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Figure 1. TruckDrive Dataset. Autonomous vehicles, especially heavy trucks, require long planning horizons for safe driving in highway
scenarios due to higher speed and longer breaking distances. This requires perception ranges well beyond 300m, while the most common
datasets are limited to 100m [6, 53]. We introduce the TruckDrive Dataset, a large scale multi-modal benchmark captured with a sensor
setup tailored for long-range perception with LiDAR, radar and 3D annotations up to 400m and images and 2D annotations up to 1000m.

Abstract
Safe highway autonomy for heavy trucks remains an open
and unsolved challenge: due to long braking distances,
scene understanding of hundreds of meters is required for
anticipatory planning and to allow safe braking margins.
However, existing driving datasets primarily cover urban
scenes, with perception effectively limited to short ranges
of only up to 100 meters. To address this gap, we in-
troduce TruckDrive, a highway-scale multimodal driving
dataset, captured with a sensor suite purpose-built for long
range sensing: seven long-range FMCW LiDARs measur-
ing range and radial velocity, three high-resolution short-
range LiDARs, eleven 8MP surround cameras with varying
focal lengths and ten 4D FMCW radars. The dataset of-
fers 475 thousands samples with 165 thousands densely an-
notated frames for driving perception benchmarking up to
1,000 meters for 2D detection and 400 meters for 3D de-
tection, depth estimation, tracking, planning and end to end
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driving over 20 seconds sequences at highway speeds. We
find that state-of-the-art autonomous driving models do not
generalize to ranges beyond 150 meters, with drops between
31% and 99% in 3D perception tasks, exposing a systematic
long-range gap that current architectures and training sig-
nals cannot close. Dataset download, devkit, and videos are
available at: light.princeton.edu/TruckDrive.

1. Introduction
Autonomous driving methods require scene understanding,
robotic planning and control, either implicitly, in an end-to-
end fashion, or in explicit modules, including perception [1,
19, 37, 40, 65], prediction of scene geometry [24, 51] and of
the future evolution of relevant agents [23], tracking of the
environment [16, 59, 65, 67], planning and control [29, 30].

In the last decade, the development of driving meth-
ods have been largely driven by learned models trained
on driving datasets including KITTI [21], Cityscapes [14],
nuScenes [6], Waymo [53] and Argoverse [10, 60], which
predominantly feature urban environments and therefore
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implicitly bias the development of the �eld toward short-
range perception and low-speed driving. This bias is re-
�ected in the annotation range, which typically extends only
70–100 m from the ego-vehicle.

For normal passenger cars driving in urban environ-
ments, short-range perception is suf�cient as lower speeds
convert the limited spatial range into enough temporal fore-
sight to support the 5–10 seconds planning horizons of mod-
ern prediction and planning stacks [17, 46, 54, 63]. For
heavy-duty trucks operating at highway speeds, instead, the
safety envelope is dominated by their high-inertia braking
requirements. At 120 km/h, a fully-loaded truck requires
over 150–200 m to stop, equivalent to 4:5–6 s of look-ahead
perception. Therefore, the necessary braking budget is
severely compromised by limited sensing horizons: an 80 m
range provides only about 2:4 seconds of foresight, and
even 100 m yields merely 3:0 seconds. This entire window
is consumed by sensing and planning latencies, eroding the
time required for safe braking actuation before the maneu-
ver can even begin. This leaves a critically insuf�cient mar-
gin for the vehicle's deceleration and renders strategic plan-
ning, like merging or lane changes, unfeasible.

Driving architectures for long-range perception and
planning are non-trivial: Bird's-Eye-View (BEV) and dense
voxel representations scale quadratically with distance,
leading to exponential growth in compute and memory [47].
Concurrently, the signal-to-noise ratio of distant objects de-
creases sharply due to sensor resolution limits and atmo-
spheric attenuation. Sparse [61] and range-aware meth-
ods [31] alleviate these issues but remain constrained by
calibration drift, temporal uncertainty and sparsity of long-
range supervision. Moreover, performance on short-range
urban benchmarks has begun to saturate, with a decline in
the number of submissions and a �attening in the perfor-
mance gain (Figure 2), with poor generalization capability
beyond 100 m [47] of models designed around these priors.

