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ABSTRACT

Characterizing individual driver behavior is essential for advancing intelligent
transportation systems (ITS) and autonomous vehicle safety. While deep learn-
ing models excel at macroscopic traffic prediction, individual driving styles are
often aggregated away. This paper addresses this gap by proposing a novel,
weakly supervised transformer framework for driver behavior profiling using
high-resolution next generation simulation (NGSIM) US-101 trajectory data.
We extract microscopic behavioral features including acceleration, lane change
dynamics, and headway management from 30-second observation segments. A
transformer encoder learns complex temporal dependencies to classify drivers
into ’aggressive’ and ’normal’ profiles, achieving a 97% F1-score on proxy-
labeled segments. Crucially, these “proxy labels” are derived from heuristic
statistics, meaning the model is trained to learn the mapping from sequences
to these behavioral indicators rather than identifying objective aggression. Our
methodology enables the creation of precise “behavioral fingerprints” that cap-
ture individual driving nuances. These insights are vital for developing adaptive
ITS that anticipate traffic stability issues and enhance autonomous vehicle safety
by predicting human intent.
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1. INTRODUCTION
Metropolitan traffic congestion continues to impose escalating economic and environmental burdens

on urban populations worldwide [1]. Precise forecasting of traffic dynamics serves as a fundamental enabler
for contemporary intelligent transportation systems (ITS), supporting proactive interventions including dy-
namic route optimization, ramp metering control, and adaptive signal coordination [2]. The efficacy of these
technological solutions depend critically on characterizing the diverse behavioral patterns of individual drivers
who collectively generate observable traffic phenomena. This study is among the first to apply weakly super-
vised transformers to next generation simulation (NGSIM) trajectory data for driver profiling, bridging the gap
between macroscopic flow and microscopic behavior.

The evolution of deep learning architectures, especially recurrent structures such as long short-term
memory (LSTM) networks [3] and transformers [4], have greatly improved the accuracy of traffic forecasting.
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While these models excel at predicting macroscopic states, applying them to profile individual driver behav-
ior presents a significant challenge: the scarcity of ground truth data. Unlike macroscopic flow (which can
be measured by sensors), specific driving styles like ”aggressive” or ”normal” are subjective and difficult to
annotate at scale. Research has shown that heuristic rules often fail to capture the temporal nuances of driving;
for instance, rule-based systems can have misclassification rates exceeding 15% when ignoring context [5].

Consequently, research often relies on heuristic rules derived from traffic flow theory to categorize
drivers. However, reliance on static rules ignores the temporal context of driving: a sudden brake in a traffic
jam is normal, whereas the same action on a free-flow highway is aggressive. Static rules often fail to capture
this distinction. Current macroscopic models aggregate individual actions, ignoring the microscopic signatures
that define traffic stability. To address this, we adopt a weak supervision strategy: we generate “proxy labels”
using established heuristics (e.g., high acceleration variance). We then task deep learning models with learning
the mapping from raw trajectory sequences to these labels.

In this paper, we aim to bridge the gap between static rules and dynamic profiling. Building on our
previous work [6], we propose a weakly supervised framework using a transformer-based model on the NGSIM
US-101 dataset. While the labels are derived from rules, training a transformer on them allows us to investigate
whether deep sequence models can effectively encode the temporal precursors that correlate with these rules.
This aligns with the scope of microscopic traffic modeling and ITS safety applications relevant to the computing
and control domain. Our contributions are: (i) we formulate a weak supervision pipeline that utilizes heuristic
traffic rules to generate proxy labels, enabling the training of deep models without manual annotation; (ii) we
design a transformer encoder architecture to capture long-range temporal dependencies in 30-second trajectory
segments; and (iii) we conduct a comparative analysis against LSTM baseline and non-temporal baselines,
demonstrating that the transformer architecture is significantly more effective at approximating these behavioral
rules from raw kinematic data. The remainder of this paper is organized as follows: section 2 reviews related
work, section 3 details our methodology, section 4 presents the experimental results, and section 5 concludes
with future work.

