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Fig. 1: HetroD is a high-fidelity, drone dataset that captures unstructured maneuvers such as hook turns, aggressive overtakes, queue
cutting, and congested crossings among vehicles, scooters, and pedestrians in heterogeneous traffic environments. These maneuvers are
critical for testing autonomous driving systems yet remain underexplored in the community. To address this, we construct a benchmark
to evaluate existing methods in motion planning, motion prediction, traffic simulation, and conduct a thorough investigation of their
generalization across datasets.

Abstract— We present HetroD, a dataset and benchmark
for developing autonomous driving systems in heterogeneous
environments. HetroD targets the critical challenge of navi-
gating real-world heterogeneous traffic dominated by vulner-
able road users (VRUs), including pedestrians, cyclists, and
motorcyclists that interact with vehicles. These mixed agent
types exhibit complex behaviors such as hook turns, lane
splitting, and informal right-of-way negotiation. Such behaviors
pose significant challenges for autonomous vehicles but remain
underrepresented in existing datasets focused on structured,
lane-disciplined traffic. To bridge the gap, we collect a large-
scale drone-based dataset to provide a holistic observation of
traffic scenes with centimeter-accurate annotations, HD maps,
and traffic signal states. We further develop a modular toolkit
for extracting per-agent scenarios to support downstream task
development. In total, the dataset comprises over 65.4k high-
fidelity agent trajectories, 70% of which are from VRUs.
HetroD supports modeling of VRU behaviors in dense, het-
erogeneous traffic and provides standardized benchmarks for
forecasting, planning, and simulation tasks. Evaluation results
reveal that state-of-the-art prediction and planning models
struggle with the challenges presented by our dataset: they fail
to predict lateral VRU movements, cannot handle unstructured

maneuvers, and exhibit limited performance in dense and
multi-agent scenarios, highlighting the need for more robust
approaches to heterogeneous traffic. See our project page for
more examples: https://hetroddata.github.io/HetroD/

I. INTRODUCTION

Navigating heterogeneous traffic remains one of the core
challenges in the development of autonomous driving sys-
tems, particularly due to vulnerable road users (VRUs),
including cyclists, pedestrians, and motorcyclists, who inter-
act with vehicles in complex ways. In recent years, data-
driven modeling has become the dominant approach for
autonomous driving development, as it provides a scalable
way to capture complex traffic interactions with less human
effort than rule-based modeling. However, most publicly
available datasets primarily capture lane-disciplined traffic
and vehicle-to-vehicle interactions [8]. They include little
data on VRUs (Table I) and heterogeneous interactions.
As a result, they miss many real-world situations where
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TABLE I: Comparison of Datasets on Interaction, Density & Diversity Metrics. We report key statistics across on-board and drone-
view datasets. Interaction Scale1 is the total number of interactions, computed per dataset by aggregating over all its scenarios and then
normalized across datasets. Heterogeneous Interaction Scale2 counts cross-type interactions with the same per-dataset aggregation and
normalization. Geographical Density3 represents the average number of agents per unit area A within an 8-second window. VRUs4 denotes
the proportion of VRUs among all traffic agents. All metrics except VRUs are min–max normalized to [0,1] across datasets where the
metric is available; VRUs is reported in percent. Normalization is used for cross-dataset comparability rather than absolute interaction
frequency. Boldface indicates the highest value among all datasets, while underlined values denote the highest among drone-view datasets.

Dataset Platform Tracks Duration Interaction
Scale1

Heterogeneous
Interaction Scale2

Geographical
Density3

VRUs
(%)4

NuScenes [1] On-board ∼90k† 320h 0.675 0.549 — 20.1%
Waymo [2] On-board 7.6M 574h 1.000 1.000 — 11.5%
Argoverse2 [3] On-board 13.9M 763h 0.632 0.318 — 10.0%
NuPlan [4] On-board ∼5M† 1282h 0.274 0.213 — 46.3%

INTERACTION [5] Drone 40k 16.5h 0.132 — 0.011 —
inD [6] Drone 13.5k 10h 0.071 0.185 0.023 39.4%
SinD [7] Drone 13.2k 7.02h 0.099 0.324 0.016 62.1%
HetroD Drone 65.4k 17.5h 0.223 0.889 0.026 69.9%
† Estimated values based on official statistics.
— Metric not available.
1 Sinter =

∑
scenarios Dinter.

2 Shet =
∑

scenarios

∑
i,j 1(TTCi,j<2 s∧typei ̸=typej)

.

