ARTICLE https://nhsjs.com/

Machine Learning Altitude Estimation from Smartphone Accelerom-
eter Elevator Data

Jiho Kim'!

Received January 9, 2026
Accepted May 22, 2026
Electronic access June 30, 2026

While Global Positioning System (GPS) devices attain horizontal accuracy within a few meters, they fail vertically indoors
with inaccuracies more than 10 meters. Heating, ventilation, and air conditioning (HVAC) systems and climatic variations
make barometric pressure sensors, which are frequently employed as an alternative, inaccurate. In real-world situations, typical
inaccuracies can reach 3—5 meters (about 1.0-1.5 stories). In order to eliminate the requirement for barometric sensors or external
infrastructure, this work proposes a unique machine learning-based method for floor-level estimation utilizing only smartphone
accelerometer data during elevator traversals. We gathered fifty elevator rides from five distinct elevators in commercial office
buildings. These rides included both uphill and descending journeys, with each traversal lasting one to ten stories. Two different
approaches were compared: (1) a lightweight 1D Convolutional Neural Network that operates directly on raw acceleration time
series, and (2) a feature-based Random Forest regressor that uses seven physics-informed features extracted from acceleration
signatures (duration, peak acceleration, mean energy, and integrated velocity extrema). The feature-based technique, with a
Mean Absolute Error of 0.48 floors (~1.6 m assuming 3.3 m per floor, R? = 0.96) on the test set, outperformed the deep learning
model (MAE = 2.78 floors, ~9.2 m, R = —0.06) in this pilot study, which showed instability because of the limited dataset size.
These preliminary findings suggest that in small-data regimes, physics-informed feature engineering may outperform end-to-end
deep learning, allowing for promising vertical positioning without barometric sensors. By offering preliminary evidence for a
hardware-independent approach tested under controlled single-user conditions in 5 commercial office elevators, this pilot study
contributes toward smartphone-based indoor localization.

Keywords: GPS vertical accuracy, machine learning, elevator vibration recognition, smartphone accelerometer, feature
engineering, floor-level detection, small-data machine learning, indoor positioning

Introduction floors, which are normally only 3—4 meters apart™”.

Background and Context Problem Statement and Rationale

In multistory buildings, indoor vertical localization has grown
in significance for navigation, asset management, and emer-
gency response. Global Positioning System (GPS) technol-
ogy is quite good at horizontal location, with accuracy within
a few meters in open spaces. However, indoor signal attenua-
tion causes vertical errors that are more than ten meters 2,
Modern smartphones incorporate barometric pressure sen-
sors to measure altitude in order to overcome this constraint.
However, localized pressure changes from HVAC systems,
elevator shafts, and building pressurization cause barometer
methods to deteriorate considerably indoors>™=. Even under
ideal conditions, research shows that smartphone barometers
have vertical inaccuracies of 3—5 meters, or around 1.0-1.5
stories®. This is insufficient to differentiate between adjacent
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Without extra gear or infrastructure, current GPS and
barometer-based techniques are unable to accurately identify
particular floor levels. As a result, a technique that determines
floor levels without the use of ambient measures and solely
using common smartphone sensors is desperately needed 1%,

Almost every smartphone has an accelerometer, which
records the natural dynamics of elevator motion: acceleration
at commencement, a comparatively constant speed when mov-
ing, and deceleration while stopping. These motion signatures
show promise for reliable floor-level estimation as they are not
subject to the pressure variations that affect barometric sen-
sorsL,

Significance and Purpose

An infrastructure-free, barometer-independent approach for
accurate floor-level estimate utilizing smartphone accelerom-
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eter data is presented in this study. We provide preliminary ev-
idence that vertical positioning may be accomplished without
pressure sensors or GPS by using machine learning to accel-
eration signatures, with potential applicability across smart-
phone models and building types subject to further validation.
This pilot study contributes to the growing body of work on
smartphone-based indoor positioning, which also explores po-
tential solutions for location-aware services, package delivery
routing, and emergency response -2,

Objectives

The primary objectives are to:

1. Develop and preliminarily evaluate a smartphone-based
floor-level estimation system using accelerometer data
during elevator traversals.

2. Compare the effectiveness of physics-informed feature
engineering versus end-to-end deep learning in small-
data regimes (N = 50).

3. Characterize preliminary accuracy improvements com-
pared to conventional GPS and barometric approaches.

4. Provide exploratory insights for real-world deployment
in diverse building environments.

Scope and Limitations

The accelerometer data from smartphones taken during eleva-
tor rides in business office buildings is the main subject of this
investigation. The dataset includes 50 traversals over floor dis-
tances ranging from 1 to 10 stories in five different elevators.
Limitations include:

* Single-participant data collection by one 17-year-old re-
searcher; user variability in age, mobility, and phone-
handling behavior was not assessed

» Standard elevator scenarios only; stairs, escalators, and
ramps were not examined

* Reliance on known inter-floor heights

* Assumption of fixed phone orientation (approximately
vertical); the phone was held stationary throughout all
rides. Real-world usage involving pocketed, bag-carried,

or freely-held phones was not examined

* Limited to commercial building environments

Theoretical Framework

The study is based on machine learning and signal process-
ing influenced by physics. The kinematic pattern of elevator
motion is clearly defined:

alt) = v(t) = / at)dr — (1) = / v(t) d.

We construct a feature space that encapsulates the essential
connection between motion dynamics and vertical displace-
ment by extracting characteristics that correspond with this
physical process. The nonlinear link between these physics-
informed features and actual floor difference is then learned
by a Random Forest regressor. This allows the model to cap-
ture variability across different elevators and operating condi-

tions®

Methodology Overview

The floor estimating system was developed and assessed in
this work using a four-phase experimental methodology. First,
the phyphox smartphone sensor recording program (version
1.2.0) was used to gather accelerometer data from fifty con-
trolled elevator rides. Second, in order to separate pure el-
evator motion, raw acceleration signals were preprocessed
(noise filtering, spike removal, active segment recognition).
Third, two different models were created. The first was a
1D CNN operating on raw time-series data; the second was
a feature-based Random Forest using seven physics-informed
features. The Google Colab cloud computing infrastructure
with Python-based machine learning packages was used for
both model training and evaluation. Lastly, a held-out test set
was used to evaluate performance by comparison analysis; the
detailed findings are shown in the sections that follow.

