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Abstract. 

This study presents a self-supervised framework for detecting harsh cornering 

events using smartphone telematics under real-world deployment conditions. 

GPS-derived trajectory features, orientation-invariant inertial magnitudes, and 

OpenStreetMap validation are combined to robustly identify candidate turns de-

spite arbitrary device placement and sensor noise. High-confidence pseudo-

labels are generated via ensemble anomaly detection, enabling supervised clas-

sifiers to learn without manual annotation. Among four evaluated models, a 

multi-layer perceptron achieved the best performance, and its latent embeddings 

revealed clear separation between harsh and normal cornering. The results 

demonstrate that consumer-grade smartphones can reliably capture lateral risky 

maneuvers at scale, extending prior work focused mainly on longitudinal events 

such as hard braking. This approach offers a scalable foundation for applica-

tions in driver risk assessment, insurance telematics, fleet management, and ur-

ban safety planning. 

Keywords: Smartphone telematics, harsh cornering detection, self-supervised 

learning, sensor fusion, driver behavior. 

1 Introduction 

Road safety research increasingly utilizes crash surrogates to define crash proneness 

and associate it with risk [1, 2], particularly as actual crashes are statistically rare and 

difficult to assess in real-time. Smartphone-based telematics have emerged as a scala-

ble alternative for monitoring driver behavior through sensors like accelerometers, 

gyroscopes, and GPS [3, 4]. While prior studies have successfully detected longitudi-

nal high G-force events such as hard braking [5, 6, 7] and explored gyroscopic data 

for rotational motion [8], harsh cornering remains underexplored. Cornering dynamics 

are complex, involving interactions between lateral acceleration, yaw rate, speed, and 

road geometry [9]. Despite contributing to only 3% of crashes, harsh cornering is 

linked to nearly one-third of passenger fatalities via vehicle instability and rollover 

risk [10]. 
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A primary challenge in detecting these events is the arbitrary orientation of 

smartphones in real-world deployment, which leads to inconsistent sensor axes. Fur-

thermore, the high cost of ground-truth labeling necessitates self-supervised ap-

proaches that leverage orientation-invariant features from unlabeled naturalistic data. 

Addressing this gap, we propose a self-supervised framework using smartphone 

telematics that combines GPS trajectory features, inertial magnitudes, and Open-

StreetMap validation. By employing anomaly detection for pseudo-label generation 

and subsequent representation learning, we demonstrate that harsh lateral maneuvers 

can be identified without reliance on manual annotation. 

2 Data Collection and Preprocessing 

This section outlines the procedures followed to prepare the data used for detecting 

harsh cornering events from smartphone-based telematics. The dataset includes mul-

timodal time-series data recorded during naturalistic driving, and preprocessing steps 

were designed to extract motion-related cues that can capture turning behavior in a 

device-agnostic manner. 

2.1 Data Source 

The dataset used in this study originates from OSeven Telematics and consists of 

anonymized time-series data collected from smartphone sensors at a frequency of 1 

Hz. Each record includes GPS-derived location coordinates, speed, and heading, as 

well as readings from embedded inertial sensors such as the accelerometer and gyro-

scope. 

The data is captured passively during driving, leveraging consumer-grade 

smartphones placed arbitrarily inside the vehicle without fixed orientation or mount-

ing. As a result, the dataset reflects realistic deployment conditions, including varia-

bility in device orientation, sensor noise, and driving environments. 

In total, the dataset after filtering noisy GPS datapoints comprises 4,017 individual 

trips and 1,758,589 datapoints, representing a large and diverse sample of naturalistic 

driving behavior across various conditions. 

2.2 Yaw Rate Estimation 

To capture turning dynamics, we extract two features: (a) the maximum yaw rate 

across short horizons, representing the sharpness of a turn, and (b) the maximum total 

heading change, representing the overall extent of the maneuver. These are derived 

from GPS-based heading changes sampled at 1 Hz. 

The yaw rate at multiple temporal horizons is computed using Equation (1), which 

normalizes heading changes over time to account for angular wraparound. The maxi-

mum absolute yaw rate across the past four seconds is extracted in Equation (2) to 

capture the sharpest recent change in heading. Similarly, the total turn angle at each 

horizon is defined in Equation (3), and the largest absolute heading deviation is sum-
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marized in Equation (4). These features together capture both the short-term intensity 

and the spatial extent of vehicle cornering behavior. 

 

yaw_rat𝑒𝑛 =
((θ𝑡−θt−n+180) mod 360)−180

n⋅Δt
,  n = 1,2,3,4          (1) 

max_yaw_rate = max(|yaw_rate1|, |yaw_rate2|, |yaw_rate3|, |yaw_rate4|)   (2) 

turn_angl𝑒𝑛 = ((θ𝑡 − θ𝑡 − 𝑛 + 180) 𝑚𝑜𝑑 360) − 180,  𝑛 = 1,2,3,4     (3) 

𝑚𝑎𝑥𝑡𝑢𝑟𝑛𝑎𝑛𝑔𝑙𝑒
=  𝑚𝑎𝑥1≤𝑖≤4 = |𝑡𝑢𝑟𝑛𝑎𝑛𝑔𝑙𝑒𝑖

|               (4) 

2.3 Map-Based Validation Using OpenStreetMap 

Candidate turning events are identified when the heading change exceeds 70° within a 

4s window, filtering out minor deviations but still susceptible to noise, lane changes, 

or abrupt corrections. To reduce false positives, we validate events using Open-

StreetMap (OSM): genuine turns must occur within 15 m of an intersection, defined 

as a node where multiple road segments meet. Events without a corresponding inter-

section are discarded. 

