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SHORT SUMMARY 

The development of Level 2 driving systems complicates the interpretation of Naturalistic Driving 

Study (NDS) data, as behavioral modeling requires accurate identification of the operational 

mode. While longitudinal control has already been studied, lateral behavior remains 

underexplored, particularly in the frequency domain. This study proposes a classification 
framework to distinguish between SAE Level 0 and Level 2 driving using the Power Spectral 

Density (PSD) of the vehicle's lateral position. High-precision trajectory data (10 Hz) from six 

instrumented vehicles were collected on the I-24 MOTION testbed, and the signals were split into 
short driving episodes. We extract five spectral metrics, band power, slope, centroid, band power 

ratio, and entropy, to capture distinct control signatures. Statistical analysis confirms significant 

differences between driving modes across all examined time horizons (15-90 s). A logistic 
regression model achieves a peak accuracy of 92% at a 60-second observation window, 

identifying this as the optimal duration. These results demonstrate that frequency-domain 

methods effectively separate machine control from human steering, providing a foundational tool 

for large-scale safety analysis and automated dataset labeling. 
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1. INTRODUCTION 

The gradual deployment of partially automated vehicles is fundamentally reshaping the road en-
vironment. While SAE Level 1 technologies have been standard for over a decade, the recent 

adoption of Driver Control Assistance Systems (DCAS) under UN Regulation No. 171 (UNECE, 

2024) is expected to accelerate the global integration of Level 2 systems. In the context of Natu-

ralistic Driving Studies (NDS), this mixed-traffic reality complicates data interpretation. Identi-
fying the operational modes of both ego and neighboring vehicles has become a prerequisite for 

reliable behavioral modeling; without knowing "who" is in control, the validity of safety and 

traffic flow analyses is called into question. 
 

Effective vehicle monitoring requires distinguishing between manual and automated control 

through externally observable behavior, a task with significant "forensic" value for accident re-

construction and large-scale dataset labeling. Behavioral research has already focused on the lon-
gitudinal dimension of driving (Marín et al., 2025, Liu et al., 2015). However, longitudinal control 

is frequently governed by exogenous factors, such as the behavior of a lead vehicle or traffic 

density, which can mask the underlying control logic. In contrast, lateral lane positioning offers 
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a more stable signal with high explanatory power, especially regarding inattention and control 

authority (Papantoniou, 2018), with the added benefit of being readily measurable via standard 
NDS sensor suites. Despite its potential, the lateral dimension remains underexplored, particularly 

regarding its latent control signatures. 

 

A critical gap exists in the methodology used to analyze these control signals. Traditionally, fre-
quency-domain (f-domain) methods in road safety research have been applied in biometric or 

physiological signals, such as EEG (Gurudath & Riley, 2014). Frequency-domain analysis is 

complementary to time-domain approaches; with respect to vehicle dynamics it can reveal sys-
tematic control "fingerprints" and periodicities, such as the specific oscillation patterns of a Level 

2 centering algorithm, that are often obscured in the time domain. Nevertheless, regarding ob-

servable driving behavior, it should be noted that driving is a closed-loop control process in which 

the system output (vehicle trajectory) is not a "pure" representation of the driver's input. Rather, 
the observed signal is a diluted representation incorporating vehicle dynamics and measurement 

noise, such as GNSS inaccuracies. Any forensic inference of behavior must therefore treat the 

trajectory as the product of a combined human-vehicle-measurement system, and not as equiva-
lent of human control input. 

 

This article proposes a method to identify SAE Level 0 and Level 2 driving modes, by analyzing 
the driving signal in the f-domain. We develop suitable metrics to enumerate the calculated spec-

tra and infer behavioral signatures. The primary contribution of this study is a classification frame-

work to predict the automation mode based on short driving episodes recorded in a Naturalistic 

Driving Study. Furthermore, we evaluate how the observation duration influences prediction per-
formance to determine the optimal window for driver type identification. The remainder of this 

paper is structured as follows: Section 2 details the methodology for spectral feature extraction 

and model specification. Section 3 presents the dataset and discusses the statistical significance 
of the identified metrics and the classification results. Finally, Section 4 summarizes the findings 

and outlines future research directions. 