3 Dgeo = N/A, where N is the number of agents within an 8 s window
and A is the corresponding area.
4 VRUs = 100 × NVRU

NVRU+NVeh
(VRU: pedestrians, bicycles/cyclists, mo-

torcycles, tricycles; Vehicles: cars, trucks, buses, vans).

different road users compete for space and negotiate right-
of-way through subtle, culture-specific cues [9]. Therefore,
downstream models and widely used simulators inherit these
biases: they either hard-code simplified VRU templates [10]
or merely replay recorded trajectories, such as Waymax [11]
and NuPlan [4], which limits their ability to capture het-
erogeneous reactive dynamics. These limitations are further
discussed in Section II.

This gap between current datasets and real-world scenes
calls for data that captures the intricate interactions among
mixed agents. Achieving such comprehensive data collec-
tion requires observation methods that overcome the occlu-
sions and limited field-of-view inherent in on-board sensors.
Drone-based observation provides a holistic scene coverage
and temporal evolution of traffic participants, essential at-
tributes for VRU interaction modeling.

We introduce HetroD, a drone-captured dataset collected
across six topologically diverse, high-traffic urban locations
in Taiwan. While the existing drone-based dataset SinD [7]
marks an important first step in capturing heterogeneous
traffic interactions, HetroD offers a substantially larger in-
teraction scale, with up to twice the number of cross-
agent interactions (Table I). In addition, HetroD involves a
wide range of intricate maneuvers such as hook turns, lane
splitting, and aggressive overtakes and offers topological di-
versity across six intersection archetypes. The dataset further
includes centimeter-accurate HD maps, bounding boxes, and
traffic signal states. Together, these traits position HetroD as
a new testbed for developing autonomous driving systems in
dense heterogeneous traffic.
Our contributions are summarized as follows:

• We construct a drone dataset with centimeter-level an-
notations of heterogeneous traffic. The dataset spans
17.5 hours and contains over 65.4k agent tracks, 70%
from VRUs.

• We establish benchmarks with standardized evaluation

protocols for motion prediction, planning, and cross-
dataset evaluation.

• We show that state-of-the-art prediction and planning
methods face clear limitations on HetroD: they struggle
to predict lateral VRU movements, handle specific ma-
neuvers, and sustain performance in dense multi-agent
scenarios.

II. RELATED WORK

Autonomous driving datasets vary by their sensing modal-
ities and deployment context. We group related work into
four categories: on-board, infrastructure-view, drone-view
datasets, and unified development frameworks. Table I sum-
marizes key characteristics of relevant datasets.
On-Board Sensor Datasets. Prior works [12], [13], [2], [1],
[14], [15], [16], [3], [17], [18], [19] offer rich multimodal
data but suffer from occlusions and limited VRU coverage
in dense traffic [12], [2], [1]. While METEOR [20] pio-
neered heterogeneous traffic capture, its vehicle-centric data
collection approach underrepresents VRU interactions. Fur-
thermore, it lacks HD maps and comprehensive annotations
needed for detailed traffic analysis.
Infrastructure-View Datasets. These datasets [21], [22],
[23], [24], [25], [26], [27], [28], [29] use fixed cameras or
V2X sensors to reduce occlusion, but often suffer from low
spatial resolution that hampers small object detection [21],
[25], inaccurate camera calibration affecting accurate local-
ization [27], [28], or limited cross-agent type diversity [26],
[23], limiting their utility for modeling heterogeneous agent
behaviors.
Drone-View Datasets. Existing drone datasets [30], [31],
[5], [22], [32], [33], [6], [34], [35], [7], [36], [37], [38],
[39], [40] provide occlusion-free, global views and are ideal
for interaction modeling and analysis. However, many are
collected in lane-disciplined settings [31], [34] and exhibit
fragmented VRU tracks due to the difficulty of annotating
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Loc. 1 – Busy intersection Loc. 2 – Complex intersection 

Loc. 3 – Unsignalized intersection 

Loc. 5 – Complex intersection Loc. 6 – Busy Straight Road 

Loc. 4 – Unsignalized intersection 

Fig. 2: Aerial views of the six recording locations in HetroD,
capturing diverse urban traffic scenarios.

small objects [41], [40]. In addition, they also underrepresent
unstructured maneuvers, such as informal yielding, weaving,
or reverse flows. To the best of our knowledge, we are
the first dataset that provides both per agent, centimeter
accuracy in ground truth, and wide area coverage across di-
verse, heterogeneous urban environments for benchmarking
autonomous vehicles in VRU-rich contexts.
Unified Development Toolkit. Recent development toolkits
for tasks such as trajectory forecasting, scenario generation,
and reinforcement learning [42], [43], [44], [45], [46], [47],
[48] offer standardized interfaces to facilitate rapid develop-
ment. However, existing drone datasets lack a suitable toolkit
to enable collective development within the community. To
address this, we make the first attempt to streamline exist-
ing toolkits such as ScenarioNet [43] and GPUDrive [47]
(see Fig. 5) to be compatible with HetroD. We invite the
community to tackle these critical challenges collectively.

