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Abstract—The paper proposes a retraining-free blockage pre-
diction scheme that exploits angular power profiles (APPs) en-
abling us to proactively control system parameters of millimeter-
wave (mmWave) communications systems. Specifically, we pro-
pose a feature extraction method using some minor components
obtained by the principal component analysis (PCA) of the sample
covariance matrix of APPs. Moreover, to cope with environmental
changes without model retraining, we employ a vector database
indexed by the feature vectors of the minor components as
the machine learning model, and perform prediction of the
obstacle positions and received signal-to-noise ratio (SNR) via a
nearest-neighbor search of the database. Numerical experiments
using measured APPs from an indoor mmWave communication
environment demonstrate that the proposed method achieves
prediction accuracy comparable to that of a supervised model
using LightGBM, while the proposed approach does not require
any retraining. Moreover, we confirm that prediction accuracy is
preserved even when the database contains data from multiple
environments with different obstacle velocities.

I. INTRODUCTION

To realize high-speed, low-latency wireless links, the use
of the 30-300 GHz millimeter-wave (mmWave) band is be-
ing investigated. Although the mmWave band can provide
an extremely wide bandwidth, mmWave communications are
vulnerable to blockages due to high straightness and a large
path loss in propagation, compared to conventional microwave-
band communications [1]–[3]．

To cope with the blockages in mmWave communications,
two countermeasure approaches have been investigated: the re-
active approach, which detects an obstruction and then triggers
control actions for the base station or user equipment, and the
proactive approach, which anticipates a blockage and performs
control in advance. Compared to the proactive approach, the
reactive approach has the advantage of easier control and
includes high-speed session transfer [4] and access point (AP)
handover mechanisms [5]. However, with the approach, a
drop in received signal power for some period resulting in
packet loss and/or reduced throughput is unavoidable because
a certain interval elapses between the onset of a blockage
and the completion of the corresponding control procedure.
To address this issue, several proactive methods have been

proposed that augment mmWave systems with image sensors
and take advantage of visual information to predict future
blockages in advance [6]–[8]. However, the installation of im-
age sensors not only increases system cost, but may also raise
privacy concerns in the operating environment. Consequently,
increasing attention has been paid to schemes that predict
blockages by exploiting information contained in the received
wireless signal itself, such as a method based on the received
signal strength indicator (RSSI) [9] and a prediction scheme
using the receiver side angle power profile (APP) obtained
by beam search [10]. The APP-based schemes can achieve
better accuracy than the RSSI based methods, since they utilize
per-beam power measurements, which are supposed to have
more information on the environment. Based on the idea,
methods have been proposed that use APPs obtained both at
the transmitter and the receiver [11], and that combine APPs
with acoustic signals generated by obstacles [12].

Prior studies that exploited APPs [10]–[12] have predicted
future blockages by directly using the measured raw profile
as input. If we consider a situation just before a blockage, the
APP would contain both the LOS component and the obstacle-
reflected components. The components of the reflected waves
will be beneficial for the blockage prediction, but the LOS
power overwhelms the reflections, and thus, if we directly use
APPs, the information carried by the reflected wave could be
masked, which can hinder effective learning.

Moreover, existing methods relying on RSSI [9] or
APPs [10]–[12] typically employ supervised machine learn-
ing models to predict the blockage. Because the prediction
models are environment dependent and the wireless channel
environment changes with the terminal position or some other
reasons, the model parameters must be retrained whenever the
environment changes. In practice, however, the computational
cost and latency of retraining can be prohibitive, making the
need for retraining a major obstacle to the practical implemen-
tation in wireless communication systems.

In this paper, to suppress the LOS contribution and highlight
the reflection component, we propose to construct a feature
vector using some minor components obtained by the principal
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component analysis (PCA) [13] of the sample correlation
matrix of APPs. Since principal components would correspond
to the LOS path and minor components to the reflected
paths, the prediction performance could be enhanced using
the proposed feature vector. Moreover, to eliminate the need
for retraining and enable rapid adaptation to environmental
changes, we employ the vector database as a machine learning
model as in [14] and store the feature vector (key) with the
corresponding value to be predicted, such as the future obstacle
position or the future received signal-to-noise ratio (SNR) in
the database. The blockage prediction can then be performed
by the nearest neighbor search of the database. During oper-
ation, the feature vector representing the current environment
and corresponding value are added to the database, enabling
adaptation to time-variant environments without retraining.
Numerical experiments using measured APPs from an indoor
mmWave communication environment demonstrate that the
proposed method achieves prediction accuracy comparable to
that of a supervised model using LightGBM [15], while the
proposed approach does not require any retraining. Moreover,
we confirm that prediction accuracy is preserved even when
the database contains data from multiple environments with
different obstacle velocities.