2. METHODOLOGY 

Spectral analysis 

To isolate behavioral control signatures, lateral position signals across fixed-duration driving ep-
isodes are first detrended to eliminate linear drift and center the observations. The Power Spectral 

Density (PSD) is estimated using the Welch method (Zhao & He, 2013a) with a Hanning window 

of 128 observations and a 50% overlap. This window size corresponds to the largest power-of-2 
compatible with the shortest examined observation horizon, ensuring parameter consistency 

across all durations. Given the Nyquist limit, the resulting PSD spans the 0-5 Hz band with a 

frequency resolution of 0.078 Hz. 
 

Five spectral metrics are extracted to quantify the behavioral signatures of human and automated 

driving. 

1. Band power, in the frequency band 0-1 Hz: the square root of the area under the PSD 
(calculated via Simpson’s rule), representing the time-domain variance or vehicle "sway” 

(Eq. 1). 

2. Spectral slope, in the frequency band 0.2-1 Hz: the gradient of the log-log PSD, indicating 
the rate at which control power decays from low to high frequencies (Eq. 2). 

3. Spectral centroid: the "center of mass" of the power distribution, encapsulating the spec-

tral shape into a single descriptive value (Eq. 3). 
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4. Band power ratio: the ratio of high-frequency (1-2 Hz) to low-frequency (0-1 Hz) power, 

capturing the intensity of small steering corrections relative to larger ones (Eq. 4). 
5. Spectral entropy: a measure of spectral complexity, for a PSD with N frequency bins, 

bounded between 0 (pure sinusoid) and 1 (white noise) (Eq. 5). 
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Statistical analysis 

Metric distributions are evaluated for normality (Shapiro-Wilk, α=0.05) and equal variances 

(Levene’s test, α=0.05). Differences in means between Level 0 and Level 2 are assessed via Stu-

dent’s t-test, Welch’s t-test, or Mann-Whitney U test, depending on the distribution properties. 
The effect sizes of the distributions are quantified using Cohen’s d (for normal distributions) or 

Cliff’s delta (for non-normal distributions) (Romano et al., 2006, October). 

Model specification 

For the classification task, a balanced dataset of driving episodes is randomly partitioned into 

training (75%) and test (25%) subsets. A Logistic Regression model (Eq. 6) is specified using the 

z-score standardized spectral metrics as predictors. Predictor selection prioritizes uncorrelated 
features to ensure model parsimony, while the significance of the metrics is evaluated for different 

driving episode durations. Final predictive power is evaluated exclusively on the test subset using 

two performance metrics: accuracy and the area under the ROC Curve (AUC), with significance 
determined by 95% confidence intervals calculated via the Hanley & McNeil method (Hanley & 

McNeil, 1982). 

 

𝑃(𝑌 = 1|𝑿) =
1

1 + 𝑒−𝜷𝑿
(6) 



4 

 

3. RESULTS AND DISCUSSION 

Data collection and treatment 

In Autumn 2024, the Joint Research Centre and Vanderbilt University's Institute for Software 

Integrated Systems conducted a week-long experimental campaign on the I-24 MOTION testbed 
in Nashville, Tennessee, using six instrumented vehicles. This four-mile interstate segment is 

equipped with 276 ultra-high-definition cameras, enabling the creation of a comprehensive digital 

twin of the traffic flow (Gloudemans et al., 2023). 
 

The fleet featured advanced SAE Level 2 systems, capable of taking over both longitudinal and 

lateral control, and performing assisted lane changes. Trials were conducted during morning and 

evening peak hours, in heavy congestion and free-flow conditions. These tests aimed to investi-
gate stability phenomena of the longitudinal controller, assisted lane changing characteristics, and 

the collective impact of automated vehicles on surrounding traffic. Manual driving sessions were 

also recorded, establishing a baseline for comparison. 
 