III. THE HETROD DATASET

HetroD is a large-scale drone-view dataset comprising
17.5 hours of ultra-high-resolution (5.4K) video, collected
across six topologically and behaviorally distinct urban sites
in Taiwan. As shown in Fig. 2, the dataset captures diverse
traffic scenarios including busy signalized intersections (Lo-
cations 1, 2, and 5), unsignalized intersections (Locations
3 and 4), and a busy straight road segment (Location 6).
It encompasses over 65.4k unique trajectories across these
varied traffic environments—archetypes rarely represented
together in existing datasets.

Fig. 3: Agent-type distribution of HetroD (center) compared against
two prior datasets, inD and SinD.

Fig. 4: Cross-type interaction patterns and TTC/DRAC dis-
tributions. In the chord diagrams (top), link thickness indicates
the number of cross-type interactions between agent categories,
with color denoting time-to-collision (TTC) [49] bands (0–1, 1–2,
2–3, 3–4, 4–5 s; lower indicates higher risk). The bottom panels
show marginal distributions of TTC and deceleration rate to avoid
crash (DRAC) [50]. HetroD exhibits denser and riskier cross-
type interactions, particularly among vehicles, two-wheelers, and
pedestrians with a clear shift toward shorter TTC and higher DRAC,
highlighting the prevalence of complex VRU interactions in HetroD
compared to other datasets.

A. Dataset Construction

HetroD is created from drone videos recorded continu-
ously for approximately 20 minutes per flight at 25 or 30
FPS. Location 5 was recorded from 120 m above ground
level (AGL), while all other locations were recorded from
100 m AGL. The videos are processed by an automated
pipeline that removes distortion using the drone’s intrinsic
camera parameters and stabilizes the videos. Afterwards, vis-
ible road users are detected and classified using deep neural
networks. The subsequent tracking step creates trajectories
from the detections, while Kalman filter [51] predictions
are used to fill in small gaps. The trajectories are refined
afterwards using a series of post-processing steps to create
smooth and precise trajectories and to remove false positives.
The refined trajectories then undergo two quality assurance
cycles. In each cycle, the results of automatic checks and
manual inspection are reviewed and fixed. This yields highly
accurate trajectory data without tracking errors. For each
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Fig. 5: We develop a unified development toolkit that converts a
wide range of traffic scene datasets into standardized, agent-centric
data formats [43], [44], [46], [47], enabling seamless comparisons
across datasets for forecasting, planning, and simulation.

recording location, HD maps are created from an orthophoto
of the respective scene. We provide maps in Lanelet2 [52]
and OpenDRIVE [53] formats. The data, orthophoto and HD
map are referenced against a common local metric frame
Flocation for each location. Traffic light states are derived from
ground-based recordings using deep neural networks or from
traffic light state diagrams for the location. In case of ground-
based recordings, a mask is applied to ensure privacy of road
users. Trajectory and traffic light data are synchronized in
time to enable matching of traffic light states to the trajectory
data.

B. Dataset Properties

To meaningfully quantify traffic complexity in dense,
heterogeneous environments, we introduce four normalized
metrics that capture spatial, behavioral, and interaction-
level diversity (see Table I). These metrics (ranging from
interaction scale to the presence of VRUs) are computed
based on full drone-captured datasets. To ensure fair com-
parison across datasets of varying durations, all metrics
are upsampled or downsampled to match the duration of
HetroD (17.5 hours), and normalized accordingly. Scale-
related metrics are computed using full-dataset coverage.
Together, these metrics enable robust cross-platform and
cross-dataset comparisons of traffic complexity. Our dataset
analysis reveals two fundamental findings:

• Dataset scale and interaction complexity: HetroD

contains the largest number of unique agent tracks
and exhibits the highest levels of interaction scale and
heterogeneous interaction scale among existing drone-
view datasets.