To close this gap, we introduce TruckDrive, the �rst
large-scale dataset speci�cally designed for long-range,
high-speed autonomous driving. TruckDrive, as presented
in Figure 1, extends the perception range by a factor of �ve
relative to urban benchmarks, compared in Table 1, provid-
ing 2D annotations up to 1;000 m and corresponding 3D
annotations up to 400 m, with 15 to 25 s temporal clips
to support forecasting and end-to-end (E2E) learning. The
dataset includes over 475 k multi-modal synchronized sam-
ples, among which 165 k manually labeled and 310 k un-
labeled for self-supervised and unsupervised research. Our
sensor suite integrates high-resolution (8MP) short and long
focal length cameras, wide-baseline stereo, short and long
range 4D LiDARs and 4D radars, enabling comprehensive
research in perception, prediction and planning.

We evaluate state-of-the-art driving methods for urban
datasets in diverse tasks and observe drops between 31 and

Figure 2. Performance Saturation on Urban Datasets. We
plot the performance of 2D and 3D OD, Tracking, Prediction
and Depth Estimation of NuScenes [6] and Kitti [3] leader boards
across the years and observe a saturation of these benchmarks.

99% in 3D perception tasks beyond 150 m, con�rming that
they do not generalize to long-range regimes. This exposes
a fundamental open challenge in current architectures and
motivates new directions in ef�cient representation learn-
ing, sensor fusion and long-horizon reasoning.

We make the following contributions:
• We present a long-range, high-�delity multi-modal driv-

ing dataset that combines high-resolution 8MP cameras,
large-baseline stereo, 4D LiDARs and 4D radars, en-
abling dense 3D annotations up to 400 m and 2D anno-
tations up to 1 km.

• We provide large-scale data comprising 475 k samples,
including 165 k labeled and 310 k unlabeled frames, with
full raw sensor streams to support supervised, semi-
supervised, and self-supervised research.

• We establish a highway-scale benchmark for percep-
tion, prediction, planning and E2E driving tasks under
high-speed, long-range conditions, �nding several failure
modes and scaling challenges in existing models.

2. Related Work

Public vision datasets [9, 15, 18, 39, 57, 68, 69] have been a
catalyst for progress in computer vision, providing a shared
basis for developing and comparing novel algorithms. Au-
tonomous driving has followed the same pattern where im-
provements in detection, prediction and planning have been
tightly coupled to increasingly capable datasets.
Early Autonomous Driving Datasets. The �eld was pi-
oneered by the KITTI dataset [21] and, later, its extensions
[2, 3, 38, 43, 44], among the �rsts to provide synchronized
camera and LiDAR data with 3D bounding boxes annota-
tions. These datasets, however, are limited to a relatively
small scale, ranges and scenarios.
Large-Scale Multimodal Autonomous Driving Datasets.
The next generation of datasets addressed these limitations
by introducing 360 degrees sensor coverage and a much
larger scale. The nuScenes ecosystem [6] provides a full
sensor suite for 3D perception, which was later comple-



Table 1. TruckDrive Benchmark Comparison. Cross-dataset summary of sensors, synced samples and useful ranges. TruckDrive
couples 7 long range and 3 short range LiDARs with 10 automotive radars, 9 wide/medium �eld of view cameras and 1 � 3 long-focal-
length wide-baseline stereo cameras. It offers 165 thousands annotated samples and additional 310 thousands unlabeled samples and
extends the effective perception range to [�400,+400] meters, focusing on highway long-range scenarios to stress perception capabilities
beyond conventional benchmarks.� NuPlan [7] provides auto-labeled annotations.

Dataset LiDARs Radars Cameras Localization
Sensor Synced Manually Effective
Count Samples Annotated Range

KITTI [21] 1x 64-beam - 2x RGB, 2x grayscale GPS, IMU 7 216k 15k [0, +70]
SemanticKITTI [2] 1x 64-beam - 2x RGB, 2x grayscale GPS, IMU 7 43k 43k [-80, +80]
ApolloScape [58] 2x - 2x RGB, 2x grayscale GPS, IMU 8 143k 20k [-100, +100]
A2D2 [22] 5x 16-beam - 6x GPS, IMU 13 392k 40k [-100, +100]
H3D [49] 1x 64-beam - 3x GPS, IMU 6 27k 27k [-100, +100]
Cityscapes 3D [26] - - 1x Stereo Pair - 2 25k 25k [0, +200]
Lyft L5 [27] 1x - 7x - 8 170k 30k [-100, +100]
A*3D [50] 1x 64-beam - 1x Stereo Pair - 3 39k 39k [-100, +100]
SeeingThoughFog [5] 1x 64-beam, 1x 32-beam 1x 1x Stereo Pair, 1x Gated, 1x FIR GPS,IMU 8 13.5k 13.5k [-120, +120]
NuScenes [6] 1x 32-beam 5x 6x GPS, IMU 14 400k 40k [-100, +100]
NuPlan [7] 2x 20-beam, 3x 40-beam - 8x GPS, IMU 15 62.5M (4.3M� ) [-100, +100]
NuImages [6] - - 1x out of 6 - 6 93k 93k -
Waymo - Perception [53] 1x mid-range, 4x short-range - 5x - 10 230k 230k [-100, +100]
Waymo - End2End [62] - - 8x - 8 321k - -
ONCE [41] 1x 40-beam - 7x - 8 1M 16k [-100, +100]
AiMotive [42] 1x 64-beam 2x 2x RGB, 2x RGB Fisheye GPS, IMU 7 26.5k 26.5k [-200, +200]
Argoverse V2 [60] 2x 32-beam - 1x Stereo Pair, 7x Ring Cameras GPS 11 150k 150k [-250, +250]
MAN TruckScenes [20] 6x 6x 4x GPS, IMU 18 30k 30k [-226, +226]
TruckDrive (Ours) 7x long-range, 3x short-range 10x 1x / 3x Stereo Pair, 9x single GPS, IMU 37 475k 165k [-400, + 400]