Overall Modeling Pipeline

Figure 1 summarizes the end-to-end modeling workflow used
in this study. In order to get noise-filtered segments segmented
by a minimum motion duration of 1.0 s, raw Z-axis accelerom-
eter signals with timestamps were first gathered during eleva-
tor traversals and then run through the preprocessing pipeline
outlined in Section 2.3.

The left branch of the framework represents the feature-
based approach, in which noise-filtered training segments are
transformed into a seven-dimensional feature vector and used
to train a Random Forest regressor. The right branch repre-
sents the end-to-end deep learning approach, where the same
trimmed segments are zero-padded and fed directly into a 1D
CNN architecture.

The regression metrics used to compare the two models on
the test set are highlighted in the bottom evaluation block:
R? to measure the percentage of variance in floor difference
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Fig. 1 Framework for end-to-end modeling for floor-level estimate.
A minimum motion duration threshold (> 1.0s) is used to
preprocess raw Z-axis accelerometer and timestamp data into
noise-filtered training and test segments. Two regression models are
fitted using the training data: a 1D CNN model that operates on
trimmed time series and a Random Forest regressor that is informed
by physics and operates on designed features. Mean Absolute Error
(MAE), Root Mean Squared Error (RMSE), and R-squared
(coefficient of determination) are used to assess both models on the
held-out test data.

explained by each model, RMSE to penalize big errors, and
MAE for average floor-level error.

Methods

Research Design

In order to assess two different methods—feature-based ma-
chine learning and end-to-end deep learning—this study used
a controlled experimental design with a comparison frame-
work. The investigation comprised four phases: (1) data col-
lection from 50 elevator traversals, (2) data preprocessing and
feature extraction, (3) model development, and (4) compara-
tive performance evaluation.

Participants and Data Collection

A single researcher (17 years old) gathered data from 50 con-
trolled elevator rides across five commercial office buildings,
covering both ascending and descending journeys over one
to ten stories. Data were recorded using the phyphox mo-
bile application (version 1.2.0) on an iPhone 14 at approxi-
mately 100 HzZ, Off-peak hours were chosen to minimise
interruptions; any ride interrupted by an intermediate stop

was discarded and repeated. Ground truth floor labels were
read directly from building directories and elevator cabin dis-
plays, and encoded in the filename following the convention
[Elevator] [Start]-[End]—-[Trial] .x1ls. The full
step-by-step data collection procedure is provided in Ap-
pendix A.

Data Preprocessing and Active Segment Extraction

Significant amount of noise and irrelevant periods like idle
time before or after arrival exist in raw acceleration data gath-
ered from smartphones. We developed a multi-stage prepro-
cessing pipeline to extract the Active Segment, the precise
time frame that represents the elevator’s vertical displacement,
in order to guarantee the machine learning model’s stability.

Figure 2 illustrates this process, visualizing the transforma-
tion from raw signals to the final trimmed segment used for
training.

Step 1: Signal Filtering & Active Segment Detection (File: A1-7-1)
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Fig. 2 The data preprocessing pipeline. (Top) The raw signal (gray)
is filtered using a 2 Hz Low-Pass Filter (blue), and start/end points
are detected. (Bottom) The final trimmed segment (green), used as
input for feature extraction, highlights the kinematic phases of the
elevator.

Signal Conditioning Pipeline

The preprocessing was implemented in Python using
scipy and numpy, consisting of the following steps. All
signals were recorded at approximately 100 Hz (as described
in Section 2.2.2), giving a time resolution of 0.01 s per sample:

* Normalization of time: For every traversal, timestamps
were set to begin atr = 0.

* Low-Pass Filtering: The Z-axis linear acceleration was
subjected to a 2nd-order Butterworth filter with a cutoff
frequency of 2.0 Hz. The top panel of Figure 2 (blue line)
displays clear acceleration patterns when high-frequency
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distortions from hand tremors or sensor noise are elimi-
nated.

* Bias elimination: To remove sensor offset, the average
acceleration across the whole traversal was deducted.

* Median filtering: Impulsive spikes brought on by out-
side vibrations were eliminated by using a kernel size of
9.

* Detection of active segments: To detect elevator mo-
tion, we used a threshold-based approach where |a(r)| >
0.06m/s>. To capture the entire motion profile, the
longest continuous segment that met a minimum duration
of 1.0 seconds was extracted with £1.5-second padding.
The threshold of 0.06 m/s> was selected after visually
inspecting several candidate values across the 50 raw
recordings: values below 0.04 m/s” incorrectly triggered
on baseline sensor noise during stationary periods, while
values above 0.08 m/s> missed the onset of slow single-
floor traversals. The value of 0.06 m/s? consistently cap-
tured elevator motion while ignoring small hand tremors
and idle vibrations.

A cutoff of 2.0 Hz was selected because elevator accelera-
tion profiles are dominated by low-frequency components: the
typical acceleration and deceleration phases of a commercial
elevator occur over 1-3 seconds, corresponding to a funda-
mental frequency well below 1 Hz. Frequencies above 2.0 Hz
in the raw signal primarily represent hand tremors, footstep
vibrations, and sensor noise, which are irrelevant to the ver-
tical displacement estimation task. This cutoff is consistent
with values used in prior inertial sensor-based vertical motion
studies 10,

The elevator motion window was successfully isolated by
this preprocessing, which reduced the raw data from 3,000—
8,000 samples to a cleaned segment of 500-2,500 samples per
traversal.