2. RELATED WORK
Our research is situated at the intersection of three primary domains: the application of transformer

models to traffic forecasting, the integration of multi-source data, and the use of microscopic behavioral model-
ing. For this paper, we specifically focus on leveraging microscopic behavioral modeling within a transformer
framework for driver profiling.

2.1. Transformer models for traffic forecasting and sequence analysis
The application of deep learning to traffic forecasting has evolved significantly from classical time-

series models like autoregressive integrated moving average (ARIMA) [7] to architectures capable of capturing
complex non-linear dependencies. While early successes were achieved with convolutional neural networks
(CNNs) for spatial features [8] and LSTMs for temporal patterns [9], the transformer architecture [4] has
recently emerged as the state-of-the-art due to its superior ability to model long-range dependencies via self-
attention.

The transformer paradigm has been rapidly adopted in traffic prediction. Xu et al. [10] proposed
spatial-temporal transformer networks (STTN), and Jiang et al. [11] introduced PDFormer. Other sophisticated
architectures have further pushed the boundaries by integrating self-attention with graph-based methods, such
as a transformer-based dynamic multi-graph convolutional network (TDMGCN) [12] and a transformer-based
spatiotemporal graph diffusion convolution network (TSGDC) [13]. While these models showcase the power
of fusing spatial and temporal data within a transformer framework, they typically operate on macroscopic
traffic features or aggregate individual vehicle data for system-level predictions. More recently, transformer-
based models incorporating spatial masks derived from road network topology, such as Trafficformer [14],
have improved short-term speed forecasting from loop-detector data, while multi-source frameworks such as
multi-source data traffic prediction (MDTP) [15] and hierarchical multi-source network (HiMSNet) [16] fuse
trajectory or drone-based observations with fixed-sensor data to improve prediction robustness, extending a
long-standing tradition of sensor data fusion in ITS [17]. Generative approaches based on diffusion mod-
els, such as traffic scenario generation diffusion (TSGDiff) [18], and generic interpretable architectures for
multi-horizon forecasting, such as the temporal fusion transformer (TFT) [19], further illustrate the breadth of
attention-based methods being explored for traffic-related sequence modeling. Our current work distinguishes
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itself by applying transformers directly to individual, microscopic behavioral sequences for the purpose of the
driver themselves, rather than predicting traffic state. Even so, existing models often struggle with the scarcity
of individual-level ground truth, which we address via weak supervision.

2.2. Microscopic behavioral modeling and driver profiling

The causal link between microscopic driver behavior and macroscopic traffic phenomena is a foun-
dational concept in traffic engineering, established primarily through simulation [5], [20]. Simulators like
simulation of urban mobility (SUMO) [21] and CityFlowER [22] are widely used to model how individual
vehicle decisions aggregate into observable outcomes.

Driver profiling, or the characterization of individual driving styles, has gained importance for ap-
plications ranging from personalized insurance to autonomous vehicle interaction. Traditional approaches
often rely on statistical analysis of driving data or simpler machine learning models to identify patterns in
speed, acceleration, and braking [23]. More recent work has explored deep learning for driver identification
or style classification, often using aggregated telematics data. Even so, using high-resolution trajectory data
like NGSIM for fine-grained behavioral profiling with advanced sequence models like transformers is still an
evolving area. Our work aims to extract richer, dynamic ”behavioral fingerprints” by leveraging the detailed
temporal evolution of microscopic features.

The NGSIM program represents a pinnacle of high-resolution, multi-vehicle trajectory data collection.
It provides an unparalleled microscopic view of traffic, enabling the detailed analysis of individual driver ac-
tions, inter-vehicle dynamics, and their evolution over time. This richness goes beyond what can be captured by
traditional loop detectors or probe vehicles. Our research leverages this detailed data to create the fine-grained
feature sets required for robust driver profiling, moving beyond aggregate metrics to the underlying behavioral
signals.