mented by nuImages [6], a large-scale dataset focused on
2D object detection (OD), and nuPlan [7], the �rst large-
scale, real-world benchmark for motion planning. Simi-
larly, the Waymo Open Dataset ecosystem [53] offered an
unprecedented scale. While initially focused on perception
tasks, it has since expanded with the Waymo Motion dataset
for trajectory forecasting [17] and the Waymo E2E bench-
mark for evaluating end-to-end driving models. The Ar-
goverse datasets [10, 60] extended the common perception
range up to 150 meters and the Lyft Level 5 dataset [27]
focused on providing large-scale HD maps.
Task-Focused Autonomus Driving Datasets. Along with
the development of large-scale benchmarks, several datasets
have made signi�cant contributions by focusing on speci�c
tasks and modalities. Cityscapes 3D [26] extended the pop-
ular semantic segmentation benchmark [13, 14] with 3D
bounding box annotations, bridging the gap between 2D
and 3D scene understanding. ApolloScape [58] introduced
a massive collection of data with a wide variety of tasks,
including 3D detection, lane segmentation, and dense tra-
jectory information for simulation. Datasets from automo-
tive OEMs, such as A2D2 (Audi) [22], H3D (Honda) [49]
and surround-view truck scenes from MAN Truckscenes
[20], provide data from high-quality, industry-grade sen-
sor con�gurations. KAIST dataset[35] and aiMotive [42]
explored highway driving scenarios, although containing
respectively only 1:2k annotated frames and 12k highway
frames. The ONCE dataset [41] has pushed towards re-
ducing annotation dependency by providing a large-scale
benchmark for self-supervised learning, while A*3D [50]
and SeeingThroughFog [5] explored active learning strate-
gies or novel sensor setups to improve annotation ef�ciency

in highly challenging weather conditions.
Limits of Existing Autonomous Driving Datasets. As
presented in Table 1, prior autonomous driving datasets are
dominated by urban, low speed setting and short effective
ranges: 3D labels are rarely present above 80 meters, an-
notation density decrease rapidly with distance and long-
range sensing is either absent or poorly represented [20, 60].
Moreover, they often offer low annotation amount and sen-
sor modalities are limited to a small set of cameras and short
range LiDARs, pushing models to �t speci�c biases and
leaving safe heavy-vehicle driving as an open challenge.

3. TruckDrive Dataset

We introduce TruckDrive, a long-range, highway-focused
dataset designed for heavy-vehicle autonomy. In this sec-
tion, we �rst describe the TruckDrive domain and data col-
lection process, emphasizing its diverse driving conditions,
specialized sensor suite for high-speed perception and our
cross-modal synchronization strategy. We further detail
our annotation pipeline, which combines manual labeling
with automated multi-view completion and kinematic re-
�nement. Finally, we provide a quantitative analysis and
comparison to foundational datasets (from Table 1), demon-
strating gains in range, speed and trajectory coverage.

3.1. Dataset Domain

TruckDrive targets the driving domain of semi-trucks and
other large commercial vehicles, covering scenarios that
differ signi�cantly from the urban, car-centric datasets com-
monly used in autonomous driving research. The dataset
contains 3; 828 sequences recorded over 2 years across 8



Figure 3. Sensors Position and FoV. Sensor position (top) and the
nominal instrumented horizontal �eld of view (bottom) of, from
left to right, radars, LiDARs and cameras, highlighting the un-
precedented ranges at which they can operate.