II. MEASUREMENT ENVIRONMENT

As illustrated in Fig. 1, measurements have been conducted
in an indoor environment with a room of approximately 7 m×
6 m, where two mmWave radio stations (AP and STA) are
installed facing each other.

During the measurements, an obstacle was moving inside a
designated target area between the stations, where the target
areas were defined as a 2.5 m × 2.5 m square region for the
case with trajectory 1 and a 1.5 m× 1.5 m square region for
trajectory 2. A human subject with aluminum foil wrapped
around the waist served as the obstacle and moved within
the target area at two different moving speeds: 0.25 m/s
and 0.5 m/s. During the obstacle movement, the STA has
continuously transmitted mmWave signals to the AP using
a fixed directional beam with a half-power beamwidth of 16
degrees. On the other hand, the AP has repeatedly performed
beam scans with 33 beams at every 21 ms resulting, for each
scan, in a received SNR vector of size 33 × 1, where each
elemThe received SNR vector at time t is defined as

st =
(
st,1 st,2 · · · st,33

)⊤ ∈ R33, (1)

where (·)⊤ denotes the transpose. Note that, to suppress fluc-
tuations in the observed SNR due to measurement noise, we
have applied HMM-GMM model-based smoothing proposed
in [12] to the received SNR vector.

Examples of obstacle movement trajectories for the moving
speed of 0.25 m/s are shown in Fig. 2, where approximately
26,000 samples were collected on trajectory 1 and 8,000
samples on trajectory 2 using a position tracker. For the moving
speed of 0.5 m/s, about 26,000 samples were collected on tra-
jectory 1 and 4,000 on trajectory 2. In addition, approximately
18,000 “null” samples were obtained without any obstacle
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Fig. 1: Measurement Environment
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Fig. 2: Examples of obstacle movement trajectories at 0.25m/s
obtained by using a position tracker

present. In subsequent analysis, the data measured on trajectory
1 are used as training data, the data on trajectory 2 as test data,
and the null samples to build the correlation matrix. Also,
we distinguish corresponding received SNR vectors with the
superscripts as sTrt ，sTs

t ，and sNu
t , respectively.

III. PROPOSED FEATURE-VECTOR GENERATION BASED
ON MINOR COMPONENTS

A. Motivation

A typical received SNR vector observed in the absence of
blockage due to the obstacle is illustrated in Fig. 3. Since the
directional beam with index 17 is precisely oriented toward
the transmitter (STA), it can capture the direct LOS wave
efficiently and thus the SNR vector exhibits a peak at index
17. In contrast, it has been shown in [12] that the reflected
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Fig. 3: Example of typical SNR vector in the absence of
obstacle

waves at the obstacle arrive from directions slightly offset to
either side of the LOS direction, when a moving obstacle is
about to block the LOS path. Consequently, more accurate
blockage prediction could be possible by focusing on signals
arriving from either side of the LOS direction, rather than the
LOS direction, and extracting them appropriately. To this end,
we assume that the principal components of the SNR vector
with greater contributions originate from the LOS component,
and we investigate the extraction of a feature vector for future
blockage prediction by using the principal components with
smaller contributions, namely the minor components.

B. Principal Component Analysis of Received SNR Vector

To perform PCA of the received SNR vectors, we firstly
compute the sample correlation matrix of the SNR vectors as

Σ =
1

N − 1

N∑

t=1

(sNu
t − µ)(sNu

t − µ)⊤, (2)

where N denotes the total number of SNR vectors used for
the computation of the sample correlation matrix, and

µ =
1

N

N∑

t=1

sNu
t (3)

is the sample mean of the SNR vectors.
Then, we perform eigenvalue decomposition of the sample

correlation matrix as

Σ = U⊤ΛU , (4)

Λ = diag
(
λ1 λ2 · · · λ33

)
, (5)

U =
(
u1 u2 · · · u33

)
, (6)

where diag(a) denotes a diagonal matrix with the components
of a vector a as diagonal elements, λi (i = 1, 2, . . . , 33)
represents the eigenvalues of Σ with descending order, and
ui is the eigenvector corresponding to λi.

