequency. The phase
command is

ϕm,k = m∆ϕk, (2)

with
∆ϕk = −2πd

λ
sin(θk). (3)

The laboratory prototype used d = λ/2 and 25 nominal
steering states

Θ = {−60◦,−55◦, . . . , 55◦, 60◦}. (4)

The nominal steering angle is a software command used to
generate phase states; it is not a direct measurement of angle
of arrival or departure.

Fig. 1. Conceptual target deployment and reliability-processing architecture.
The tunnel scene illustrates the intended application and is not the environment
used for the reported measurements.

B. Multi-Receiver Measurement Tensor

For receiver j ∈ {0, 1, 2}, steering state k, and sweep
repetition s, the average linear power is estimated from a block
of complex baseband samples as

pj,k,s =
1

Nj,k,s

Nj,k,s−1∑
n=0

|yj,k,s[n]|2. (5)

A labelled measurement case q contains the complete tensor

P(q) =
[
P

(q)
j,k,s

]
∈ R3×25×Sq , (6)

where P
(q)
j,k,s is the logarithmic representation of the measured

power. The complete angular response, its repetition across
slots, and its consistency across receivers are used in the profile
assessment. In the available three-receiver dataset, Sq ranges
from three to five complete sweeps per case; every complete
sweep contains all 25 steering states for RX0–RX2.

Fig. 1 shows the target deployment concept and the process-
ing chain. The tunnel graphic is illustrative; the evaluation in
this paper used laboratory measurements.

C. Decision-Support Flow

The central controller waits until the transmit and receive
components report readiness, executes the repeated sweep,
assembles P(q), and passes it to the reliability layer. Fig. 2
summarizes this procedure.

The classifier returns a predicted class ŷ(q) ∈
{reliable, ambiguous} and a model score c(q). A deterministic
downstream mapping may convert the output to

D = {ACCEPT,UNCERTAIN,REJECT}. (7)

The score is not treated as a calibrated probability, and the
three-way mapping is shown only as a controller interface. De-
cision thresholds are deployment parameters; they are neither
optimized nor operationally validated in the present dataset.
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Fig. 2. Coordinated measurement cycle and separation between acquisition,
profile inference, and deterministic radio control.

IV. LABORATORY DATASET

A. Case Construction and Labels

The classification dataset consists of 16 physical three-
receiver measurement cases: 7 labelled reliable and 9 labelled
ambiguous. Each case contains three to five repeated sweeps
from −60◦ to 60◦ with a 5◦ step. An additional set of eight
single-receiver analyzer measurements was collected under a

Fig. 3. Example laboratory angular response supplied with the label reliable;
four complete slots are present in this case.

Fig. 4. Example laboratory angular response supplied with the label ambigu-
ous; five complete slots are present in this case.

different acquisition protocol. All eight carry a reliable label,
but they are not part of the classification dataset because the
cross-receiver descriptor is undefined and acquisition mode
would otherwise be confounded with class.

The labels are operational rather than geometrical. Ac-
cording to the supplied labelling procedure, a profile was
labelled reliable when visual inspection showed a distinct,
sharp response that remained stable across repeated slots. Flat,
multi-peak, or chaotic profiles were labelled ambiguous; the
broader system description also treats disagreement between
receiver indications as an ambiguity indicator. The archive pro-
vides one supplied label per case. No independent geometric
reference, blinded relabelling, multiple annotators, or inter-
rater agreement measurement is available. Consequently, the
classifier should be interpreted as reproducing this operational
profile distinction, not as establishing the true propagation path
or communication-link reliability.