Kinematic Justification for Trimming

We only use the shortened segment for training, as seen in
the bottom panel of Figure 2 (green region). This choice is
based on kinematics since the summation of acceleration over
this particular time period physically determines the vertical
distance (floor level).

The displacement d and velocity v(¢) are obtained using the
equations of kinematics as follows:

W(t) = / a(t)dr, d— / v(t) dt

Because of this relationship, amax (Maximum Acceleration)
and api, (Minimum Acceleration) are important characteris-
tics, but they are insufficient without the temporal context (Ar).

¢ Short Travel (e.g., 1 floor): The elevator may not reach
its maximum rated velocity, resulting in a shorter dura-
tion (Ar) and sharper acceleration peaks.

* Long Travel (e.g., 10 floors): The elevator accelerates
to its top speed, maintains a constant velocity (zero ac-
celeration), and then decelerates. This results in a longer
At and a distinct plateau between amax and dmin.

Physics-Informed Feature Extraction

From each trimmed acceleration signal, seven features were
extracted to encode these kinematic properties:

1. Duration (Ar): Total elapsed time from motion start to
stop, calculated as At = fend — fstart-

2. Max Acceleration (an.x): Peak upward acceleration
during the startup phase.

3. Min Acceleration (a,;,): Peak downward acceleration
during the stopping phase.

4. Mean Absolute Acceleration (E): Overall motion en-
ergy, calculated as the mean of |a(¢)| over N samples.

5. Max Integrated Velocity (vin,x): Peak velocity achieved
during traversal, obtained via numerical integration using
the trapezoidal rule.

6. Min Integrated Velocity (vy,i,): Most negative velocity
magnitude.

7. Approximate Displacement (d,,pr0x): Net vertical dis-
placement estimated by double integration of the accel-
eration signal, computed using the trapezoidal rule.

These seven features formed a low-dimensional representa-
tion x € R’ for each traversal, with the target variable defined
as:

floor_diff =end_floor—start_floor

Model Development

Google Colab, a cloud-based Jupyter notebook environment
that offers free GPU acceleration, was used for all model train-
ing and evaluation. Python 3.9 with the scikit-learn (version
1.2), TensorFlow/Keras (version 2.12), pandas, and matplotlib
libraries were used in the implementation!®. Complete code
is provided in Appendix B.
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Physical Feature-Based Model (Model A): Random For-
est Regressor

The seven-dimensional feature vectors were used to train
a Random Forest model with 100 decision trees. For repro-
ducibility, the following hyperparameters were set: random
state = 42, minimum samples per leaf = 2, and maximum tree
depth = 10. Because of the limited training set (N = 40, after
80% split), these conservative hyperparameters were used to
avoid overfitting. On the training set, 5-fold cross-validation
was used to validate the hyperparameter selection'!?.

Physical Raw Sequence Model (Model B): 1D Convolu-
tional Neural Network

A purposefully lightweight CNN architecture with L2 regu-
larization (A = 0.01) and Dropout layers (p = 0.3) was created
in order to fairly compare with deep learning techniques while
minimizing the danger of overfitting 1220

* Input layer: Padded acceleration sequences of fixed
length 3,000 samples, reshaped to (3000, 1).

¢ Convolutional block 1: ConvlD (8 filters, kernel size
10, ReLU activation, L2 regularization) — MaxPool-
ing1D (pool size 4) — Dropout (0.3).

¢ Convolutional block 2: Conv1D (16 filters, kernel size
5, ReLLU activation, L2 regularization) — MaxPooling 1D
(pool size 4) — Dropout (0.3).

* Feature aggregation: GlobalAveragePooling1D layer to
summarize spatial features.

* Fully connected layers: Dense (16 units, ReLU, L2 reg-
ularization) — Output Dense (1 unit, linear activation).

This specific architecture, input length, and training con-
figuration were selected as a single representative deep learn-
ing baseline for comparison purposes. No systematic hyper-
parameter search, architecture ablation, data augmentation,
or alternative sequence model designs (e.g., fully connected
networks operating on raw sequences, shallower single-layer
CNNs, or recurrent architectures) were explored. The goal
was not to find the optimal deep learning solution for this
problem, but rather to establish whether a standard lightweight
1D CNN architecture—a commonly used baseline for sensor
time series??0—is viable on a dataset of this size. The fixed
input length of 3,000 samples was chosen as a conservative up-
per bound slightly exceeding the observed maximum trimmed
segment length of 2,500 samples, ensuring no real signal was
truncated. However, for the shortest segments (~500 sam-
ples), up to 83% of the input consisted of uninformative zero-
padding, which may have diluted the CNN’s learned repre-
sentations and adversely affected the GlobalAveragePooling
operation independently of the dataset size issue.

With batch size 8, Adam optimizer (learning rate 0.001),
mean squared error (MSE) loss function, and 10% validation
split from the training set, training was carried out for 100
epochs. With a total of ~200 parameters, the sparse archi-
tecture was purposefully created to avoid memorization of the
limited training set. The zero-padding strategy represents a
further confound in the CNN comparison, making it difficult
to isolate the effect of data scarcity alone from the effect of un-
informative padding. Alternative approaches such as using the
95th percentile sequence length as MAX_LEN, pre-padding, or
variable-length architectures were not explored and are iden-
tified as directions for future work.

Train-Test Split and Evaluation Metrics

Stratified random sampling (random state = 42) was used
to divide the 50-sample dataset into training (40 samples,
80%) and test (10 samples, 20%) sets. Stratification was per-
formed on direction of travel (ascending vs. descending) to
ensure that both ascending and descending rides were pro-
portionally represented in both sets. It should be noted that
this random split does not ensure elevator-level separation:
rides from the same elevator and building may appear in both
the training and test sets. As a result, the reported metrics
reflect within-distribution performance across seen elevators
rather than true generalization to unseen elevators or build-
ings. A leave-one-elevator-out (LOEO) or leave-one-building-
out evaluation would be required to properly assess cross-
elevator generalizability, and is identified as a priority for fu-
ture work. To guarantee a reliable comparison, both models
were assessed using the same test set.

