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Abstract—Inter-floor noise propagates through a building
structure from a noise source to neighbors on other floors.
Identification of type/position of inter-floor noise in a building
is difficult for human hearing. A convolutional neural network-
based inter-floor noise type/position classification method was
proposed in [Appl. Sci. 9, 3735 (2019)] to identify inter-floor noise.
The method was evaluated against inter-floor noise collected in
a single campus building as a feasibility test. In this work, the
generalizability of the method was addressed through numer-
ous tasks using new datasets collected in two real apartment
buildings. These datasets contain inter-floor noise generated in
rooms and at positions with three-dimensional spatial diversity,
which was not studied in the previous work. Furthermore,
type classification knowledge transfer between two individual
apartment building domains was studied.

Index Terms—Inter-floor noise, single sensor acoustics, convo-
lutional neural network, knowledge transfer

I. INTRODUCTION

In a multi-dwelling unit, inter-floor noise from a noise
source propagates through slabs, columns, walls, air, and ar-
rives at the human ears. The arrival of this noise on other floors
can annoy residents [1]. This inter-floor noise is a serious prob-
lem in a city where most of the residential buildings are multi-
dwelling units [2]. For example, the Floor Noise Neighbor-
hood Centre of the Korea Environment Corporation received
137,813 complaints of inter-floor noise during the year 2012–
2018 [3]. Identification of type/position of an inter-floor noise
is difficult for human hearing. Sometimes, misjudgement of
noise type/position causes a conflict between neighbors. From
this point of view, an inter-floor noise type/position classifier
can reduce such misjudgement and prevent the conflict among
neighbors [4].

Indoor occupant localization is a related area of research
on inter-floor noise classification. Localization of footsteps
induced by a person in a building was studied to understand
human behavior and for building energy management [5]–[7].
These techniques localize a footstep on a slab via estimation
of TDOA (time difference of arrivals) using signals measured
with seismic sensors or accelerometers.

In the authors’ previous works [4], [9], a supervised
learning-based inter-floor noise classifier was proposed and
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the feasibility of the method was shown against a real-world
dataset. This approach assumed a measured inter-floor noise
signal as a response to a given impact on a floor. Inter-
floor noise signals were sampled with a single microphone
and converted to log-scaled Mel-spectrograms. And the log-
scaled Mel-spectrograms were classified into inter-floor noise
type/position categories using a CNN (convolutional neural
network)-based model. The contributions of the previous
work are the classification of inter-floor noise on the floors
above/below utilizing the generalized knowledge via transfer
learning. This method has an advantage in mobile application
development, because it uses a single sensor. Whereas the
researches on indoor occupant localization focused on local-
ization of footstep noises on the same floor using signals over
multiple channels of sensors [5]–[7].

Although the previous work demonstrated the feasibility
of the method, it was shown with a dataset collected on a
corridor in a single campus building. Also, inter-floor noise
positions were nearly in two-dimension. Therefore, the gener-
alizability needs to be demonstrated for real-world application
in residential buildings with more complex spatial diversity.
Furthermore, the viability of classification knowledge transfer
between similar individual building domains can reduce the
effort for site surveying and dataset gathering.

The contributions of this paper can be summarized as
follows. (1) Inter-floor noise events were collected in two
different apartment buildings. These new datasets contain
inter-floor noise generated in rooms and at positions with
three-dimensional spatial diversity, which potentially make this
work closer to real-world application scenarios. (2) Numerous
inter-floor noise classification tasks considering real-world
applications were prepared and tested. Also, the limitations of
this approach were discussed. (3) A type classification model
trained on inter-floor noise in one building was tested against
a dataset in the other building to demonstrate the viability of
type classification knowledge transfer.

II. INTER-FLOOR NOISE DATASET

Inter-floor noise signals were newly collected in two apart-
ment buildings [8] to evaluate the performance of the inter-
floor noise classifier against inter-floor noises in real residen-
tial buildings.

Noise types and source positions were selected based on
a report [3], which provides the identified inter-floor noise
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types and positions. The report shows that the main identified
inter-floor noise types are footsteps, hammering, furniture,
home appliances, and doors. And 95.7% of the identified noise
sources are on the floors above/below.