Figs. 3 and 4 show examples from the supplied labelled
data. These figures illustrate the operational distinction; they
do not constitute geometrical proof of a direct or reflected
propagation path.
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V. RELIABILITY FEATURES

For each case, receiver powers are converted to the linear
domain and averaged across the three receivers and all avail-
able slots. The resulting aggregate profile is converted back to
decibels and denoted P (θk). The feature vector is

x = [Ppeak, Speak, σP , ARX, Sslot, RPSL,Wang, Basym] . (8)

The features are defined as follows:
• Ppeak: maximum value of P (θk);
• Speak: difference between the maximum and the mean of

P (θk);
• σP : standard deviation of P (θk) across steering states;
• ARX: mean, over slots, of the standard deviation of the

three receiver peak angles;
• Sslot: standard deviation of the aggregate-profile peak

power across slots;
• RPSL: difference between the main peak and the maxi-

mum outside the contiguous −3 dB main-lobe region;
• Wang: angular width of the contiguous −3 dB region

containing the main peak;
• Basym: normalized linear-power imbalance on the left and

right sides of the main peak,

Basym =
|Pleft − Pright|
Pleft + Pright

. (9)

These definitions correct two ambiguities in the prototype
implementation: asymmetry is calculated in the linear-power
domain, and the sidelobe is selected outside the contiguous
main-lobe region rather than as the adjacent angular sample.

VI. EVALUATION PROTOCOL

The primary classifier is a Random Forest with 300 trees
and class weighting [13]. The tree count and remaining clas-
sifier settings are treated as fixed implementation choices; no
hyperparameter search is performed on the 16 cases. Feature-
level Gaussian augmentation is not used because independent
perturbation does not preserve measured correlations and may
generate physically inconsistent feature combinations.

To reduce leakage between measurements collected under
the same conditions, evaluation is performed with leave-one-
session-out cross-validation. Each laboratory session is held
out once, and all cases from that session are predicted by a
model trained on the remaining sessions. Thus, each physical
case receives exactly one out-of-fold prediction.

Random Forest is compared with: (i) a majority-class pre-
dictor, (ii) a one-level decision tree using only ARX, (iii) a
one-level decision tree using only RPSL, (iv) class-weighted
Logistic Regression, and (v) a class-weighted linear SVM.
Thresholds for the one-feature rules are learned only from the
training sessions in each fold. Balanced accuracy is the mean
recall across the two classes, macro F1 is the unweighted mean
of the two class-wise F1-scores, and ROC-AUC summarizes
ranking performance over score thresholds.

Because the dataset is small, three additional exploratory
checks are reported rather than used for model selection:
(i) the 300-tree Random Forest is repeated over 50 random

TABLE I
LEAVE-ONE-SESSION-OUT PERFORMANCE ON 16 PHYSICAL

THREE-RECEIVER CASES.

Method Accuracy Balanced acc. Macro F1 ROC-AUC

Majority class 0.563 0.500 0.360 –
RX-agreement rule 0.375 0.397 0.365 0.492
PSLR rule 0.563 0.563 0.561 0.540
Logistic Regression 0.438 0.452 0.435 0.508
Linear SVM 0.438 0.452 0.435 0.492
Random Forest 0.688 0.659 0.654 0.635

Fig. 5. Out-of-fold Random Forest confusion matrix for leave-one-session-
out validation.

seeds to quantify sensitivity to ensemble randomness; (ii) each
descriptor is removed once in a leave-one-feature-out ablation;
and (iii) the Random Forest and the strongest single-feature
baseline are compared with an exact McNemar test on their
paired out-of-fold predictions. Pairwise Pearson correlations
are also inspected to identify descriptor redundancy.

VII. RESULTS

Table I presents the leave-one-session-out results. Random
Forest obtains the highest numerical balanced accuracy and
macro F1-score among the evaluated methods. However, the
absolute performance remains modest and the sample count is
too small for a strong generalization claim.

The Random Forest confusion matrix in Fig. 5 contains
eight correctly identified ambiguous cases, one ambiguous
case classified as reliable, three correctly identified reliable
cases, and four reliable cases classified as ambiguous. This
corresponds to an ambiguous-class precision of 66.7%, recall
of 88.9%, and F1-score of 76.2%. For the reliable class,
precision is 75.0%, recall is 42.9%, and F1-score is 54.5%.