Performance metrics included:

Mean Absolute Error (MAE):

1 n
MAE = = Z [vi—9i| (primary metric, units: floors)
iz

Coefficient of Determination (R?):

Y (i —9i)?
Y(vi—7y)?

Root Mean Squared Error (RMSE):

RP=1- (variance explained)

ngE

1
RMSE = |~ Y (3 —3:)?
nia

Here, y; denotes the ground-truth floor difference for sam-
ple i, and y; denotes the corresponding model-predicted floor
difference.
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Data Analysis

Error distribution histograms, scatter graphs comparing actual
versus anticipated floor disparities, and per-elevator perfor-
mance breakdowns were used to examine model predictions.
MAE and R? were used as the main measures for model selec-
tion in the statistical comparison.

Ethical Considerations

Data privacy and research integrity were carefully consid-
ered during the design of this single-participant study. Sen-
sor timestamps and building identifiers were the only individ-
ually identifiable information in the data, which was entirely
under the researcher’s sole control. All data was kept locally
on password-protected devices and was not transmitted to ex-
ternal servers. Prior to data collection, verbal permission was
obtained from the facility management office of each building,
who confirmed that non-commercial academic sensor record-
ing in common areas (elevator cabins) was permitted. No
personally identifiable information about other building occu-
pants was collected at any point, as the accelerometer sensor
records only device motion and does not capture audio, video,
or location data beyond the elevator traversal itself. This study
was conducted as an independent student research project at
Korea International School Jeju; as it involved no human par-
ticipants other than the researcher themselves, no institutional
ethics board review was required under the school’s research
guidelines.

Results

Overall Dataset Characteristics

The final preprocessed dataset encompassed 50 elevator
traversals among 5 elevators with the following distribution:

* Floor ranges: 1-10 floors per trip (floor difference range:
—10 to +10)

* Signal duration: 20-35 seconds per traversal

* Trimmed sample complexity: 500-2,500 acceleration
samples per trip after preprocessing

The trimmed segments averaged approximately 1,500 sam-
ples per traversal, giving a total of roughly 75,000 acceleration
samples across the full dataset prior to feature extraction.

Table 1 provides a detailed breakdown of the 50 traversals
by floor difference magnitude and direction. Ascending rides
(positive floor difference) and descending rides (negative floor
difference) each accounted for 25 of the 50 traversals (50%
each). Across the five elevators (A—E), approximately 10 rides
were collected per elevator. The floor difference magnitudes
were distributed as follows across all 50 traversals:

Physical Feature-Based Model (Model A)

Test Set Performance (N = 10):
¢ Mean Absolute Error (MAE): 0.48 floors (~1.6 m)
* R? Score: 0.96
* Root Mean Squared Error (RMSE): 0.70 floors (~2.3 m)

The average deviation between Random Forest projections
and ground truth was only 40.48 floors, or roughly 1.6 me-
ters of vertical error (assuming typical 3.3-meter inter-floor
spacing). With the majority of projections landing within less
than one floor of the actual value, this suggests an encouraging
level of precision in this preliminary dataset, though results
should be interpreted with caution given the small test set of
N = 10 samples.

Physical Raw Sequence Model (Model B)

Test Set Performance (N = 10):
e Mean Absolute Error (MAE): 2.78 floors (~9.2 m)
* R? Score: —0.06

¢ Root Mean Squared Error (RMSE):
(~11.6m)

3.51 floors

The CNN’s projections significantly deviated from the
ground truth, indicating performance instability. The model
performed worse than a simple mean baseline, as seen by the
negative R> value (—0.06), which shows that it was unable to
adequately represent the underlying pattern of floor difference.
In small-data regimes, this behavior is compatible with mode
collapse (where the model predicts almost the same value for
all inputs regardless of the actual floor difference) or overfit-
ting.

Model Comparison and Visualization

A scatter plot comparing the actual and anticipated floor dif-
ferences for both models on the held-out test set is shown in
Figure 3, offering a clear visual comparison of their predic-
tive ability. The basic distinction between the two methods
is demonstrated by the striking visual contrast in Figure 3.
Within this pilot test set, the Random Forest predictions (blue
circles) form a tight diagonal cluster along the optimum pre-
diction line. As a sign of extreme underfitting on sparse train-
ing data, the CNN predictions (red crosses) are crowded hori-
zontally close to zero, indicating that the model has collapsed
to predicting a constant value.
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Table 1 Distribution of the 50 elevator traversals by floor difference magnitude and direction. Stratification for the train-test split was

performed on direction (ascending/descending).

Floor difference magnitude Ascending rides Descending rides Total
1 floor 3 3 6
2 floors 3 3 6
3 floors 3 3 6
4 floors 3 3 4
5 floors 3 3 6
6 floors 2 2 4
7 floors 2 2 4
8 floors 2 2 4
9 floors 2 2 4
10 floors 3 3 6
Total 25 25 50

Table 2 Comprehensive Model Performance Comparison. *Baseline methods from literature®. TEstimated values: RMSE approximated as
1.25 x MAE assuming normally distributed errors; R? estimated using the test set target variance back-calculated from Model A.

Model MAE RMSE R? Status

A 0.48 floors (~1.6 m) 0.70 floors (~2.3 m) 0.96 Optimal
B 2.78 floors (~9.2 m) 3.51 floors (~11.6 m) —0.06 X Failed
0: Linear Regression  3.72 floors (~12.3 m) 5.01 floors (~16.5 m) —0.81 X Failed
Barometer* 1.2 floors (3-5m error)  ~1.50 floors (~5.0m)* ~0.74" ~ Baseline
GPS* > 3.0 floors (> 10m)  ~4.38 floors (~14.5m)" ~—1.17"  x Unusable

Comparative Analysis

Key Finding: Within this pilot dataset, a clear advan-
tage of physics-informed feature engineering over end-to-end
deep learning was observed. Additionally, the Random For-
est model achieved sub-floor accuracy (0.48 floors, ~1.6 m)
which compares favorably with the standard 3—5 meter (1.0-
1.5 floor) error margin of barometer sensors, though direct
comparison requires caution given the small test set.