The selected noise types are: a medicine ball falling to the
floor from a height of 1.2 m (MB), a hammer dropped from
1.2 m above the floor (HD), hammering (HH), dragging a
chair (CD), and running a vacuum cleaner (VC). They were
generated on the floors above/below based on the position
of receiver in the apartment buildings and sampled over a
single microphone in a smartphone (Samsung, Galaxy S6) with
sampling frequency fs of 44,100 Hz. These new datasets are
extensions to the authors’ previous work [4], which contains
the same noise types.

Fig. 1 shows floor plans and building elevations of the two
apartment buildings. The apartment buildings are reinforced
concrete frame structure and partitioned with concrete walls.
The floors are covered with vinyl floorings. The circles and the
squares in the figure are noise sources and receiver positions,
respectively.

The inter-floor noise signals were generated and collected
as follows: (1) In apartment building 1 (APT 1), MB, HD,
HH, CD, and VC were generated at 1-A and 1-B on 3 F and
sampled using the single receiver on the floors above/below
as a training/validation dataset; (2) The same noise types were
generated at 1-A′ and 1-B′ on the floor above (4 F) and
sampled with the single receiver on the floor below as a test
dataset. MB and HH were generated at 1C, 1D, and 1E to test
the robustness of a classifier to a positional variation on the
same floor; (3) In apartment building 2 (APT 2), MB, HD,
HH, and CD were generated at 2A, 2B, 2C, and 2D on 4 F
as a training/validation dataset. They were sampled with the
single receiver on the floors above/below; and (4) The same
noise types were generated at 2A′, 2B′, 2C′, and 2D′ as a test
dataset. VC was not generated because of the electricity cut
off in APT 2 during dataset gathering.

During the data collection in APT 1, the only allowed
experimental site was the living rooms. For this reason, the
dataset contains inter-floor noises generated only in the living
rooms. Whereas APT 2 dataset contains inter-floor noises
generated in the bed rooms as well as in the living rooms.
The number of data collected in APT 1 and APT 2 are 1,785
and 2,880, respectively. An event start of each inter-floor noise
sample was visually annotated.

III. INTER-FLOOR NOISE CLASSIFICATION

In this section, an inter-floor noise representation I is
classified into an inter-floor noise type category yt or a
position category yp by classifiers fWt

(·) or fWp
(·), where

Wt and Wp represent weights of the type and position
classifier, respectively. And diversified tasks are designed and
tested against to the datasets. All the designed tasks were
implemented and validated [8] with TensorFlow [10].

(a) Apartment building 1 (APT 1)

(b) Apartment building 2 (APT 2)

Fig. 1. Floor plans with XY positions of the noise sources and receivers and
building elevations.

A. Input representation

Log-scaled Mel-spectrogram P ∈ RH×W was used as I,
where H and W are defined by the size of the CNN input
layer. P was obtained as follows.

For a given inter-floor noise signal s(q) ∈ Rls with
amplitudes between [−1, 1] and ls =132,300 (3 in seconds),
a short time samples with size of lw =1,024 to have spectral
line resolution of 43 Hz is windowed (Hanning window) and
zero padded by ZPN (·):

xw = ZPN (s (q)) ∈ RN , hw ≤ q ≤ hw + lw − 1,

w = 0, 1, · · · ,W − 1, N = 8,192.
(1)

lw allows s(q) to contain low frequency band. The next short
time samples are selected using hop size of h = 591 which
yields H =W = 224.
x = [xᵀ

0 | · · · | x
ᵀ
W−1] ∈ RN×W is converted to a power

spectrogram

Xw(k) = |DFT[xw(n)]|2 =

∣∣∣∣∣
N−1∑
n=0

xw(n)e
−j2πnk/N

∣∣∣∣∣
2

,

w = 0, 1, · · · ,W − 1, k = 0, 1, · · · , N − 1.