Each vehicle was manned by a safety driver and at least one researcher. For data acquisition, the 

technical service provider IDIADA installed a GNSS/IMU solution for high-precision trajectory 
tracking at a 10 Hz recording frequency, alongside three cameras monitoring the forward view, 

rear view, and instrument cluster. 

 

This study focuses exclusively on the data from these six vehicles. Automation levels for each lap 
were manually annotated by the onboard researchers and verified via internal camera recordings. 

While this analysis relies on GNSS/IMU trajectories rather than external I-24 MOTION camera 

data, the coordinates were projected onto the I-24 MOTION curvilinear system. This projection 
enables the precise identification of lane positions and maneuvers. For the purposes of this work, 

only segments of steady, straight-line travel are isolated, effectively filtering out lane changes and 

curved road segments. These segments are partitioned into successive, non-overlapping driving 
episodes with durations of 15, 30, 45, 60, 75 and 90 seconds. Using non-overlapping windows 

ensures statistical independence of the samples, mitigating autocorrelation bias. 

Results 

Figure 1 depicts multiple PSDs in overlay, with each line representing one driving episode of the 

same duration. When plotted in log-log scale, the raw spectra exhibit a clear 1/f a decay at the 

lower frequencies. Also at the lower frequencies, the manual driving signals appear to have more 

power while exhibiting less variance and being more tightly grouped together, hinting on a more 

homogeneous control authority of the human drivers. 
 

Table 1 summarizes the statistical analysis. To interpret the effect sizes, the standard benchmarks 

are adopted: for Cohen’s d, values of 0.2, 0.5 and 0.8 represent small, medium and large effects 

respectively; for Cliff’s delta, thresholds of 0.147, 0.33 and 0.474 denote negligible, small, me-
dium and large distances (Romano et al., 2006). These thresholds, being arbitrary and domain-

specific, provide a first indication of distribution separation and, most importantly, serve as a 

reference to quantify the relative change across different examined durations. 
 

Two interesting trends are evident. First, the difference in the means is statistically significant for 

all metrics and durations. Second, effect sizes consistently increase with duration, albeit with a 
subtle stabilization from 75 to 90 s. This suggests that while spectral signatures are present in 
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short windows, they solidify as the observation horizon extends, providing greater explanatory 

power. 
 

 

 

Figure 1: Magnified visualization of the PSD in logarithmic axes 

 

 
 

Table 1: Statistical testing of the spectral metrics 

 
Metric Sample (L0, L2) Test L0 Mean ± SE L2 Mean ± SE p-value Eff. size 

Band power 

15 s 208, 284 Mann-Whit 0.081 ± 0.003 0.056 ± 0.002 0.0000 delta = 0.37 

30 s 102, 137 Mann-Whit 0.088 ± 0.003 0.062 ± 0.003 0.0000 delta = 0.48 
45 s 64, 89 T-Test 0.090 ± 0.003 0.063 ± 0.003 0.0000 d = 1.06 