Table 2. Sensor Speci�cations and Raw Data Scale. We present
in detail our sensor platform, including RCCB cameras 3D short-
range (SR) LiDARs, a 4D long-range (LR) FMCW LiDAR, and
4D radars, capturing 475 thousands synchronized frames

Camera LiDAR Radar

RCCB
AR0820

4D LR
Aeries II

3D SR
OS0/OS1

4D
ARS540

Make OnSemi AEVA Ouster Continental

Type RCCB FMCW 4D 3D FMCW 4D

Resolution 3848 � 2168 �100 lines 64=128 � 2048 —

FOV (H�V) 52:8 � � 28:9 � 120� � 30 � 360� � 90 � =45� �4 � –�20 �

f (Hz) 5–10 10 20

Raw Captures 6.3M 7.8M 6.0M

Sync Timestamps 569k 744k 601k

Cross-Modal Sync Timestamps: 475k

U.S. states (NM, TX, VA, NC, TN, AR, WV, AZ), reach-
ing a diversity-area metric [53] of 1; 261:3 km2 (16:5�
WOD). Data collection spans all seasons (48% fall, 32%
winter, 15% spring, 5% summer) and diverse weather (80%
sunny/cloudy/overcast, 10% fog, 10% precipitation). Se-
quences last 15{25 s with an average ego trajectory of
500 m, comprising mainly highways (3; 244), followed by
extra-urban (351) and urban roads (233). Driving pat-
terns include 45:8% cruise/accelerate/brake, 36:5% lane
changes/overtakes, 5:4% close cut-ins, and 12:3% complex
layouts (work zones, intersections, unprotected turns). Illu-
mination coverage includes 3; 285 daytime, 367 night, 122
dusk, and 54 dawn sequences.

3.2. Long­Range Sensor Setup

Our sensor suite, mounted on a semi-truck, is optimized
for reliable perception in high-speed environments. Specif-
ically, we employ 7 FMCW LiDARs (AEVA Aeries II),
capable of measuring up to 400 meters and providing ra-

dial velocity, 3 short-range LiDARs (Ouster OS0/OS1),
to account for blind spots and objects very close to the
ego and 10 4D radars (Conti ARS540). Additionally, 11
to 15, depending on the con�guration, RCCB cameras (9
short/medium focal and 1 to 3 long-focal stereo) provide
high resolution imaging (8MP) at all ranges: QA veri�es
extrinsic accuracy below 0:015°, bounding re-projection er-
ror beyond 200m. We report placement and horizontal cov-
erage in Figure 3 and per-sensor speci�cations in Table 2.
FMCW Velocity. We rely on Frequency-Modulated
Continuous-Wave (FMCW) technology, which allows to
capture instantaneous radial velocity vr for each point in
the point cloud. The velocity measurement is derived from
the Doppler-induced phase shift �� through

vr =
�� � �

4�
cos �; (1)

where � is the wavelength and � the angle of incidence.
Geo-Inertial Poses (PPK). For accurate ego motion we
fuse data from 2 GNSS and 4 IMUs in a tailored Post-
Processing Kinematic (PPK) pipeline, yielding reliable
global poses for synchronized frames. Rare failure cases are
complemented with LiDAR SLAM [48], providing ground-
truth trajectories suitable for precise localization.
Sensors Synchronization Each different sensor group is
triggered and synced to a common clock, allowing no more
than 5 milliseconds between each unit capture. Cross-
modal triggers are temporally aligned to enable near-
simultaneous captures. Because our high-resolution cam-
eras use a rolling shutter, showing a row-wise readout,
aligning the other modalities to the image start time would
induce a systematic temporal offset across rows. In-
stead, we de�ne the reference timestamp at the image mid-
exposure and synchronize LiDAR to this anchor

t ref = t start
img + 1

2 Treadout ;
�
� tLiDAR � t ref

�
� � 5 ms; (2)

with a typical Treadout of 54 milliseconds.

3.3. Annotation

We annotate 3D cuboids through a three-stage pipeline that
combines human annotation with automated label re�ne-
ment. To maximize the richness of the annotated data, hu-
man annotators manually curate sequential frames contain-
ing complex interactions or edge cases; in total, more than
2000 scenes are selected. Annotators then label 3D cuboids
and 2D boxes and assign semantic classes. The selected
annotations are subsequently re�ned automatically to en-
force geometric and temporal consistency. For supervised
learning tasks, the dataset provides around 140 k annotated
training samples and 25 k annotated validation samples.
Stage 1: Human Annotation Primitives. During this
stage, annotators produce geometric primitives consisting
of 3D cuboids and 2D boxes (with relative Occlusion and
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