Note that we have used the data observed in the absence
of obstacles (null data) for the computation of the sample
correlation matrix. Since the signal contained in the null
data is primarily attributed to the direct path, using null data
ensures that the principal components with higher contribution
contain only the direct wave. Fig. 4 shows the profiles of the

0 10 20 30
Index

0.0

0.1

0.2

0.3

(a) 1st principal component

0 10 20 30
Index

0.2

0.0

0.2

0.4

(b) 2nd principal component

Fig. 4: Eigenvector profiles

eigenvectors corresponding to the first and second eigenvalues.
As shown in the figure, the shapes of the dominant principal
components exhibit peaks at beam index 17. Moreover, the
shapes of the principal components closely resemble that of
the SNR vector shown in Fig. 3, supporting the hypothesis
that “principal components with higher contribution rates are
attributed to the direct wave.”

C. Proposed Feature Vector Generation Method

Based on the discussions in Sections III-A and III-B, in the
proposed method, we construct feature vectors by eliminating
the contributions of the eigenvectors corresponding to the n
largest eigenvalues of the sample correlation matrix from the
received SNR vectors in the training data.

Specifically, we define a matrix composed by 33 − n
eigenvectors corresponding to 33− n minor components as

U =
(
un+1 un+2 · · · u33

)
, (7)

and generate feature vectors by the projection given by

sTrt = U
(
U

⊤
U
)−1

U
⊤
sTrt . (8)

IV. PROPOSED PREDICTION METHOD USING VECTOR
DATABASE

A. Database Construction

The database is constructed using the training data following
a unified key-value structure. The key vector St at time t is
defined as a stacked vector of feature vectors generated from
received SNR vectors observed from time t−w+1 to t with
w time steps (1 time step = 21 ms) as

St =
(
sTr⊤t−w+1 sTr⊤t−w+2 · · · sTr⊤t

)⊤
(9)

The value yt associated with each key vector varies de-
pending on the specific task. Although the main purpose of
the paper is the blockage prediction, we consider not only the
received SNR prediction but also the position estimation and
prediction of the obstacle in order to understand the capability
of the proposed approach. Specific value yt for each task is as
follows:

• Position estimation: yt = zt (zt denotes the z-axis
coordinate of the obstacle at time t)

• Position prediction: yt = zt+a (z-axis coordinate of the
obstacle at time t+ a with a > 0)
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• Received SNR prediction: yt = sTrt+a,17 (the 17th
element of the received SNR vector at time t + a with
a > 0)

For the position-related tasks, we focus only on the z-
axis coordinate because, in the channel environment of the
study, the movement in the z-axis direction primarily affects
blockage, whereas the obstacle moves in two-dimensional
coordinates.

For each task, we create pairs Dt =
(
St, yt

)
that link keys

and values, and store them in the database as

D = {D1,D2, . . . ,DM} , (10)

where M is the total number of training samples available for
the specific task.

B. Query Vector Generation

The query vector is calculated using the test data in the
same manner as the key vector generation. Specifically, the
contributions of the direct path are eliminated by the projection
on to the minor components as

sTs
t = U

(
U

⊤
U
)−1

U
⊤
sTs
t , (11)

and the query vector is generated by stacking sTs
t as

Qt =
(
sTs⊤
t−w+1 sTs⊤

t−w+2 · · · sTs⊤
t

)⊤
. (12)

C. Estimation/Prediction using k-Nearest Neighbor Search

In the proposed method, we have employed standard k-
nearest neighbor search using Euclidean distance

d
(
Qt,St

)
=

∥∥Qt − St

∥∥
2

(13)

to find the k closest key vectors to the query Qt. Using the
search results, the estimation/prediction result is obtained by
averaging the corresponding values as

ŷ(Qt) =
1

k

∑

t′∈Nk(Qt)

yt′ , (14)

where Nk(qt) denotes the index set of the k nearest neighbors.