3. METHODOLOGY
Our methodology is designed to process raw NGSIM trajectory data into a supervised learning prob-

lem for driver profiling. The process consists of four main stages: (i) data selection and preprocessing; (ii)
feature engineering from individual driver trajectories; (iii) heuristic-based labeling of driver profiles; and (iv)
the architectural specification of our transformer-based profiling model.

3.1. NGSIM dataset

Developed by the Federal Highway Administration, the NGSIM program provides essential high-
resolution trajectory data that enables microscopic traffic analysis. For this investigation, we employ the US-
101 (Lankershim Boulevard) dataset, which documents real-world vehicle trajectories at 0.1-second (10 Hz)
temporal granularity. It captures precise details such as vehicle locations, speeds, accelerations, and inter-
vehicle relationships for individual vehicles operating on an urban arterial environment with multiple lanes and
intersections. The raw dataset initially comprises approximately 11.8 million rows and 25 columns of trajectory
data. The dataset is characterized by:
- High resolution: vehicle locations are recorded every one-tenth of a second (10 Hz), allowing for precise

capture of instantaneous speeds, accelerations, and subtle changes in driving behavior.
- Microscopic detail: each row of the dataset corresponds to a single state of the vehicle at a specific ‘Frame ID‘

(timestamp), including its unique ‘Vehicle ID‘. Key columns include ‘Global Time‘ (absolute timestamp),
‘Local X‘ and ‘Local Y‘ (lateral and longitudinal), ‘v Vel‘ (velocity), ‘v Acc‘ (acceleration), ‘Lane ID‘ (cur-
rent lane), ‘Preceding‘ (ID of the vehicle ahead in the same lane), ‘Space Headway‘, and ‘Time Headway‘
(spacing and time to the preceding vehicle). ‘v Class‘ categorizes vehicles into motorcycles, autos, or trucks.

- Scale: the raw dataset comprises approximately 11.8 million rows and 25 columns, representing hundreds
of hours of aggregated vehicle movement and thousands of individual vehicle trajectories. This rich, high-
volume data provides an extensive basis for detailed behavioral analysis.

A representative sample of the raw NGSIM trajectory data is presented in Table 1, illustrating the
granular nature of the information available for each vehicle at a given timestep.
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Table 1. Sample raw NGSIM trajectory data
Veh ID Frame Global Time v Vel v Acc Lane Prec Headway v Class

515 100 1118184010000 58.7 0.3 3 511 2.15 2
515 101 1118184010100 58.9 0.2 3 511 2.14 2
515 102 1118184010200 59.1 0.2 3 511 2.13 2
515 103 1118184010300 59.0 -0.1 3 511 2.16 2
516 100 1118184010000 45.2 1.5 2 513 1.80 2
516 101 1118184010100 45.4 0.8 2 513 1.78 2
517 100 1118184010000 62.1 0.0 4 0 999.9 2
517 101 1118184010100 62.1 0.0 4 0 999.9 2

3.2. Initial filtering and cleaning
To create a focused and reliable dataset for the profiling of standard passenger vehicle behaviors, the

following initial processing steps were meticulously applied:
- Vehicle class filtering: only vehicles categorized with a ‘v Class‘ equal to 2 (automobiles) were retained, ex-

cluding motorcycles and trucks. This reduced the dataset to approximately 11,473,680 rows and 25 columns.
- Trajectory length filtering: to ensure that each observed driver segment provides sufficient information to

characterize a driving style, vehicles with ‘Total Frames‘ less than 300 (equivalent to 30 seconds of contin-
uous data at 10 Hz) were removed. This refinement ensured meaningful observation lengths, resulting in a
dataset of approximately 11,472,258 rows and 3,211 unique ‘Vehicle ID‘s.

- Erratic data removal: data points containing physically unrealistic or erroneous ‘v Acc‘ (instantaneous ac-
celeration) or ‘v Vel‘ (instantaneous velocity) values were filtered out. Thresholds were set to retain ‘v Acc‘
values between -35.0 and 35.0 ft/s2 and ‘v Vel‘ values between 0.0 and 140.0 ft/s (approximately 95 mph).
This crucial step addressed potential sensor noise or data transcription errors. Importantly, this filtering step
did not significantly alter the total number of rows or unique vehicles, indicating a relatively clean initial raw
dataset after the first two filtering steps.