The small case count produces wide uncertainty. For 11
correct predictions out of 16, the 95% Wilson interval for
accuracy is 44.4–85.8%. The corresponding intervals for
ambiguous-class recall (8/9) and reliable-class recall (3/7)
are 56.5–98.0% and 15.8–75.0%, respectively. The Random
Forest is correct on five cases where the PSLR rule is wrong,
whereas the PSLR rule is correct on three cases where Random
Forest is wrong. An exact McNemar test gives p = 0.727, so
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TABLE II
EXPLORATORY LEAVE-ONE-FEATURE-OUT RANDOM FOREST ABLATION.

Omitted descriptor Balanced acc. Macro F1

None 0.659 0.654
Ppeak 0.659 0.654
Speak 0.730 0.733
σP 0.492 0.492
ARX 0.659 0.654
Sslot 0.659 0.654
RPSL 0.603 0.600
Wang 0.675 0.676
Basym 0.730 0.733

the observed numerical advantage of Random Forest is not
statistically established on this dataset.

At fixed 300 trees, repeating only the Random Forest
seed 50 times gives mean accuracy 0.701 ± 0.042 (standard
deviation across seeds; range 0.563–0.750) and mean balanced
accuracy 0.677 ± 0.044 (range 0.548–0.730). This sensitivity
confirms that individual percentage-point differences should
not be over-interpreted at the current sample size.

The ablation results in Table II are exploratory rather than a
feature-selection procedure. Removing σP causes the largest
decrease in balanced accuracy, while removing Speak or Basym

increases the score in this particular small sample. The descrip-
tors are also not independent: the strongest pairwise Pearson
correlations are r = 0.773 for Speak and σP , r = 0.619 for
Speak and RPSL, and r = −0.583 for Speak and Wang. These
observations reinforce the need for a larger dataset before
assigning stable physical importance to individual descriptors.

The high recall for ambiguous profiles and low recall
for reliable profiles indicates a false-rejection tendency: the
model rejects many profiles carrying a reliable reference label.
The present measurements contain no application-level cost
model, so this trade-off cannot be claimed as beneficial.
The model score is also not probability-calibrated, and the
ACCEPT/UNCERTAIN/REJECT interface remains concep-
tual rather than a validated operating policy.

VIII. LIMITATIONS

The study has several principal limitations. First, the clas-
sification evaluation contains only 16 comparable physical
cases, so the reported metrics and feature effects are sta-
tistically unstable. Second, labels are supplied operational
judgments rather than independent geometrical ground truth,
and no multi-annotator agreement data are available. Third,
all evaluated profiles were collected in a laboratory and do
not validate operation in a tunnel or mine. Fourth, the sup-
plied dataset contains angular received-power sweeps rather
than communication-level outcome records; therefore BER,
SINR, throughput, packet-delivery performance, and closed-
loop beam-switching success are not evaluated. Fifth, the
auxiliary analyzer measurements use a single receiver and are
not interchangeable with the three-receiver classification cases.
Finally, model scores and downstream controller thresholds are
not calibrated against application-level error costs.

Future work should therefore use a larger and con-
sistently collected multi-receiver dataset, independent or
blinded labelling, representative underground measurements,
communication-level ground truth, and a separate final test
environment before operational controller thresholds are cali-
brated.

IX. CONCLUSION

This paper presented a laboratory feasibility study of a
reliability-assessment layer for a centrally coordinated SDR
beamforming system. The contribution is the architecture
linking repeated multi-receiver sweeps, interpretable feature
extraction, classification, and a possible downstream controller
interface. The evaluation uses only comparable physical three-
receiver cases, no synthetic augmentation, and session-level
separation between training and testing.

On 16 cases, Random Forest achieved 68.8% accuracy,
65.9% balanced accuracy, and a macro F1-score of 65.4%,
detecting eight of nine ambiguous cases but only three of
seven reliable cases. Additional analysis shows wide statis-
tical uncertainty, sensitivity to Random Forest randomness,
correlated descriptors, and no statistically established advan-
tage over the strongest single-feature rule on the available
sample. The results therefore support only a preliminary
profile-screening feasibility claim, not validated underground
or communication-link performance. A substantially larger and
independently evaluated measurement campaign is required
before operational deployment claims can be made.
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