V. NUMERICAL EXPERIMENTS

To demonstrate the performance of the proposed approach,
we have conducted numerical experiments using measured
data in the environment described in Sec. II. For performance
evaluation, data obtained with an obstacle moving speed of
0.25 m/s have been used both for database construction and
query generation with a window length of w = 50, except in
Sec.V-D. As a baseline scheme, we have employed LightGBM
as the supervised machine learning model for solving the
estimation and prediction problems, where the input signal is
generated with the same method as the proposed approach
using the stacked feature vectors. In the learning process, the
ideal outputs (ground truth) are set according to the same task-
specific definitions, namely yt = zt for position estimation,
yt = zt+a for position prediction, and yt = xt+a,17 for the
received SNR prediction.
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Fig. 5: RMSE performance of obstacle position estimation
versus number of removed principal components n

TABLE I: RMSE of obstacle position estimation (m)

Machine Learning Model RMSE

Database w/o proposed feature vectors (n=0, k=20) 0.53
Database with proposed feature vectors (n=8, k=20) 0.45
LightGBM w/o proposed feature vectors (n=0) 0.41
LightGBM with proposed feature vectors (n=8) 0.37

A. Obstacle Position Estimation

The obstacle position estimation performance has been
evaluated by the root-mean-square error (RMSE) between
the estimated and true coordinates. To assess the impact of
removal of the principal components in the proposed method,
Fig. 5 shows the RMSE performance of the obstacle position
estimation with the proposed method versus the number of
deleted principal components n with different numbers of
nearest neighbor search k∈{1, 5, 10, 20}. From the figure, we
can see that the RMSE performance can be improved with an
appropriate choice of n( ̸= 0), which demonstrates the validity
of the proposed feature generation method, and that the lowest
RMSE is achieved at n = 8 for all k. Moreover, RMSE
performance improves with larger k, presumably because a
broader search mitigates error due to fluctuations of the values
in the database.

To compare the performance of the proposed method with
the existing supervised machine learning model, Table I shows
the RMSEs of the proposed method using the database and
the supervised LightGBM model with (n = 8) and without
(n = 0) the proposed feature vector generation method. The
results show that the proposed feature generation method
using minor components is beneficial for LightGBM as well.
Although some degradation can be recognized, the proposed
method using the database can achieve RMSE comparable to
LightGBM.

B. Obstacle Position Prediction

Fig. 6 shows the RMSE of obstacle position prediction with
the proposed method versus the number of deleted principal
components n with different number of nearest neighbor search
k∈{1, 5, 10, 20}, where the prediction horizon is set to a = 10.
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Fig. 6: RMSE performance of obstacle position prediction
versus number of removed principal components n

TABLE II: RMSE of obstacle position prediction (m)

Machine Learning Model a=10 a=20 a=30

Database w/o proposed feature vectors (n=0,
k=20)

0.53 0.53 0.52

Database with proposed feature vectors (n=8,
k=20)

0.46 0.46 0.47

LightGBM w/o proposed feature vectors (n=0) 0.42 0.42 0.42
LightGBM with proposed feature vectors (n=8) 0.38 0.39 0.40

As in the case with the obstacle position estimation, the best
RMSE is achieved with n = 8, and the larger k improves the
RMSE.

Table II summarizes the RMSEs of the obstacle position
prediction with the proposed database approach and the su-
pervised LightGBM model with the prediction horizons of
a = 10, 20, and 30 with (n = 8) and without (n = 0) the
proposed feature vector generation method. Consistent with the
obstacle position estimation results, the proposed feature vector
generation method can reduce the RMSE for both models, and
the proposed database model achieves the RMSE close to that
of LightGBM.

C. Received SNR Prediction

To obtain the first indication of the effectiveness of the
proposed feature vector generation method for the prediction
of the received SNR with the beam index of 17, Fig. 7 shows
an example of the prediction results, where the blue curve
represents the true received SNR with the beam index of 17,
and the orange and green curves show the prediction results
with n = 0 and n = 8, respectively. In the prediction task, the
prediction horizon is set to a = 10 and k = 10 is used for the
nearest neighbor search. From the figure, we can see that the
proposed feature vector generation method (n = 8) can achieve
an earlier prediction of the SNR drop, while the predicted
received SNRs after the SNR drop are quite different from the
ground truth. Note here that, from the perspective of proactive
system control to avoid communication outage, what matters
is how much in advance the SNR drop can be predicted, since
the larger the lead time, the more margin is available for the
control. Consequently, we evaluate the prediction lead time for
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Fig. 7: Example of received SNR prediction (prediction hori-
zon a = 10)

TABLE III: Average prediction lead time (steps) for received
SNR drops

Machine Learning Model a=5 a=10 a=15

Database w/o proposed feature vectors (n=0,
k=20)

2.85 4.85 6.31

Database with proposed feature vectors (n=8,
k=20)

3.62 6.77 9.08

LightGBM w/o proposed feature vectors (n=0) 4.31 7.85 10.08
LightGBM with proposed feature vector (n=8) 4.54 8.08 10.77

the SNR drop, which is defined as the event that the received
SNR falls below 12 dB, as the performance measure for the
received SNR prediction task.