Discussion

Interpretation of Feature-Based Model Success

The Random Forest model’s promising preliminary perfor-
mance (MAE = 0.48 floors, ~1.6m, R> = 0.96, test N = 10)
can be attributed to two synergistic factors:

1. Physical alignment with kinematics: Basic elevator
motion physics are immediately encoded in the retrieved
features. Despite having little training data, the model
may generalize across various elevator kinds and build-
ings thanks to the strong inductive bias provided by the
relationship z & vpax X Af. This remains to be confirmed

with larger and more diverse datasets.

2. Ensemble robustness: The model is intrinsically sta-
ble and resistant to overfitting on short datasets since
Random Forest’s averaging across 100 decision trees de-
creased prediction variance. The Random Forest out-
performed the linear regression baseline (MAE = 3.72
floors, RZ = —0.81) by 3.24 floors, confirming that the
nonlinear ensemble structure adds substantial value over
a simple linear mapping of the feature set.

Interpretation of CNN Failure and Small-Data Deep
Learning

The poor performance of the specific CNN configuration
tested here (MAE = 2.78, ~9.2m, R? = —0.06) is consis-
tent with the challenges of applying deep learning in small-
data regimes, but should not be interpreted as evidence that
deep learning is categorically unsuitable for this problem. The
~200 learnable parameters of the model faced a highly un-
favourable input dimensionality-to-sample ratio (3,000 input
dimensions to 40 training samples, a 75:1 ratio), which is a
known challenge for convolutional architectures?%2l, How-
ever, only a single fixed architecture was tested—with a fixed
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Model Comparison: Feature-based vs. Raw Sequence
(filled = ascending, open = descending)
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Fig. 3 Model comparison: Raw sequence-based (1D CNN, red
crosses) versus feature-based (Random Forest, blue circles). With
MAE = 0.48 floors and R% = 0.96, the Random Forest model
produces predictions that closely cluster around the optimal
prediction line (black dashed). With predictions centered close to
zero regardless of the actual floor difference, the 1D CNN model
shows severe underfitting, yielding R2 = —0.06 and MAE = 2.78
floors. Linear Regression baseline (green triangles): MAE = 3.72
floors, R = —0.81, showing predictions scattered widely and
confirming that a simple linear fit on the feature set performs poorly.

input length of 3,000 samples (requiring zero-padding), a fixed
learning rate of 0.001, and 100 training epochs. Simpler alter-
natives such as a single-layer CNN, a fully connected network
operating on the raw sequence, or data augmentation strategies
(e.g., time-shifting, amplitude scaling, synthetic noise injec-
tion) were not evaluated. It is therefore possible that a more
carefully tuned or augmented deep learning approach could
perform better on this dataset, and the observed performance
gap should be attributed specifically to this untested config-
uration on this small dataset rather than to deep learning in
general.

Comparison with Baseline Methods

Our accelerometer-based approach (MAE = 0.48 floors,
~1.6m vertical error, assuming 3.3 m inter-floor spacing)
shows preliminary evidence of performance comparable to or
better than barometric methods even under ideal laboratory
conditions (3—5m error, or 1.0-1.5 floors), while potentially
offering the following advantages pending larger-scale valida-
tion:

* Environmental independence: Unlike barometric
sensors, which are unreliable in realistic scenar-
ios with HVAC systems and weather fluctuations™,
accelerometer-based estimation is not subject to pressure
variations.

* Potential hardware compatibility: The technique re-

quires only an accelerometer, which is found in almost all
smartphones. This reduces reliance on barometric sen-
sors, which are absent from many low-cost devices.

* Potentially Superior to GPS: Even outside, GPS ver-
tical inaccuracies are more than 10 meters, and within,
they are completely unusable, making it generally unsuit-
able for determining floor level.

Potential Future Applications

For many real-world applications, the 0.48-floor (~1.6 m) av-
erage error observed in this pilot suggests potential to meet
practical requirements:

* Emergency response: In multistory buildings, first re-
sponders can locate people within one floor, which could
speed up response times.

* Asset tracking: Systems for inventory management and
package delivery may be able to track objects between
building levels without the need to deploy infrastructure.

 Indoor navigation: The technique could potentially sup-
port sub-floor precision 3D indoor localization when
paired with horizontal placement, subject to further vali-
dation.

In 9 out of 10 test cases, predictions were within 1 floor
of ground truth.

Elevator-Specific Insights

Per-elevator performance was qualitatively examined but is
not reported in detail here, as with approximately 10 rides per
elevator the per-elevator sample sizes are too small to draw
reliable quantitative conclusions. No gross failures were ob-
served across any single elevator, which is weakly consistent
with some degree of robustness to variation in elevator pa-
rameters (acceleration profiles, motor types, cabin weights).
However, with N = 50 total samples collected by a single user
under controlled posture conditions, these observations can-
not be taken as confirmation of broad generalizability; multi-
building, multi-user validation with sufficient rides per ele-
vator is needed before any per-elevator conclusions can be
drawn.

Limitations and Future Directions

Several limitations warrant consideration:

* Single-participant data: All 50 rides were collected by
a single 17-year-old researcher holding the phone verti-
cally in a stationary posture. Variability in user age, mo-
bility, phone grip, body movement, and phone placement

8 | NHSJS Reports

© The National High School Journal of Science 2026



(e.g., pocket, bag, hand) was not examined. These fac-
tors are likely to introduce significant signal variability
in real-world deployment and must be addressed through
multi-user validation before any practical application can
be considered.