For efficiency, the entire Attica road network is pre-loaded and indexed, enabling 

fast spatial queries across diverse urban, suburban, and rural geometries. This map- 

based filtering enforces a topological constraint, ensuring that harsh turns align with 

actual road structure. The resulting dataset (Fig. 1) comprises 1,900 validated events, 

predominantly involving 70°–180° turns at speeds below 30 km/h, forming the basis 

for subsequent clustering and anomaly detection. 

 

 
Fig. 1. The histogram shows the distribution of total turn angles (blue) and vehicle speeds 

(orange) across all turning events in the dataset. 

2.4 Orientation-Invariant Sensor Features 

Following the map-based validation step, the resulting set of candidate turn events 

was further processed to extract additional features from the inertial sensors. Given 

that smartphones in real-world deployments can be placed arbitrarily inside the vehi- 
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cle—resulting in unknown and inconsistent orientation—the direct use of individual 

accelerometer and gyroscope axes (x, y, z) becomes unreliable. To mitigate this, we 

compute the magnitude of the 3-axis accelerometer and gyroscope signals, which is 

invariant to device orientation and better suited for modeling motion intensity. 

The acceleration and gyroscope magnitude are calculated as the Euclidean norm of 

the three-axis readings at each timestamp t, as shown in Equations (5), (6): 

 

accel_magnitud𝑒𝑛 = √𝑎𝑥(𝑡)2 + 𝑎𝑦(𝑡)2 + 𝑎𝑧(𝑡)2            (5) 

gyro_magnitud𝑒𝑡 = √ω𝑥(𝑡)2 + ω𝑦(𝑡)2 + ω𝑧(𝑡)2            (6) 

 

These magnitude features allow us to quantify the overall intensity of linear and an- 

gular motion, respectively, without relying on axis-specific orientation. They are par-

ticularly useful for identifying sudden vehicle dynamics. 

3 Methodology 

3.1 Feature Construction 

For each GPS-identified turn, we extract a 3-second multivariate time-series window 

centered on the timestamp of maximum yaw rate (Fig. 2). From synchronized GPS, 

accelerometer, gyroscope, and device orientation data , we compute per-corner statis-

tics, including speed, linear and angular magnitudes, yaw rate, temporal derivatives 

(jerk), and duration. This transforms each detected corner into a fixed-length feature 

vector suitable for downstream modeling. 

 
Fig. 2. Six-second segment of max yaw rate(t) centered at 𝑡𝑝= 12 s. The fixed feature win-

dow is shaded. 

3.2 Anomaly Detection for Pseudo-Label Generation 

Lacking ground-truth labels, we employ an unsupervised anomaly seeding strategy, 

assuming genuinely harsh maneuvers are rare statistical outliers in the high-

dimensional feature space. After z-score normalization, features are evaluated by an 

ensemble of three complementary anomaly detectors: Isolation Forest, Local Outlier 

Factor (LOF), and One-Class SVM. The continuous anomaly scores from each meth-
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od are rank normalized to [0,1] and averaged to produce a single ensemble score per 

event. Events in the top 5% of this distribution are designated as positive seeds (harsh 

cornering). To ensure a balanced dataset, an equal number of normal seeds are ran-

domly sampled from the remaining events. These seeded pseudo-labels provide a 

high-precision training signal for supervised modeling. 

3.3 Supervised Modeling on Pseudo-Labels 

To evaluate whether the seeded pseudo-labels can support predictive modeling, we 

train a set of supervised classifiers on the subset of corners assigned to either positive 

or normal seeds. All events with a non-negative pseudo-label are retained, resulting in 

a binary classification problem where the positive class corresponds to high-

confidence harsh cornering. The labeled subset is randomly partitioned into training 

(80%) and validation (20%) splits using stratified sampling to preserve the seed-class 

proportions. All features are standardized using z-score normalization estimated on 

the training split to prevent information leakage. 

Four representative classifiers are benchmarked to capture a range of decision bound-

aries: 

1. Logistic Regression provides a simple linear baseline and is trained with 

class-weighted loss to mitigate imbalance. 

2. Radial-Basis Function (RBF) SVM models non-linear decision boundaries 

using an RBF kernel and balanced class weights. 

3. Random Forest leverages an ensemble of decision trees with balanced sub-

sampling and a large number of estimators to increase robustness. 

4. Multi-Layer Perceptron (MLP) with a two-layer feed-forward architecture. 

The network maps the input features to a 16-dimensional latent representa-

tion through a hidden layer of 64 units with ReLU activation and dropout 

regularization, followed by a single-unit output layer. The model is trained 

with the AdamW optimizer and early stopping based on validation loss, us-

ing a binary cross-entropy objective, which measures the discrepancy be-

tween the predicted probability of harsh cornering and the true pseudo-label. 