Table III summarizes the average prediction lead times in
steps of the proposed database method and the supervised
LightGBM model with and without the proposed feature vector
generation method, where the prediction horizons are set to
a = 5, 10, and 15. As in the obstacle position estimation and
prediction tasks, the proposed feature vector generation method
can improve the performance in terms of the average lead
time of both models as well. Moreover, the proposed database
method can achieve an average lead time comparable to that
of LightGBM.

D. Sensitivity to mismatch database

Finally, to evaluate the sensitivity of the proposed approach
to the mismatch between the training data and the test data,
we construct three different databases using data obtained with
two different moving speeds of obstacle 0.25 m/s and 0.5 m/s
as follows:

• D1: contains data of both 0.25 m/s and 0.5 m/s
• D2: contains data of 0.25 m/s only
• D3: contains data of 0.5 m/s only

For the generation of feature vectors from the data with
0.25 m/s, the number of deleted principal components is set
to n = 8, while it is set to n = 10 for the data with 0.5 m/s
based on numerical evaluations. The number of neighbors k
in the nearest neighbor search is chosen individually for each
case to give the best prediction performance in the following
analysis.
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TABLE IV: RMSE of obstacle position prediction (m) with
different databases (a = 10)

Database Query: 0.25 m/s Query: 0.5 m/s

D1 (0.25 m/s + 0.5 m/s) 0.48 0.50
D2 (0.25 m/s) 0.46 0.54
D3 (0.5 m/s) 0.60 0.50

TABLE V: Average prediction lead time (steps) for received
SNR drops with different databases (a = 10)

Database Query: 0.25 m/s Query: 0.5 m/s

D1 (0.25 m/s + 0.5 m/s) 7.23 6.17
D2 (0.25 m/s) 6.77 5.75
D3 (0.5 m/s) 6.46 6.00

Obstacle Position Prediction: The obstacle position predic-
tion is performed for the data with 0.25 m/s and 0.50 m/s by
using databases D1, D2, and D3, where e the prediction hori-
zon is set to a = 10. The RMSE performance is summarized in
Table IV. From the results, we can confirm that, even when two
different environments are stored together in the database (D1),
the prediction can be made without a significant performance
loss.
Received SNR Prediction: Table V shows the average lead
time for the received SNR drop for the data with 0.25 m/s
and 0.50 m/s by using databases D1, D2, and D3, where the
prediction horizon is set to a = 10. From the results, it is
confirmed that the prediction of the received SNR drop can be
performed without a decrease in the lead time even when the
database stores data from two different environments.

VI. CONCLUSIONS

We have investigated a method for generating feature vectors
from angular power profiles to predict blockage caused by a
moving obstacle in mmWave wireless communications sys-
tems. As an approach without the need for retraining machine
learning models even when the environment changes, we
have examined a blockage prediction method using a vector
database. Moreover, we have proposed a feature vector gener-
ation method by extracting minor components of the received
SNR vectors. The performance of the proposed approach
is evaluated with the tasks of the obstacle position estima-
tion/prediction the and received SNR prediction, confirming
the effectiveness of the proposed feature vector generation
method not only for the proposed model with the databases but
also for the supervised LightGBM model. Moreover, we have
confirmed that the proposed feature vector and database-based
method achieves prediction performance comparable to that of
supervised LightGBM model. In addition, the robustness of the
proposed approach against the mismatch database is confirmed
by the numerical experiment using data with different obstacle
speeds. The results show that prediction is possible without
performance degradation even when a database containing data
from two different environments is used.

Future work includes direct control of system parameters
based on the measured APPs to cope with blockage of the
LOS path.

The present study is limited to a single indoor environment
with a fixed layout and a single moving obstacle. Although
it shows robustness to obstacle velocity, further validation
in varied room configurations and with multiple moving or
stationary obstacles is needed to confirm generalization.
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