(2)

A Mel-spectrogram M is obtained as M = FX, where the
Mel-filterbank F changes the frequency scale of X to the Mel-
scale. Since almost of the signals in the datasets have power
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below 2 kHz, the maximum frequency of F is set as 2 kHz.
And the scale of each entry of M is changed

P = 10 log(M/max Mi,j). (3)

B. Inter-floor noise classifier

In this work, VGG16 [11] with an adaptation layer was
employed as fW(·). W was initialized with weights from
VGG16 trained for recognition of images in ImageNet [12].
This approach, called the transfer learning [13], [14], demon-
strated the effectiveness in inter-floor noise classification with
data sparsity [9]. Other CNN architectures designed for image
recognition can be used for inter-floor noise type/position
classification [4]. Among the CNNs employed in the previous
study, VGG16 was selected and used in this work, which
showed the best performance.
fW(·) was optimized via minimizing a loss

L (W, λ) = −
C∑
i=1

yi log ŷi + λ ‖w‖22 ,

where ŷi = softmax (fW(P))

(4)

and yi represents a one-hot-encoded category C of a given P.
The loss is a sum of a cross entropy loss and a regularization
of weights of the adaptation layer. L was minimized through
mini-batch gradient descent with batch size of 64 for 50
epochs. The learning rate η and the regularization strength
λ were found using the random search [15].

IV. TASKS

Tasks were prepared as shown in Fig. 2 to evaluate fW(·)
against the new inter-floor noise datasets collected in APT 1
and APT 2: (1) Type classification of inter-floor noises at
learned and unlearned positions; (2) Position classification
of inter-floor noises at learned and unlearned positions; and
(3) Inter-floor noise type classification knowledge transfer
between APT 1 and APT 2 domains. Mean cross-validation
accuracy or mean test accuracy (%) were measured for eval-
uation of each task.

A. Inter-floor noise type classification tasks

The following five-fold cross-validation tasks were prepared
to address type classification of inter-floor noise generated
on the floors above/below in the two individual apartment
buildings, where the name of each task represents [apartment
building]-[type classification]-[cross-validation].
APT1-T-CV [(a) in Fig. 2]. The inter-floor noise signals at
1A and 1B in APT 1 with noise type labels yt ∈ Yt,APT 1

are converted to P. A standard five-fold cross-validation is
performed against P with yt ∈ Yt,APT 1.
APT2-T-CV [(b) in Fig. 2]. The inter-floor noise signals at 2A,
2B, 2C, and 2D in APT 2 with noise type labels are converted
to P. A standard five-fold cross-validation is performed against
P with yt ∈ Yt,APT 2.

The following two tasks test the fW∗
t
(·) against signals from

unlearned positions, where the name of each task represents
[apartment building]-[type classification]-[test].

APT1-T-T [(c) in Fig. 2]. The type classifier with the optimal
hyperparameters fW∗

t,j
(·), (j = 1, · · · , 5) obtained in APT1-

T-CV is tested against the inter-floor noise signals from 1A′,
1B′, 1C, 1D, and 1E in APT 1.
APT2-T-T [(d) in Fig. 2]. fW∗

t,j
(·) obtained in APT2-T-CV is

tested against the inter-floor noise signals from 2A′, 2B′, 2C′,
and 2D′ in APT 2.

B. Inter-floor noise position classification tasks

The following five-fold cross-validation tasks address the
noise source position classification within individual apartment
buildings, where the name of each task represents [apartment
building]-[position classification]-[cross-validation].
APT1-P-CV [(e) in Fig. 2]. The inter-floor noise signals in
form of P from 1A and 1B in APT 1 are labeled as their
positions yp relative to the receiver positions

{1A-a, 1A-b, 1B-a, 1B-b} ∈ Yp,APT 1, (5)

where a and b represent the floors above and below, respec-
tively. The standard five-fold cross-validation is performed
against {P, yp}, yp ∈ Yp,APT 1.
APT2-P-CV [(f) in Fig. 2]. This task performs five-fold cross-
validation against inter-floor noise signals in form of P in
APT 2 with position labels yp

{2A-a, 2A-b, 2B-a, 2B-b, 2C-a, 2C-b,
2D-a, 2D-b} ∈ Yp,APT 2.