3.3. Driver observation segment extraction
To capture granular snapshots of individual driver behavior for subsequent profiling, the cleaned vehi-

cle trajectories were segmented into overlapping observation windows. This approach maximizes the number
of training samples and allows the model to learn from the temporal evolution of driving styles.
- Segment length: each extracted segment consists of 300 consecutive frames, representing 30 seconds of

continuous driving data. This duration was selected as a balanced timeframe, long enough to capture char-
acteristic behavioral patterns (e.g., a few lane changes, varied acceleration patterns) but short enough to
represent a consistent driving moment.

- Step size: segments were extracted using a sliding window approach with a ’step size’ of 50 frames (equiv-
alent to 5 seconds). This overlap between consecutive segments for the same vehicle substantially increases
the number of available samples for training the deep learning model.

- Extraction process: the process involved iterating through each unique ‘Vehicle ID‘ in the cleaned DataFrame.
For each vehicle, continuous sub-trajectories of 300 frames were extracted, advancing by 50 frames at a time.
A strict check ensured that only complete 300-frame segments were retained. This procedure generated a to-
tal of 211,824 driver observation segments, each consisting of a DataFrame retaining the original 25 NGSIM
columns for the 30-second window.

3.4. Microscopic behavioral feature engineering
For each of the 211,824 extracted segments, a comprehensive set of 27 features was engineered to cre-

ate a ”behavioral fingerprint”.These features were selected because they capture the fundamental dimensions of
longitudinal control (acceleration), lateral maneuvering (lane changes), and car-following interactions (head-
way), which are the primary indicators of driving. Let Sk denote the k-th segment consisting of Nk = 300
frames.
- Acceleration dynamics (8 features): these characterize longitudinal control. We compute standard statistical

moments (mean µa, variance σ2
a, standard deviation σa, max, min) for the instantaneous acceleration v Acc.

Additionally, we derive:
a) Skewness (γ1): reflects the asymmetry of acceleration, indicating a tendency towards sharp braking or
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rapid acceleration.

γ1 =
1

Nk

Nk∑
j=1

(
v Accj − µa

σa

)3

(1)

b) High-intensity thresholds: the percentage of time spent accelerating > 5ft/s2 (P>ath
) or decelerating

< −5ft/s2 (P<dth
).

P>ath
=

1

Nk

Nk∑
j=1

I(v Accj > 5.0)× 100% (2)

- Speed metrics (4 features): includes mean, variance, and standard deviation of velocity. We also compute the
coefficient of variation (CVv) to normalize speed variability relative to the mean speed:

CVv =
σv

µv
, if µv ̸= 0 (3)

- Lane changing behavior (3 features): captures lateral maneuvering.
a) Lane change rate (RLC): normalized frequency of lane changes per minute.

RLC =
Count of lane changes

0.5 min
(4)

b) Lateral deviation (σlat): standard deviation of the vehicle’s local X position within the lane, serving as a
proxy for lane-keeping stability.

- Headway management (9 features): describes car-following interaction. We compute statistics (mean, vari-
ance, min) for both space headway (µhs

) and time headway (µht
), calculated exclusively on frames where a

preceding vehicle is present (Fk).
a) Critical headway percentage: the proportion of following time spent with a time headway below 1.0

second (indicating tailgating).

P<hcrit
=

1

|Fk|
∑
j∈Fk

I(Time Headwayj < 1.0)× 100% (5)

- Contextual features (3 features): includes vehicle physical dimensions (length and width) and normalized
time of day (scaled to [0, 1]) to account for traffic density variations associated with peak/off-peak hours.