• Cultural and behavioral richness: While SinD [7]
offers a balanced distribution of agent types, HetroD
presents a unique setting where scooters outnumber
vehicles, reflecting traffic patterns not captured in prior
datasets (Fig. 3). These agents demonstrate complex
behaviors such as weaving, filtering, and informal ne-
gotiation, rarely modeled at scale. Risk indicators like
TTC [49] and DRAC [50] reveal significantly higher
latent conflict rates (Fig. 4).

C. Unified Development Toolkit

To facilitate community adoption, we develop a toolkit
that converts HetroD data into formats compatible with
popular autonomous driving frameworks (Fig. 5) including
ScenarioNet [43], ScenarioMax [46], GPUDrive [47], and
trajdata [44]. This enables researchers to leverage Het-
roD for motion prediction, planning, simulation, and cross-
dataset evaluation without extensive preprocessing, making
the dataset immediately usable within existing development
workflows.

Leveraging this diversity, HetroD fills a long-standing gap
in heterogeneous traffic modeling and unlocks two pivotal
research axes:

• High-fidelity heterogeneous traffic simulation: From
full-scene replay to reactive VRUs modeling.

• VRUs motion prediction and cross-domain gener-
alization: Enabling out-of-distribution testing on rare,
unstructured maneuvers.

IV. EVALUATION

We construct a set of challenging per-agent scenarios from
HetroD. Specifically, we sample agents exhibiting non-trivial
behavior such as long traversals, abrupt heading changes,
and dense interactions within multi-agent contexts. These
selected agents are used to instantiate per-agent scenarios
for evaluation.

A. Motion Forecasting

We evaluate the cross-dataset generalization of two state-
of-the-art predictors, MTR [54] and Wayformer [55], on
HetroD under the UniTraj [45] protocol. Models are trained
on NuScenes, Waymo, SinD, and HetroD, and evaluated on
each test set using the Brier-FDE metric [3], which measures
probabilistic endpoint accuracy (lower is better). As shown in
Table II, performance drops significantly, particularly when
transferring from drone-view training data to on-board test
sets. To further analyze the factors contributing to model
performance, we follow the original MTR implementation,
training with anchor files (trajectory endpoint cluster centers
that guide the model’s search space) generated from each
training dataset and evaluate three distinct data-splitting
regimes on HetroD, as summarized in Table III: (1) a ran-
dom split, where training and testing samples are randomly
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partitioned; (2) a map-based split, with training and testing
conducted on geographically disjoint locations; and (3) a
time-based split, where training uses data from busy hours
(7-9 AM) and testing uses data from non-busy hours (11
AM-12 PM). Our findings are:

• In-domain superiority: Training and testing on the
same dataset yields strongest performance but exhibits
large cross-domain gaps.

• Drone-view generalization advantage: Models trained
on drone-view data generalize better to other drone
datasets than on-board models generalize to drone-
view tests, owing to the near-complete, occlusion-free
coverage of drone videos, whereas on-board datasets
often yield fragmented or discontinuous tracks for non-
ego agents due to limited field of view (FOV) and
occlusions. Notably, even when MTR is provided with
test-domain anchors, the performance gap remains sub-
stantial, suggesting that viewpoint geometry rather than
anchor mismatch drives this distribution shift.

• Map sensitivity: Map shifts substantially harm in-
domain accuracy (166% increase in error for MTR).

• Temporal robustness: Time shifts have minimal in-
domain impact (5% decrease in error for MTR).

• Sensitivity to anchor priors: In MTR, the low in-
domain Brier-FDE rises sharply with map changes,
indicating strong dependence on the anchor prior.

• Model trade-offs: MTR outperforms Wayformer when
trained on drone data but is more sensitive to map shifts,
while Wayformer remains more consistent across on-
board datasets.

These results reveal fundamental limits of current forecast-
ing models in heterogeneous traffic and highlight the value
of occlusion-free drone data, which provides complete scene
coverage and enables new research opportunities on dense
multi-agent interactions.

1) Scenario-Conditioned Evaluation: To analyze failure
modes, we stratify evaluation by agent type and cross-
type interaction risk. Agent types are vehicles, two-wheelers
(scooters & motorcycles), and pedestrians. Cross-type inter-
action risk is measured by the minimum time-to-collision
(TTC) between the focal agent and agents of different types:
High (TTC < 2 s), Moderate (2 ≤ TTC < 4 s), and Low
(TTC > 4 s). We also examine scene-level heterogeneity
(low vs. high) using a combined score of local density and
Shannon diversity [56] within a 10 m radius of the ego agent,
and bin scenes accordingly.