(6)

The following two tasks test the fW∗
p
(·) against the inter-

floor noise signals in form of P from the unlearned positions
within individual apartment buildings. The name of each task
represents [apartment building]-[position classification tasks]-
[test].
APT1-P-T [(g) in Fig. 2]. fW∗

p,APT 1
(·) obtained in APT1-P-

CV is tested whether it maps P with 1A′-a to 1A-a and that
with 1B′-a to 1B-a. The subscript p,APT 1 denotes W∗ with
the optimal hyperparameters is trained/validated against {P,
yp}, yp ∈ Yp,APT 1. If the classifier works well on this task,
data gathering for all floors is not required. Also, fW∗

p,APT 1
(·)

is tested against P with 1C-a, 1D-a and 1E-a. These categories
are totally new to the classifier. So this can address viability
of the approach for finding a floor where an inter-floor is
generated. It is considered to be the main concern in this study
and close to real situation.
APT2-P-T [(h) in Fig. 2]. fW∗

p,APT2
(·) obtained in APT2-P-

CV is tested against P with 2A′-a, 2B′-a, 2C′-a, and 2D′-a.

C. Inter-floor noise type classification knowledge transfer

Two tasks were prepared to demonstrate type classification
knowledge transfer between two apartment buildings.
APT2|APT1 [(i) in Fig. 2]. fW∗

t,APT1
(·) is tested against all

P in APT 2 and results were observed.
APT1|APT2 [(j) in Fig. 2]. fW∗

t,APT2
(·) is tested against all

P in APT 1.
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Fig. 2. Inter-floor noise classification tasks. (a)–(j) denote the tasks as explained in Sections IV-A–IV-C.

V. RESULTS AND DISCUSSIONS

A. Inter-floor noise type classification results

Table I shows results of the type classification tasks as
described in Section IV-A. These results were arranged by
noise types.

For the cross-validation tasks, the method showed average
accuracies of 97.5% and 94.3%, respectively. Almost of the
misclassification in APT2-T-CV were the confusions of HD
with HH. These confusions could be explained, because the
both noise types were generated by a hammer.

For the test tasks, the method showed average accuracies of
84.9% and 91.7%, respectively. The signals from the unlearned
positions yielded the lower average accuracies than those of
the cross-validation tasks. Nonetheless, these results showed
the feasibility of the type classification approach against
inter-floor noise signals transmitted through unlearned floor
sections. Potentially, we can reduce the human effort for data
gathering when this approach is employed.

B. Inter-floor noise position classification results

Table II and IV show confusion matrices drawn with results
of APT1-P-CV and APT2-P-CV, respectively. Their average
accuracies were 96.1% and 93.8%, respectively. The most

TABLE I
TYPE CLASSIFICATION ACCURACIES (%)

MB HD HH CD VC Average
APT1-T-CV 97.4 96.0 99.0 98.5 96.0 97.5
APT2-T-CV 99.0 87.1 91.3 100.0 - 94.3
APT1-T-T 94.0 65.7 99.2 97.6 78.2 84.9
APT2-T-T 98.3 96.7 73.2 98.8 - 91.7

TABLE II
CONFUSION MATRIX FOR APT1-P-CV RESULT (%)

Predicted Label
1A-a 1B-a 1A-b 1B-b

Tr
ue

L
ab

el 1A-a 98.4 0.4 0.4 0.8
1B-a 0.8 98.0 0.4 0.8
1A-b 0.0 0.0 95.5 4.5
1B-b 0.0 0.0 8.9 91.1

TABLE III
CONFUSION MATRIX FOR APT1-P-T RESULT (%)

Predicted Label
1A-a 1B-a 1A-b 1B-b

Tr
ue

L
ab

el 1A′-a 57.4 40.6 0.7 1.3
1B′-a 42.8 54.4 0.6 2.2
1C-a 57.7 42.3 0.0 0.0
1D-a 36.4 62.4 0.2 1.0
1E-a 48.2 48.8 0.8 2.2

confused categories in the both tasks were positions on the
same floor e.g., 1A-b and 1B-b.

Table III and V show confusion matrices drawn with results
of APT1-P-T and APT2-P-T, respectively. As shown in the
tables, the method showed its limitation of noise position
classifications from unlearned positions. For example, 40.6%
of 1A′-a was mapped to 1B-a as shown in Table III.