3.4.1. Handling missing headway data
In free-flow conditions, headway values are undefined. To maintain numerical consistency, we impute

these missing values with semantic constants: mean/variance are set to 1000.0, and the critical headway per-
centage is set to 0.0. While this introduces a potential bias by treating “no vehicle” as “very far vehicle,” it is
necessary for the attention mechanism to process the full sequence and has been justified in similar time-series
tasks.

3.5. Heuristic proxy label generation (weak supervision)
Due to the absence of human-annotated labels, we employ a heuristic labeling strategy. We define two

behavioral profiles based on statistical thresholds:
- Aggressive: a segment is labeled ’aggressive’ if it falls into the top 20th percentile for acceleration variance

OR lane change count, or the bottom 20th percentile for mean time headway.
- Normal: all other segments are labeled ’normal’.

To ensure the model does not simply replicate a deterministic rule, we enforce a strict decoupling
between the spatial-temporal scope of the inputs and the labels. The proxy labels are global—derived from
statistical thresholds calculated over the entire continuous 30-second segment (300 frames). In contrast, the
transformer operates on a local temporal sequence, processing the data as 12 sequential sub-windows (12 × 27
features). Because the model is never fed the global 30-second summary statistics directly, it cannot trivially
bypass the learning process. Instead, it is forced to utilize its multi-head self-attention mechanism to aggregate
local temporal dynamics and approximate the global behavioral boundary.
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3.6. Transformer-based profiling model
We propose a transformer-based sequence model to learn these profiles. The architecture (Figure 1)

consists of:
- Input embedding: the 27-feature vectors are projected into a 64-dimensional latent space.
- Positional encoding: added to retain the temporal order of the 12 sub-windows.
- Transformer encoders: two stacked blocks with multi-head self-attention (4 heads) to capture long-range

dependencies.
- Classification head: a global average pooling layer followed by a dense Softmax layer to predict the class

probabilities (aggressive vs. normal).
- Training: utilized the Adam optimizer with a learning rate of 1e-4, a dropout rate of 0.2, and was conducted

over 50 epochs.
The input trajectory sequence (12 × 27) is projected via an embedding layer and processed by two

stacked transformer encoder blocks. These blocks utilize multi-head self-attention to capture temporal de-
pendencies. The resulting features are condensed via global pooling and passed to a multi-layer perceptron
(MLP)/Softmax classifier to predict the heuristic behavioral profile (aggressive vs. normal).

Figure 1. Architecture of the weakly supervised profiling model

4. RESULTS AND DISCUSSION
4.1. Baseline comparison

Four models were evaluated under identical 5-fold cross-validation conditions: logistic regression
(LR), random forest (RF), LSTM, and the proposed transformer. Cross-validation was applied to ensure ro-
bustness against overfitting to the heuristic proxy labels. Results are reported in Table 2 in terms of accuracy,
precision, recall, and F1-score.

Table 2. Comparative performance: transformer vs. baselines
Model Accuracy Precision Recall F1-score
LR 0.81 0.80 0.81 0.80
RF 0.88 0.89 0.87 0.88
LSTM (baseline) 0.86 0.85 0.86 0.85
Transformer (ours) 0.97 0.97 0.96 0.97

The transformer achieves an F1-score of 0.97, the highest across all models. The LR baseline per-
forms weakest (F1 = 0.80), confirming that the classification boundary between aggressive and normal pro-
files is inherently non-linear and cannot be resolved by a simple decision function. The RF model improves
substantially over LR (F1 = 0.88), demonstrating that ensemble feature interactions capture meaningful be-
havioral structure. However, because RF operates on independently drawn sub-windows rather than the full
temporal sequence, it is unable to capture the ordering and dynamics of driving events. This aligns with the
well-established view that driving style is a fundamentally temporal phenomenon: a sudden deceleration in a
traffic jam carries an entirely different behavioral meaning than the same action on a free-flow highway [5],
[24]. The LSTM baseline (F1 = 0.85) underperforms the RF, likely because recurrent processing is sensitive
to the gradient instability that arises when modeling dependencies across long sequences of sub-windows. The
transformer overcomes this limitation through its multi-head self-attention mechanism, which assigns attention
weights across all 12 sub-windows simultaneously and is therefore better suited to capturing long-range depen-
dencies within the 30-second observation segment [4]. This superiority of self-attention over recurrence at the
microscopic, individual-vehicle level is consistent with findings from macroscopic traffic forecasting studies
[11], [25].
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4.2. Classification performance and behavioral fingerprinting
The confusion matrix obtained on the held-out test set is shown in Figure 2. Of the total 10,000 test