3.4 Representation Learning and Clustering 

Beyond classification, we explore the latent structure of cornering behavior by con-

structing two types of embeddings: 

 

1. MLP Embedding: the 16-dimensional output of the MLP’s penultimate lay-

er, representing a task-specific latent space learned from pseudo-labels. 

2. Meta-Embedding: a richer representation obtained by concatenating the 

standardized feature vector with the probabilistic outputs of all four classifi-

ers and subsequently applying Principal Component Analysis (PCA) to re-

duce dimensionality to eight components. 

To assess whether these embeddings reveal natural groupings of cornering events, we 

apply k-means clustering (k = 2) to each embedding and evaluate cluster quality with 
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the silhouette score. Seeded pseudo-labels are used solely to name the resulting clus-

ters (harsh or normal) for interpretability and are not provided during clustering. 

 

 
Fig. 3. The distribution of the input features in boxplots. 

4 Results 

Table 1 reports precision–recall AUC (PR-AUC) and receiver-operating-characteristic 

AUC (ROC-AUC) on the held-out validation split for all classifiers. 

 
Table 1. Performance of supervised classifiers trained on seeded pseudo-labels. Values 

show precision-recall AUC (PR-AUC) and ROC-AUC on the held-out validation set. 

Model PR-AUC ROC-AUC 

Logistic Regression 0.9182 0.9086 

SVM 0.9510 0.9363 

Random Forest 0.8924 0.8920 

MLP 0.8813 0.8726 

 

4.1 Feature Distributions Across Pseudo-Labels 

To further examine the discriminative power of the engineered features, Fig. 3 pre-

sents boxplots of key feature distributions for positive and normal seeds. Features 

such as maximum yaw rate, acceleration jerk, and peak-to-peak gyroscope magnitude 
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exhibit clear separation between the two classes, supporting their relevance for harsh 

cornering detection. 

4.2 Latent Embedding Analysis 

Clusters derived from the MLP achieve a silhouette score of 𝑆𝑖𝑙𝑀𝐿𝑃 = 0.759, indicat-

ing clearer separation compared to the meta embedding (𝑆𝑖𝑙𝑚𝑒𝑡𝑎 = 0.332). This shows 

that the task-specific latent space learned by the MLP captures more discriminative 

cornering dynamics. 

5 Discussion 

The results of this study demonstrate that smartphone-based telematics, when com-

bined with unsupervised anomaly detection and orientation-invariant features, can 

effectively distinguish harsh lateral maneuvers from normal driving at scale. The 

success of the Multi-Layer Perceptron (MLP) model is rooted in the clear statistical 

divergence observed across the inertial and kinematic features presented in Fig. 3. 

A detailed examination of the feature distributions reveals that "harsh" events are not 

defined by a single metric, but by a holistic shift in the vehicle’s state. 

The speed metrics (Speed Max, Min, and Mean) are significantly higher for the "Posi-

tive (Anomaly)" group. Notably, the elevated Speed Min suggests that drivers in-

volved in harsh events fail to decelerate sufficiently before entering the turn. This 

sustained momentum necessitates higher lateral forces to maintain the vehicle's trajec-

tory, leading to the observed spikes in Acc Max and Acc P2P. The most discrimina-

tive features are found in the yaw dynamics. Harsh turns exhibit substantially higher 

Yaw Max Abs and Yaw Std. Quantitatively, the high Yaw Jerk Max in the anomaly 

group indicates "busy" steering—likely a series of rapid corrections made by the driv-

er to maintain control under high lateral load. In contrast, the "Reliable Normal" 

group shows a tight distribution with low variance, representing smooth, single-input 

steering. The significantly higher Acc Std and Gyro Std for anomalies indicate that 

harsh turns are physically noisy. This suggests that beyond simple high-speed corner-

ing, these events involve secondary vibrations, physical signatures that the MLP mod-

el successfully mapped in its latent space to separate harsh versus normal structures. 

6 Conclusions 

This study presented a self-supervised framework for detecting harsh cornering events 

from smartphone telematics data. By combining GPS-derived features, orientation- 

invariant inertial signals, and map-based validation, we constructed a robust pipeline 

capable of operating under the noisy and variable conditions of real-world smartphone 

deployment. Using anomaly detection to generate pseudo-labels, we trained super-

vised classifiers that achieved high predictive performance, with the multi-layer per-

ceptron offering the most promising results. 
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The findings demonstrate that harsh cornering can be reliably identified without the 

need for manually annotated data, addressing a long-standing barrier in scaling behav-

ioral telematics research. Beyond methodological contributions, the proposed ap-

proach has practical implications for road safety, risk-based insurance, fleet manage-

ment, and transportation planning. 

Future work will extend this framework by validating its effectiveness across diverse 

regions and vehicle types, investigating temporal patterns of risky driving, and inte-

grating multimodal data sources such as video or vehicular CAN-bus signals. 
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