* Fixed phone orientation assumption: The technique is
predicated on roughly vertical phone alignment. In re-
alistic usage, users may place phones in pockets or bags,
or move during the ride, producing substantially different
acceleration profiles that the current model has not been
trained to handle.

* Known inter-floor heights: The approach depends on
typical floor spacing (3—4 m). It takes more knowledge or
taught building models to adapt to structures with uneven
floor heights.

* Elevator-only scenario: There was no inspection of
ramps, escalators, or stairs. Comprehensive vertical mo-
tion recognition might be made possible by expanding to
these modalities.

* Random train-test split without elevator-level separa-
tion: The 80/20 train-test split was performed randomly
across all 50 rides, meaning rides from the same ele-
vator and building appear in both training and test sets.
The reported performance metrics (MAE = 0.48 floors,
R? = 0.96) therefore reflect how well the model per-
forms on seen elevators, not on entirely new ones. A
leave-one-elevator-out or leave-one-building-out cross-
validation scheme is needed to evaluate true generaliza-
tion to unseen environments.

* Assumed inter-floor height: The conversion of floor-
level MAE to metric vertical error (e.g., 0.48 floors ~
1.6m) assumes a uniform 3.3m inter-floor spacing
throughout all five buildings studied. This figure was
not directly measured and may not reflect actual floor-to-
floor heights, which can range from approximately 2.7 m
to 4.5m depending on floor type (lobby, office, plant
room). The floor-level MAE is the primary metric of
this study and is independent of this assumption; the me-
tre equivalents reported throughout are approximations
for illustrative purposes only. Future work should incor-
porate direct measurement of inter-floor heights for each
building to enable precise metre-level error reporting.

 Single device and sampling rate: All data were col-
lected on a single iPhone 14 at approximately 100 Hz.
Smartphones vary considerably in accelerometer sam-
pling rate (commonly 50-200 Hz), sensor noise charac-
teristics, and axis orientation conventions across manu-
facturers and models. The preprocessing pipeline and

feature extraction were tuned to the specific signal char-
acteristics of this device and may not transfer directly to
other hardware without modification.

Conclusions

This study in five commercial elevators showed that using only
smartphone accelerometer data, physics-informed feature en-
gineering and Random Forest regression produced promising
preliminary results for floor-level estimation (MAE = 0.48
floors, vertical error ~1.6 m assuming 3.3 m inter-floor spac-
ing) without the need for barometric sensors or GPS infras-
tructure. Comparative analysis is consistent with the idea that
“good features outweigh complex models when data is scarce”
by confirming that feature-based machine learning may out-
perform end-to-end deep learning in small-data regimes (N =
50) in this pilot. This finding should be interpreted narrowly:
it reflects the performance of one untested CNN configuration
relative to a well-tuned feature-based approach, and does not
constitute a general conclusion about deep learning versus fea-
ture engineering. Alternative CNN designs, simpler sequence
models, or data augmentation strategies were not explored and
may yield different outcomes.

The suggested approach shows potential advantages over
current methods: it operates on hardware commonly found in
smartphones, may outperform GPS for indoor vertical posi-
tioning, and achieved accuracy comparable to or better than
barometric systems in this pilot even under ideal conditions
while not being subject to environmental pressure fluctuations.
Each shows potential advantages over current methods within
the scope of this pilot. However, as all data were collected in
commercial office buildings, the approach should not yet be
considered a general solution for multistory buildings broadly.
Because of these characteristics, the system shows prelimi-
nary promise for location-aware services, asset tracking, and
emergency response in controlled conditions, though practi-
cal deployment would require further research including on-
device runtime evaluation, real-time feature extraction testing,
and multi-user validation.

Future research directions include: (1) enlarging the dataset
to 300-500 samples to see if deep learning techniques can
match or surpass Random Forest performance at scale®?; (2)
validating the results across multiple users to analyze gen-
eralization across various phone handling behaviors; (2b)
implementing leave-one-elevator-out and leave-one-building-
out evaluation schemes to properly assess cross-elevator and
cross-building generalizability; (3) extending to other vertical
modalities (stairs, ramps, escalators) for a thorough vertical
motion classification?3; (4) evaluating on-device runtime, in-
ference latency, and battery impact as necessary prerequisites
before any real-time smartphone deployment can be consid-
ered; and (5) exploring adaptation strategies for irregular floor
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spacing in buildings.

This work contributes to the field of infrastructure-free in-
terior positioning and lays the groundwork for future advance-
ments in smartphone-based vertical localization by proving
initial evidence for the feasibility of accelerometer-only floor
estimation.
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Appendix A: Data Collection Protocol
A.1 Step-by-Step Procedure

1. Identify starting floor and verify using building directory and elevator
display

2. Launch phyphox application (version 1.2.0) and navigate to “Accelera-
tion (without g)” experiment

Press record button to begin data collection at 100 Hz
4. Enter elevator and maintain stationary posture holding phone vertically

Travel to destination floor without intermediate stops (off-peak hours
were chosen to minimise interruptions; any interrupted ride was imme-
diately discarded and repeated)

6. Stop recording in phyphox and export data via “Share” function as CSV
file

7. Exit elevator after doors open

8. Rename file following convention:

[Elevator] [Start]-[End]-[Trial].xls

9. Document metadata (date, time, building, elevator model) in research
notebook

10. Repeat across all target floor combinations and elevator units

Appendix B: Complete Python Implementation

B.1 Google Colab Notebook Code

The complete implementation is provided below. This code can be executed
in Google Colab by uploading the CSV dataset to Google Drive and adjusting
the base_path variable.