samples, 9,675 were correctly classified and 325 were misclassified, giving an overall accuracy of 96.75%.
The false-negative rate (aggressive segments predicted as normal) is notably lower than the false-positive rate,
indicating that the model is conservative in assigning aggressive labels, which is a desirable property for safety-
critical ITS applications.

Figure 2. Confusion matrix (transformer)

A closer analysis of the misclassified samples reveals that errors concentrate at the boundary between
the two profiles: segments where a driver’s kinematic behaviour fluctuates around the 20th/80th percentile
thresholds used for proxy labeling. This is an expected outcome of the weak supervision strategy and does not
indicate a model failure. On the contrary, it reveals an important property of the learned representation: rather
than replicating the deterministic heuristic rule, the transformer has learned a smoother, probabilistic decision
boundary that better reflects the continuum of real driving behaviour [5]. A driver whose acceleration variance
occasionally crosses the labeling threshold is genuinely ambiguous, and the model’s uncertainty in such cases
is well-founded. This finding mirrors the distinction observed in macroscopic traffic modeling between crisp
rule-based classification and the more nuanced patterns captured by deep sequence models [24].

4.3. Generalization and implications for ITS
To assess whether the learned behavioral signatures are specific to the US-101 corridor or reflect gen-

eral human driving characteristics, we applied the trained model without retraining to trajectory data from the
geographically distinct NGSIM I-80 dataset. Classification accuracy on this held-out dataset was 94%, a re-
duction of less than three percentage points relative to the in-distribution test set. This degree of cross-dataset
transferability suggests that the microscopic behavioral features acceleration dynamics, lane-change rate, and
headway management encode driving patterns that are relatively stable across different road environments,
consistent with evidence from drone-based studies linking microscopic driving signatures to macroscopic flow
outcomes across diverse urban settings [24]. The ability to generalize without retraining is practically impor-
tant: it indicates that a model trained on one high-resolution dataset could be deployed for driver profiling
in environments where new labeled trajectory data are unavailable, supporting scalable and personalized ITS
applications such as adaptive warning systems and autonomous vehicle interaction [26].

5. CONCLUSION
This work introduces a weakly supervised transformer-based framework for driver behavior profiling,

leveraging NGSIM trajectory data to create distinctive behavioral signatures. By engineering a rich set of
microscopic behavioral features and applying a heuristic proxy labeling strategy, we successfully trained a
model to classify drivers into ‘aggressive’ and ‘normal’ profiles with high fidelity. Crucially, our comparative
analysis demonstrates that the transformer architecture significantly outperforms both recurrent LSTM and non-
temporal baselines. This finding confirms that the self-attention mechanism is uniquely suited for capturing
the long-range temporal dependencies that characterize driving styles. This work demonstrates the feasibility
of creating detailed “behavioral fingerprints” from raw trajectory data, moving beyond macroscopic traffic
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analysis to understand the individual agents. These profiles have significant potential for ITS applications,
including enhancing autonomous vehicle perception by predicting human intent. The primary limitation of this
study is the reliance on heuristic-based labels, which act as noisy proxies for ground truth. Additionally, the
NGSIM US-101 data 2005 is relatively old; shifts in traffic composition and vehicle technology may affect
generalization to modern fleets. Future work will explore unsupervised learning and clustering techniques to
discover these profiles organically from the data, potentially revealing more nuanced behavioral categories, and
integrate explainable artificial intelligence (AI) to interpret the learned fingerprints.
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