60 s 49, 65 T-Test 0.091 ± 0.003 0.065 ± 0.003 0.0000 d = 1.22 

75 s 38, 49 Mann-Whit 0.089 ± 0.003 0.062 ± 0.003 0.0000 delta = 0.71 

90 s 31, 41 T-Test 0.091 ± 0.003 0.064 ± 0.003 0.0000 d = 1.34 

Spectral slope 

15 s 208, 284 Welch-T 4.069 ± 0.076 3.559 ± 0.078 0.0000 d = 0.42 

30 s 102, 137 Welch-T 4.232 ± 0.069 3.581 ± 0.087 0.0000 d = 0.73 

45 s 64, 89 Welch-T 4.247 ± 0.068 3.678 ± 0.095 0.0000 d = 0.74 

60 s 49, 65 Mann-Whit 4.196 ± 0.071 3.668 ± 0.104 0.0003 delta = 0.40 

75 s 38, 49 Welch-T 4.241 ± 0.074 3.716 ± 0.110 0.0002 d = 0.80 

90 s 31, 41 Welch-T 4.289 ± 0.076 3.778 ± 0.125 0.0009 d = 0.77 

Spectral centroid 

15 s 208, 284 Mann-Whit 0.122 ± 0.002 0.128 ± 0.002 0.0007 delta = -0.18 

30 s 102, 137 Mann-Whit 0.114 ± 0.001 0.122 ± 0.001 0.0003 delta = -0.27 
45 s 64, 89 Mann-Whit 0.111 ± 0.001 0.120 ± 0.002 0.0000 delta = -0.40 

60 s 49, 65 Mann-Whit 0.110 ± 0.001 0.119 ± 0.002 0.0002 delta = -0.41 

75 s 38, 49 Mann-Whit 0.111 ± 0.001 0.120 ± 0.002 0.0004 delta = -0.44 

90 s 31, 41 Mann-Whit 0.110 ± 0.001 0.120 ± 0.002 0.0008 delta = -0.46 

Band power ratio 

15 s 208, 284 Mann-Whit 0.006 ± 0.001 0.015 ± 0.002 0.0000 delta = -0.37 

30 s 102, 137 Mann-Whit 0.003 ± 0.000 0.010 ± 0.001 0.0000 delta = -0.46 
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45 s 64, 89 Mann-Whit 0.003 ± 0.000 0.008 ± 0.001 0.0000 delta = -0.54 

60 s 49, 65 Mann-Whit 0.002 ± 0.000 0.006 ± 0.001 0.0000 delta = -0.57 

75 s 38, 49 Mann-Whit 0.002 ± 0.000 0.006 ± 0.001 0.0000 delta = -0.70 

90 s 31, 41 Mann-Whit 0.002 ± 0.000 0.006 ± 0.001 0.0000 delta = -0.66 

Spectral entropy 

15 s 208, 284 Mann-Whit 0.267 ± 0.005 0.309 ± 0.006 0.0000 delta = -0.28 

30 s 102, 137 Mann-Whit 0.272 ± 0.005 0.307 ± 0.006 0.0001 delta = -0.30 

45 s 64, 89 Mann-Whit 0.267 ± 0.004 0.303 ± 0.006 0.0002 delta = -0.35 

60 s 49, 65 Mann-Whit 0.264 ± 0.004 0.297 ± 0.006 0.0002 delta = -0.40 

75 s 38, 49 Mann-Whit 0.267 ± 0.004 0.301 ± 0.006 0.0001 delta = -0.48 
90 s 31, 41 Mann-Whit 0.267 ± 0.004 0.300 ± 0.007 0.0006 delta = -0.48 

 

The model specification results are presented in Table 2. To avoid multicollinearity, "Band power 

ratio" is excluded in favor of "Band power", which demonstrates higher predictive power. It is 
interesting that some metrics have alternating significance as the duration increases; for instance, 

spectral entropy is very significant for very short driving episodes, whereas spectral slope is more 

significant for the middle ones. This implies that high-frequency "jitter" (entropy) is a short-term 
indicator of automation, while the systematic "decay" of control (slope) requires a longer window 

to be accurately captured in the data. At the same time, spectral centroid is a relatively consistent 

predictor for the automation mode. 

 

Table 2: Model specification for the logistic regression classifier 

 
Feature Coeff. Std. Err. p-value 

Duration 15 s (Train N=312, Test N=104) 

Accuracy: 0.63 (95% CI: 0.54-0.73) 
ROC-AUC: 0.65 (95% CI: 0.55-0.76) 

Spectral slope -0.230 0.145 0.1134 

Spectral centroid -0.279 0.186 0.1340 

Spectral entropy 0.615 0.220 0.0051 
Band power -0.449 0.178 0.0115 

Duration 30 s (Train N=153, Test N=51) 