# Mount Google Drive
from google.colab import drive
drive.mount (’ /content/drive’)

import os, re

import pandas as pd

import numpy as np

from scipy.integrate import cumulative_trapezoid
from scipy.signal import butter, filtfilt, medfilt

class ElevatorTrimmerRobust:
def __init__ (self, fs=100.0, threshold=0.06,
min_duration_sec=1.0, padding_sec=1.5):
self.fs = fs
self.threshold = threshold
self.min_duration_sec = min_duration_sec
self.padding_sec = padding_sec

def load_and_trim(self, file_path):

try:
df = pd.read_excel (file_path)
t = df.iloc[:, 0O].values.astype (float)
az = df.iloc[:, 3].values.astype (float)

except Exception as e:
return None, None

t =t - t[0]
b, a = butter(2, 2.0 / (0.5 » self.fs), btype=’low

az_filt = filtfilt (b, a, az) - np.mean(az)
az_despike = medfilt (az_filt, kernel_size=9)

mask = np.abs(az_despike) > self.threshold
diff = np.diff (np.concatenate (

([False], mask, [False])) .astype(int))
starts = np.where(diff == 1) [0
ends = np.where (diff == -1) [0]

if len(starts) ==
return None, None

best_segment = None
for s, e in zip(starts, ends):

if (e - s) / self.fs >= self.min_duration_sec:
if best_segment is None:
best_segment = [s, e]
else:
best_segment [1] = e

if best_segment is None:
return None, None

pad = int (self.padding_sec * self.fs)

trim_start = max (0, best_segment[0] - pad)
trim_end = min(len(t), best_segment[l] + pad)
t_trim = t[trim_start:trim_end]

az_trim = az[trim_start:trim_end]
if len(t_trim) > O:

t_trim = t_trim - t_trim[O0]
return t_trim, az_trim

def create_dataset (base_path):
trimmer = ElevatorTrimmerRobust ()
dataset = []
for elevator in ['A’,’'B’,’'C’,'D’,'E’]:
for direction in [’ascend’,’descend’]:
folder = os.path.join (base_path, elevator,
direction)
if not os.path.exists(folder): continue
for fname in [f for f in os.listdir (folder)
if f.endswith(’.x1s’)]:
m = re.search(r’ ([A-E]) (\d+) - (\d+)—(\d+) ",
fname)
if not m: continue
start_floor = int (m.group(2))
end_floor = int (m.group (3))
t_trim, az_trim = trimmer.load_and_trim(
os.path.join(folder, fname))
if t_trim is None: continue
duration = t_trim[-1] - t_trim[O0]
v = cumulative_trapezoid(az_trim, t_trim,
initial=0)
dataset.append ({
"elevator_id’: elevator,
"direction’: direction,
’filename’: fname,
"start_floor’: start_floor,
"end_floor’: end_floor,
"floor_diff’: end_floor - start_floor,

"duration’: duration,
facc_max’: np.max(az_trim),
facc_min’: np.min(az_trim),

’acc_energy’: np.mean(np.abs(az_trim))

'vel_max’: np.max(v),
'vel_min’: np.min(v),
'dist_approx’: cumulative_trapezoid/(
v, t_trim, initial=0)[-1]
1)

return pd.DataFrame (dataset)

base_path = ’/content/drive/MyDrive/research/data’

df = create_dataset (base_path)

df.to_csv (' /content/drive/MyDrive/research/dataset.csv’,
index=False)

print (f’Dataset created: {len(df)} samples’)

from sklearn.linear_model import LinearRegression
from sklearn.ensemble import RandomForestRegressor
from sklearn.metrics import (mean_absolute_error, r2_score
’
mean_squared_error)
from sklearn.model_selection import train_test_split
import matplotlib.pyplot as plt
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#

df

X

y

#

Load dataset

= pd.read_csv ('’ /content/drive/MyDrive/research/dataset.
csv’)
= df[[’duration’,’acc_max’,’acc_min’,’acc_energy’,
'vel_max’,’vel_min’,’dist_approx’]].values

= df [’ floor_diff’].values

Train-test split

direction_labels = df[’direction’].values
indices = np.arange (len(y))

X_

#

print ("\n[Model 0]

train, X_test, y_train, y_test, idx_train, idx_test = \
train_test_split (X, y, indices, test_size=0.2,
random_state=42, stratify=
direction_labels)
== Model 0: Linear Regression Baseline =====

Training Linear Regression baseline..."

)

lr_model = LinearRegression()

lr_model.fit (X_train,

y_train)

y_pred_lr = lr_model.predict (X_test)

mae_lr = mean_absolute_error(y_test, y_pred_lr)

rmse_lr = np.sqgrt (mean_squared_error (y_test, y_pred_lr))

r2_1r = r2_score(y_test, y_pred_lr)

print (f" >> Linear Regression MAE: {mae_1lr:.2f} floors"

print (f" >> Linear Regression RMSE: {rmse_lr:.2f} floors"
)

print (f" >> Linear Regression R2: {r2_1r:.2f}")

# Train Random Forest

rf

rf.fit (X_train,

#

= RandomForestRegressor (n_estimators=100, max_depth=10,
min_samples_leaf=2,
random_state=42)
y_train)

Predict

y_pred_rf = rf.predict (X_test)

print (f’Random Forest MAE: '

f’ {mean_absolute_error (y_test, y_pred_rf):.2f}

floors’)

print (£’ Random Forest R2: 4

£’ {r2_score(y_test, y_pred_rf):.2f}")

# Evaluate

mae_rf = mean_absolute_error(y_test, y_pred_rf)

rmse_rf = np.sqgrt (mean_squared_error (y_test, y_pred_rf))
r2_rf = r2_score(y_test, y_pred_rf)

print (f"Random Forest MAE:
print (f"Random Forest RMSE:
print (f"Random Forest R2:

{mae_rf:.2f} floors")
{rmse_rf:.2f} floors")
{r2_rf:.2f}")

===== Directional Performance Breakdown =====

direction_test = df[’direction’].values[idx_test]

asc_mask
desc_mask = direction_test ==

"ascend’
’descend’

