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A Comparative Study on Indoor Floor Prediction Performance by
Algorithm using Barometric Pressure Data
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Abstract

This study compares artificial intelligence models for predicting underground parking floor levels using smartphone
barometric pressure sensors and cellular signal strength. Data were collected from underground parking lots in 22
buildings located in Seoul, South Korea. A total of 24 machine learning and deep learning algorithms were evaluated
under identical experimental conditions. The results showed that tree-based models, including Decision Tree,
ExtraTrees, and Random Forest, achieved the best predictive performance. In particular, Decision Tree and ExtraTrees
demonstrated both high accuracy and stable results across repeated experiments. These models also required extremely
short training and inference times, making them suitable for real-time mobile applications. In contrast, deep learning
models required significantly longer training times without providing superior prediction accuracy. The findings suggest
that accurate indoor floor prediction can be achieved using only smartphone sensors without additional positioning
infrastructure, while future research should consider broader building environments and seasonal variations.
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Table 1. Definition of variables

W%l Hol

Variable name[Unit] Description
GP[hPa] Atmospheric pressure measured
(Ground Pressure) at ground level
GS[dBm] Signal strength measured at
(Ground Signal) ground level
BPhPa] Atmospheric pressure measured
(Basement Pressure) in basement
BS[aBm] Signal strength measured in
(Basement Signal) basement
BFlinteger] Floor level of the basement
(Basement Floor)
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Table 2. Hyperparameter configurations by model type
Model Algorithm type Configuration
Logistic regression solver=lbfgs max_iter=3000
Ridge classifier alpha=1.0

SGD classifier Linear model loss=hinge max_iter=2000 tol=1e-3
Linear model max_iter=2000 tol=1e-3
Passive aggressive max_iter=2000 tol=1e-3
KNN Instance-based learning n_neighbors=5 metric=minkowski

Nearest centroid Distance-based model

metric=euclidean

SVM(RBF) Kernel-based model

kernel=rbf C=1.0 gamma=scale

SVM(Linear) Perceptron

max_iter=5000 C=1.0

Decision tree Tree-based model

criterion=gini

Random forest

n_estimators=200 n_jobs=—1

Extra trees Ensemble(Bagging) n_estimators=200 n_jobs=—1
Gradient boosting n_estimators=100 learning_rate=0.1
AdaBoost Ensemble(Boosting) n_estimators=50 learning_rate=1.0
HistGradientBoosting max_iter=100 learing_rate=0.1
Gaussian NB . var_smoothing=1e-9
Bernoulli NB Probabilistic: model alpha=1.0 binarize=0.0
LDA - solver=svd
QDA Statistical model 0. param=00
MLP Neural network activation=relu max_iter=500 hidden_layer=(128,64)
n_estimators=200 max_depth=5
XGBaost e ble(Boosting) subsample=0.9 colsample_bytree=0.9
LightGBM nsembietboosting n_estimators=200 num_leaves=31
CatBoost iterations=200 depth=6
DNN Deep neural network Dense(128-64-32) activation=ReLU optimizer=Adam

epochs=100 batch_size=16
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Table 3. Descriptive statistics for accuracy
Model Min. Max. Mean |Std.DEV

Decision tree 0.87 0.89 0.88 0.00

ExtraTrees 0.87 0.89 0.88 0.00

RandomForest 0.87 0.89 0.88 0.00

HistGradientBoosting|  0.87 0.88 0.88 0.00

LightGBM 0.87 0.88 0.83 0.00
XGBoost 0.84 0.86 0.85 0.00
KNN 0.83 0.85 0.84 0.00
CatBoost 0.83 0.84 0.83 0.00
GradientBoosting 0.83 0.84 0.83 0.00
AdaBoost 0.72 0.74 0.73 0.01
QDA 0.68 0.69 0.69 0.00
LDA 0.68 0.69 0.68 0.00
MLP 0.64 0.68 0.67 0.01
DNN 0.64 0.68 0.65 0.01
SVM(RBF) 0.56 0.56 0.56 0.00

LogisticRegression | 054 054 0.54 0.00

RidgeClassifier 0.54 0.54 0.54 0.00

SVMi(Linear) 0.54 0.54 0.54 0.00

BernoulliNB 054 054 054 0.00

SGDClassifier 0.50 054 0.53 0.01

GaussianNB 0.52 054 0.53 0.00

PassiveAggressive |  0.37 0.52 0.44 0.05

Perceptron 0.27 0.52 042 0.07

NearestCentroid 0.33 0.36 0.35 0.01
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Table 4. Descriptive statistics for training time

Model Min. Max. Mean |Std.DEV
Decision tree 0.02 0.02 0.02 0.00
ExtraTrees 0.43 0.50 0.46 0.02
RandomForest 0.59 0.69 0.64 0.03
HistGradientBoosting| 0.98 1.05 1.02 0.02
LightGBM 0.77 0.89 0.83 0.04
XGBoost 0.69 0.79 0.74 0.03
KNN 0.02 0.02 0.02 0.00
CatBoost 090 097 093 0.02
GradientBoosting 591 6.22 6.09 0.10
AdaBoost 0.37 0.44 0.40 0.02
QDA 0.01 0.01 0.01 0.00
LDA 0.01 0.01 0.01 0.00
MLP 4686 | 10625 | 7742 | 17.16
DNN 17773 | 18190 | 180.14 | 1.16
SVM
(RBF) 2492 | 2571 | 2530 0.26
LogisticRegression | 0.06 0.23 0.17 0.07
RidgeClassifier 0.01 0.07 0.01 0.02
SVM(Linear) 0.06 0.08 0.06 0.00
BernoulliNB 0.01 0.01 0.01 0.00
SGDClassifier 0.19 0.22 0.20 0.01
GaussianNB 0.00 0.01 0.00 0.00
PassiveAggressive |  0.05 0.08 0.06 0.01
Perceptron 0.04 0.07 0.06 0.01
NearestCentroid 0.01 0.01 0.01 0.00
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Table 5. Descriptive statistics for predicting time

Model Min. Max. Mean |Std.DEV
Decision tree 0.00 0.00 0.00 0.00
ExtraTrees 0.04 0.04 0.04 0.00
RandomForest 0.03 0.04 0.04 0.00
HistGradientBoosting|  0.07 0.08 0.08 0.00

LightGBM 0.08 0.09 0.09 0.00
XGBoost 0.02 0.02 0.02 0.00
KNN 0.04 0.04 0.04 0.00
CatBoost 0.00 0.00 0.00 0.00
GradientBoosting 0.04 0.05 0.04 0.00
AdaBoost 0.02 0.02 0.02 0.00
QDA 0.00 0.00 0.00 0.00
LDA 0.00 0.00 0.00 0.00
MLP 0.01 0.07 0.04 0.02
DNN 0.27 0.29 0.28 0.01
SVM(RBF) 5.68 6.00 585 0.10

LogisticRegression | 0.00 0.00 0.00 0.00
RidgeClassifier 0.00 0.00 0.00 0.00
SVM 0.00 0.00 0.00 0.00
(Linear)
BernoulliNB 0.00 0.00 0.00 0.00
SGDClassifier 0.00 0.00 0.00 0.00
GaussianNB 0.00 0.00 0.00 0.00
PassiveAggressive |  0.00 0.00 0.00 0.00
Perceptron 0.00 0.00 0.00 0.00
NearestCentroid 0.00 0.00 0.00 0.00
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