Table IV shows that denser, more heterogeneous scenes
and higher cross-type interaction risk yield larger errors
(High > Moderate > Low across training sets). Across agent
types, two-wheelers are generally the hardest to forecast,
while pedestrians exhibit the smallest absolute Brier-FDE
largely because they travel shorter distances. In terms of
predictability of behavior, vehicles are typically easier to
model due to more regular lane-following dynamics, whereas
pedestrians’ intentions can still be harder to anticipate despite
their short displacements. Irregular two-wheeler maneuvers
(e.g., weaving, filtering, abrupt lane changes) further increase

difficulty and degrade performance. As heterogeneity and
interaction risk increase, errors rise consistently. In high-
density heterogeneous scenes, qualitative inspection indicates
that MTR trained on Waymo tends to over-project and
under-capture subtle multi-agent interactions, highlighting
the challenge of forecasting complex, VRU-rich traffic.

TABLE II: Cross-dataset Brier-FDE (↓) for MTR [54] and
Wayformer [55], two state-of-the-art motion prediction models.
Rows correspond to training datasets, and columns to testing
datasets. The HetroD row adopts the same-map setting from the
ablation study. Models trained on Waymo or NuScenes generally
over-predict due to heterogeneous traffic complexity.

Test

Train NuScenes Waymo* SinD HetroD

MTR

NuScenes 2.95 10.43 5.14 6.76
Waymo 4.01 2.28 4.26 6.71
SinD 16.07 26.34 2.06 3.30
HetroD 21.39 26.49 3.71 0.44

Test

Train NuScenes Waymo* SinD HetroD

Wayformer

NuScenes 2.99 8.79 5.23 9.37
Waymo 2.67 2.20 3.53 10.75
SinD 8.23 13.40 1.96 9.23
HetroD 19.57 25.28 8.06 0.75

Waymo* uses 30% of its original training data due to resource constraints.

TABLE III: Ablation on HetroD under different training/testing
splits. We compare three regimes: same-map, different-map, and
different-time. Values report Brier-FDE (↓) on the HetroD test set.
Parentheses indicate percentage change relative to the in-domain
baseline (same-map).

Setting MTR Wayformer

Same-map 0.44 0.75
Diff-map 1.17 (+166%) 1.53 (+104%)
Diff-time 0.42 (−5%) 0.76 (+1%)

2) Latent Scenario Embeddings: We extract the final de-
coder query embeddings from the Wayformer model trained
on Waymo (chosen for its strong cross-domain performance),
pool them per scenario, and project to 2D with t-SNE [57]
for cross-dataset visualization. As shown in Fig. 6, randomly
sampled scenarios indicate that Waymo and NuScenes share
similar latent structure with substantial overlap, whereas
HetroD scenarios occupy distinct regions, reflecting complex
behaviors and marked differences in heterogeneity, density,
and interaction patterns relative to popular on-board datasets.

We further annotate scenarios with their normalized Brier-
FDE scores for qualitative analysis. Results show that Het-
roD scenarios are particularly challenging: the model fre-
quently over-predicts in dense VRU interactions, failing to
fully capture rich frontal interactions and nuanced intent
among crowded agents. The small physical size of two-
wheelers and pedestrians makes anticipating their lateral
interactions with the ego agent more difficult. Moreover,
unique and complex behaviors (e.g., irregular maneuvers or
unexpected lane usage) remain extremely difficult to forecast
and generalize.
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Fig. 6: Latent scenario embeddings (left) and error map (right). Left: Points represent scenarios colored by dataset × agent type. Right:
Same embedding colored by normalized Brier-FDE (↓); warmer indicates higher error. Orange boxes highlight characteristic clusters. Left
insets: Example HetroD scenarios with complex behaviors. Right insets: Model predictions in dense VRU scenarios.

TABLE IV: Scenario-conditioned Brier-FDE (↓) on HetroD test
scenarios. MTR models trained on Waymo*, SinD, and HetroD are
evaluated on stratified HetroD test cases grouped by agent type,
cross-type TTC risk, and scene-level heterogeneity.