= direction_test ==

mae_rf_asc = mean_absolute_error(

y_pred_rf[asc_mask]) \
> 0 else float(’'nan’)

y_test[asc_mask],
if asc_mask.sum()

mae_rf_desc = mean_absolute_error (

print (£"\n[Model A]
print (£"

print (f"
#
print (£"\n[Model 0]

print (f" [Model A]

y_pred_rf[desc_mask]) \
> 0 else float (’'nan’)

y_test [desc_mask],
if desc_mask.sum()

Random Forest Directional MAE:")
>> Ascending (n={asc_mask.sum()}): "
f" MAE = {mae_rf_asc:.2f} floors")

>> Descending (n={desc_mask.sum()}):
f"MAE = {mae_rf_desc:.2f} floors")

== Summary =
Linear Regression MAE: {mae_lr:.2f} "
{r2_1r:.2f}")

Random Forest

£f"| R2:

MAE: {mae_xrf:.2f} "

f"| R2: {r2_rf:.2f}")

from tensorflow.keras.models import Sequential
from tensorflow.keras.layers import
Dropout,

GlobalAveragePoolinglD, Dense)

from tensorflow.keras.optimizers import Adam

from tensorflow.keras.regularizers import 12

from tensorflow.keras.preprocessing.sequence import
pad_sequences

# Prepare sequence data
trimmer = ElevatorTrimmerRobust ()
sequences = []
for idx, row in df.iterrows():
file_path = os.path.Jjoin (base_path,
1,
row[’direction’], row[’
filename’])
_, az_trim = trimmer.load_and_trim(file_path)
if az_trim is not None:
sequences.append (az_trim)
else:
sequences.append (np.zeros (100))

MAX_LEN = 3000

X_seq = pad_sequences (sequences, maxlen=MAX_LEN,
dtype='float32’, padding='post’)

X_seq = X_seq.reshape ((X_seq.shape[0], X_seqg.shape[l]

# Split
X_seq_train,

1

X_seq_test = X_seqg[idx_train],

# Build CNN
cnn = Sequential ([

ConvlD (8, kernel_size=10, activation=’relu’,
input_shape=(MAX_LEN, 1),
kernel_regularizer=12(0.01)),

MaxPoolinglD (pool_size=4),

Dropout (0.3),

ConvlD (16, kernel_size=5, activation=’relu’,
kernel_regularizer=12(0.01)),

MaxPoolinglD (pool_size=4),

Dropout (0.3),

GlobalAveragePoolinglD (),

Dense (16, activation='relu’, kernel_regularizer=12
(0.01)),
Dense (1, activation=’linear’)

1)

cnn.compile (optimizer=Adam(learning_rate=0.001),
loss='mse’, metrics=['mae’])

# Train

history = cnn.fit (X_seqg_train,
batch_size=8,
verbose=0)

y_train, epochs=100,
validation_split=0.1,

# Predict
y_pred_cnn = cnn.predict (X_seqg_test).flatten()

# Evaluate
mae_cnn = mean_absolute_error (y_test,
r2_cnn = r2_score(y_test, y_pred_cnn)

y_pred_cnn)

print (£"1D CNN MAE:
print (£"1D CNN R2:

{mae_cnn:.2f} floors")
{r2_cnn:.2f}")

# ===== Scatter Plot with Directional Markers =====
ax = plt.subplots(figsize=(10, 6))

ax.scatter (y_test[asc_mask],
color="blue’, marker=’o
label=f’RF Ascending

y_pred_rf[asc_mask],
s=100, alpha=0.7,
(n={asc_mask.sum() })’)

(ConvlD, MaxPoolinglD,

row[’elevator_id’

1))

X_seq[idx_test
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ax.scatter (y_test[desc_mask], y_pred_rf[desc_mask],
color="blue’, marker='o’, s=100, alpha=0.7,
facecolors="none’, edgecolors=’'blue’,
label=f’RF Descending (n={desc_mask.sum()})’)
ax.scatter (y_test[asc_mask], y_pred_cnn[asc_mask],
color="red’, marker='x’, s=100,
label=f’CNN Ascending (n={asc_mask.sum()})”’)
ax.scatter (y_test[desc_mask], y_pred_cnn[desc_mask],
color='red’, marker="+’, s=100,
label=£f’CNN Descending (n={desc_mask.sum()})’)
ax.scatter (y_test[asc_mask], y_pred_lr[asc_mask],
color='green’, marker='""’, s=100, alpha=0.7,
label=f’LR Ascending (n={asc_mask.sum()})"’)
ax.scatter (y_test[desc_mask], y_pred_lr[desc_mask],
color='green’, marker=’"’, s=100, alpha=0.7,
facecolors='none’, edgecolors='green’,
label=f’LR Descending (n={desc_mask.sum()})’
min_val = min(y_test.min(), y_pred rf.min(), y_pred_cnn.
min () )
max_val = max(y_test.max(), y_pred_rf.max(), y_pred_cnn.
max () )
ax.plot ([min_val, max_val], [min_val, max_val], 'k--',
label="Ideal Prediction’
ax.set_title(’Model Comparison: Feature-based vs. Raw
Sequence\n’
’(filled = ascending, open = descending)’,
fontsize=13)
ax.set_xlabel ("Actual Floor Difference’
ax.set_ylabel ('Predicted Floor Difference’)
ax.legend(fontsize=8)
ax.grid(True, alpha=0.3)
plt.tight_layout ()
plt.show()
B.2 Notes on Reproducibility

1. Upload the elevator dataset to Google Drive following the directory
structure described in Methods.

Open a new Google Colab notebook and paste the code above.
Adjust the base_path variable to match your Google Drive directory.

Execute cells sequentially.

wok »N

Random seed (random_state=42) ensures reproducible train-test
splits.

All experiments were conducted using Google Colab’s free tier (CPU run-

time). Total computation time was approximately 5 minutes for the complete
pipeline.
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