Nonetheless, the method showed a strong prediction perfor-
mance of a signal from an unlearned position. Also, it can pre-
dict floor of a noise signal from an unlearned position around
the known positions, e.g., signals with 1C-a, 1D-a, and 1E-a
were generated at unlearned positions but at around 1A′-a and
1B′-a whose two-dimensional positions are same as 1A-a and
1B-a. The measured floor classification accuracies of APT1-
P-T and APT2-P-T were 98.0% and 96.4%, respectively. In a
real-world situation, inter-floor noise does not always occur
at a learned position. The result of APT1-P-T showed the
proposed method can deal with such positional variability.

C. Inter-floor noise type classification knowledge transferring
results

The results of APT2|APT1 and APT1|APT2 were drawn
into confusion matrices as in Table VI and VII. Confusions
between HD and HH categories were observed. And the results
showed that fWt,APT 2

(·) generalizes noise type knowledge
better than fWt,APT 1

(·). A reason for this could be found in
the datasets. The number of data in APT 2 is 1.6 times larger
than that of APT 1. Inter-floor noise signals in APT 1 were
generated only in the living rooms, whereas APT 2 contains
samples generated in the bed rooms as well as in the living
room covering wider range. Potentially fWt,APT 2

(·) could
learn various cases with a larger number of data.
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TABLE IV
CONFUSION MATRIX FOR APT2-P-CV RESULT (%)

Predicted Label
2A-a 2B-a 2C-a 2D-a 2A-b 2B-b 2C-b 2D-b

Tr
ue

L
ab

el

2A-a 96.7 0.0 2.1 0.8 0.0 0.0 0.4 0.0
2B-a 0.4 92.1 5.0 1.3 0.0 0.0 0.4 0.8
2C-a 0.4 2.9 90.4 2.9 0.8 0.8 1.3 0.4
2D-a 0.4 0.4 2.1 94.6 0.0 0.0 0.8 1.7
2A-b 0.0 0.0 0.0 0.8 97.1 1.3 0.4 0.4
2B-b 0.0 0.8 0.0 0.0 1.3 91.7 5.8 0.4
2C-b 0.0 1.3 2.1 0.0 0.4 2.1 92.9 1.3
2D-b 0.0 0.0 0.4 2.1 0.0 0.4 2.1 95.0

TABLE V
CONFUSION MATRIX FOR APT2-P-T RESULT (%)

Predicted Label
2A-a 2B-a 2C-a 2D-a 2A-b 2B-b 2C-b 2D-b

Tr
ue

L
ab

el 2A′-a 27.8 18.8 6.9 40.3 0.0 0.0 0.1 6.1
2B′-a 5.8 55.1 11.8 26.8 0.0 0.1 0.2 0.3
2C′-a 10.8 31.0 8.8 47.3 0.0 0.3 0.6 1.2
2D′-a 9.4 12.8 6.1 66.1 0.7 1.0 0.1 3.9

TABLE VI
CONFUSION MATRIX FOR APT2|APT1 RESULT (%)

Predicted Label
MB HD HH CD VC

Tr
ue

L
ab

el MB 78.6 1.8 15.3 4.2 0.2
HD 10.2 68.3 20.8 0.8 0.0
HH 9.8 55.6 34.4 0.2 0.0
CD 25.6 0.5 0.0 72.3 1.6

TABLE VII
CONFUSION MATRIX FOR APT1|APT2 RESULT (%)

Predicted Label
MB HD HH CD

Tr
ue

L
ab

el MB 79.4 0.5 18.0 2.2
HD 0.1 79.3 19.6 1.0
HH 0.0 1.2 98.6 0.2
CD 0.0 0.3 3.9 95.7
VC 0.0 0.3 0.6 99.1

VI. SUMMARY

The generalizability of CNN-based supervised learning
for inter-floor noise type/position classification in residential
buildings was shown. It was shown against two datasets
collected in two apartment buildings. The CNN-based model
used in this work was VGG16 with an adaptation layer. It was
initialized with pre-trained weights for an image recognition
task. And it was fine-tuned reducing cross entropy loss and
L2-regularization loss of weights between VGG16 and the
adaptation layer. Various tasks were designed and tested to
show the generalizability of the method and the viability of
type classification knowledge transfer.
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