Scenario MTR-Waymo* MTR-SinD MTR-HetroD

Agent type
Vehicle 3.64 2.55 0.83
Two-wheeler 8.69 4.63 1.16
Pedestrian 2.85 1.17 0.26

Cross-type TTC risk
High risk (TTC< 2 s) 8.51 4.76 1.25
Moderate (2 ≤ minTTC < 4 s) 8.48 4.67 1.19
Low (TTC> 4 s) 7.87 4.00 0.90

Scene-level heterogeneity
Low heterogeneity density 5.01 3.08 0.90
High heterogeneity density 8.04 4.25 1.06

Per-block % of filtered HetroD evaluation cases. Agent: Vehicles 39.4%,
Two-wheelers 51.5%, Pedestrians 9.1%; TTC: High 26.5%, Moderate 8.7%,
Low 64.8%; Scene heterogeneity: Low 66.3%, High 33.7%.

B. Motion Planning

We evaluate planner performance using the V-Max frame-
work [46] under the NuPlan closed-loop, non-reactive scor-

ing protocol. We use 4,420 HetroD vehicle scenarios and
compare two rule-based planners: the Intelligent Driver
Model (IDM) [58] and PDM-Closed [59], a strong planner
from the NuPlan benchmark [4], [11]. To better reflect the
challenges of VRU interactions, we augment the evaluation
with a VRU-specific collision breakdown that separates front
and lateral contacts involving two-wheelers and pedestrians,
cases that standard forward-collision checks often miss in
overtakes and unstructured flows.

As shown in Table V, both rule-based planners exhibit
clear performance drops on HetroD compared to NuPlan:
aggregate scores decrease, comfort deteriorates, and at-fault
collisions rise. The collision breakdown in Table VI shows
that failures on HetroD frequently involve lateral VRU in-
teractions, indicating that planners optimized for structured,
vehicle-centric settings struggle to anticipate side interac-
tions. Fig. 7 illustrates representative failure modes, where
PDM-Closed struggles with four common heterogeneous
traffic scenarios: (1) busy straight road navigation requiring
continuous multi-agent reasoning, (2) unprotected left turns
with crossing VRUs, (3) narrow road negotiations demanding
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TABLE V: Closed-loop, non-reactive planning results. To ensure a fair comparison, we disabled the off-road penalty in the NuPlan
aggregate score because, in dense, high-flow, and very narrow-road scenes, these rule-based planners tend to rigidly follow map centerlines
rather than adapting, making off-road violations disproportionately likely and obscuring interaction-induced failures.

Dataset Planner NuPlan
Score ↑

TTC
Within Bound ↑

Progress
Ratio ↑

Multiple
Lane Score ↑ Comfort ↑ At-Fault

Collisions ↓

NuPlan IDM 0.85 0.94 0.92 0.99 0.48 0.016
PDM-Closed 0.83 0.97 0.91 0.99 0.31 0.006

HetroD IDM 0.68 0.91 0.81 0.89 0.37 0.074
PDM-Closed 0.70 0.95 0.78 0.97 0.21 0.040

TABLE VI: VRU collision breakdown on HetroD. At-fault
collision rate (↓) decomposed into VRU front vs. lateral contacts
for IDM and PDM-Closed.

Planner At-Fault
Collision Rate

VRU Front
Collision Rate

VRU Lateral
Collision Rate

IDM 0.074 0.008 0.031
PDM-Closed 0.040 0.004 0.022

Busy Straight Road Unprotected Left Turn

Narrow Road Negotiation Right Turn Negotiation

Fig. 7: PDM-Closed planner failures on HetroD. Red boxes indicate
ego vehicle collisions. Colors denote traffic participants (blue:
vehicles, brown: VRUs).

precise lateral spacing, and (4) right turn negotiations with
surrounding VRUs. These qualitative examples reinforce
our quantitative findings—rule-based planners lack the in-
teraction awareness needed for dense, heterogeneous traffic,
motivating planning objectives that explicitly account for
lateral, multi-agent behaviors in unstructured environments.

V. CONCLUSIONS

In this work, we introduce HetroD, the first dataset and
benchmark that addresses the need for heterogeneous traf-
fic. It comprises 65.4k VRU-rich trajectories, HD maps,
and traffic signal states. Our evaluation reveals fundamental
limitations in current autonomous driving approaches when
deployed in heterogeneous traffic scenarios. As traffic hetero-
geneity increases, state-of-the-art forecasting and planning
methods exhibit significant performance degradation. We
identify two critical failure modes: two-wheelers emerge
as the most challenging agent type for accurate prediction,
while rule-based planners demonstrate disproportionately
high lateral VRU collision rates despite maintaining strong
lane-keeping performance. Therefore, future work will focus
on utilizing HetroD for VRU modeling and simulation, ulti-
mately increasing the safety and compatibility of autonomous
driving in heterogeneous traffic environments.
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