Accuracy: 0.76 (95% CI: 0.65-0.88) 
ROC-AUC: 0.79 (95% CI: 0.67-0.92) 

Spectral slope -0.903 0.255 0.0004 

Spectral centroid 0.915 0.388 0.0182 

Spectral entropy -0.315 0.442 0.4758 
Band power -0.348 0.301 0.2478 

Duration 45 s (Train N=96, Test N=32) 

Accuracy: 0.75 (95% CI: 0.60-0.90) 
ROC-AUC: 0.75 (95% CI: 0.57-0.92) 

Spectral slope -1.600 0.469 0.0006 

Spectral centroid 2.408 0.706 0.0007 

Spectral entropy -1.527 0.781 0.0506 
Band power -1.223 0.549 0.0260 

Duration 60 s (Train N=73, Test N=25) 

Accuracy: 0.92 (95% CI: 0.81-0.99 *) 
ROC-AUC: 0.99 (95% CI: 0.94-0.99 *) 

Spectral slope -1.228 0.521 0.0184 

Spectral centroid 2.667 0.930 0.0041 

Spectral entropy -1.008 0.831 0.2251 
Band power -1.287 0.561 0.0217 
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Duration 75 s (Train N=57, Test N=19) 

Accuracy: 0.84 (95% CI: 0.68-0.99 *) 

ROC-AUC: 0.91 (95% CI: 0.77-0.99 *) 
Spectral slope -1.667 0.638 0.0090 

Spectral centroid 3.267 1.269 0.0101 

Spectral entropy -0.855 1.165 0.4630 
Band power -1.188 0.690 0.0850 

Duration 90 s (Train N=46, Test N=16) 

Accuracy: 0.81 (95% CI: 0.62-0.99 *) 

ROC-AUC: 0.94 (95% CI: 0.81-0.99 *) 
Spectral slope -0.579 0.717 0.4196 

Spectral centroid 3.934 1.695 0.0203 

Spectral entropy -2.675 1.535 0.0814 
Band power -2.412 1.087 0.0265 
* The interval is truncated by the physical limits of the metric. 

 

Predictive performance, visualized in Figure 2, improves significantly with duration. Accuracy 

reaches a peak value of 92% at the 60 s horizon. While accuracy and AUC remain high at 75 s 
and 90 s, the broadening of the 95% confidence intervals is likely an artifact of the diminishing 

size of the test subset (19 and 16 observations at the 75 and 90 s respectively). Concurrently, the 

plateau indicates that the model's predictive power stabilizes, in contrast to the abrupt improve-
ment at 60 s. Consequently, the 60 s window appears to be an optimal "sweet spot" that balances 

high discriminative power with statistical validity. 

 

Figure 2: Model performance for all the examined durations 

 

4. CONCLUSIONS 

This study demonstrates that frequency-domain analysis of lateral vehicle position provides a 

robust framework for distinguishing between manual (Level 0) and partially automated (Level 2) 

driving. By extracting spectral features that capture the latent behavioral signatures of control 
authority, we successfully developed a classification model that achieves 92% accuracy within a 
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60-second observation horizon. This duration offers a benchmark for the automated labeling of 

Naturalistic Driving Study (NDS) data, addressing a critical gap in behavioral modeling within 
mixed-traffic environments. 

 

However, the analysis in this study is restricted to straight-line driving, omitting more complex 

turning maneuvers. Future research will extend this methodology to include road curves and lane 
changes, where the divergence between human steering entropy and algorithmic trajectory plan-

ning is expected to be more pronounced. Furthermore, while the 60-second window proved opti-

mal for our current dataset, the broader confidence intervals at 75 and 90 seconds underscore the 
need for larger-scale validation to stabilize performance metrics at longer horizons. Additionally, 

more classification models will be assessed to improve predictive power at shorter time horizons. 

Ultimately, this work establishes a non-intrusive, frequency-based methodology for identifying 

automation operational modes, providing researchers with a complete tool for driving behavior 
identification and large-scale road safety analysis. 
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