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Fig. 1: Example images and camera trajectories from the proposed MV2

dataset and benchmark. The dataset consists of camera trajectories from sensors
placed on different vehicles - a four-wheeler, a two-wheeler and drone, capturing the
same outdoor scene from diverse viewpoints. The diverse novel viewpoints (red, green,
brown, violet cameras) sampled from different camera trajectories makes MV2 a chal-
lenging Novel View Synthesis (NVS) benchmark, in contrast to existing works where
novel views (red camera) are sampled from train trajectory (blue cameras), and only
consider ground-ground or aerial-aerial NVS evaluation.

Abstract. Differentiable rendering has advanced novel view synthesis
(NVS), yet applying it to real-world driving remains difficult due to
sparse capture viewpoints, dynamic objects, and limited multi-trajectory
data. We introduce the Multi-View Multi-Vehicle (MV2) dataset
and benchmark for evaluating NVS models under large viewpoint changes
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in dynamic urban scenes. MV2 features synchronized captures from a car,
scooter, and drone, each following distinct yet synchronized trajectories.
Training NVS methods on one vehicle’s camera stream and testing on an-
other enables evaluation under substantially larger viewpoint variations
than existing single-trajectory datasets. All sequences are registered via
Structure-from-Motion and camera poses verified using manual pixel-
level correspondence annotations, yielding 50 high-quality scenes with
a total of 12,000 images. Benchmarking recent NVS and camera pose
estimation methods shows that NVS performance degrades with increas-
ing viewpoint disparity, and that feed-forward pose estimators notably
lag behind optimization-based approaches, highlighting MV2 as a rigor-
ous testbed for NVS in driving. The dataset, benchmark protocol, and
project resources are available at https://mv2-dataset.github.io/.

1 Introduction

Differentiable rendering has driven major progress in novel view synthesis (NVS)
- the task of generating unseen views of a scene from a set of posed input im-
ages. NVS holds strong potential for autonomous driving, enabling photorealistic
simulations for training and evaluating perception and planning systems across
diverse viewpoints. However, applying NVS to driving scenarios is challenging
due to sparse camera coverage, dynamic objects, and large untextured regions
like the sky. These issues are amplified when multi-sensor setups (e.g., LiDAR or
multi-camera rigs [3,12]) are unavailable. In this work, we evaluate state-of-the-
art NVS methods [5, 17, 26, 40] in the demanding setting of monocular captures
with large viewpoint variations in novel viewpoints.

Evaluating NVS methods in real-world driving scenarios is limited by the
lack of purpose-built datasets. Most existing benchmarks [10, 33, 42, 44] repur-
pose standard driving datasets [2,3,12,31], which capture a single camera trajec-
tory through traffic scenes. Training and test frames are sampled from the same
path, typically by taking every k-th frame, so these setups only test interpo-
lation, not true generalization to unseen viewpoints. Concurrent efforts remain
constrained: some depend on synthetic data [19], others assume static scenes
by masking dynamic objects [20, 27], and Ma et al. [25] use FID as a proxy
for cross-view evaluation, which measures perceptual realism rather than geo-
metric consistency. Practically, recording identical dynamic scenes from multiple
viewpoints with a single vehicle is infeasible due to traffic constraints.

To address this gap, we present the Multi-View Multi-Vehicle (MV2) dataset
for benchmarking NVS methods in dynamic driving environments. The dataset
is collected using a multi-platform configuration: a four-wheeler (car), a two-
wheeler (scooty) and an aerial vehicle (drone), each equipped with one or mul-
tiple cameras - recording the same scenes from independent, real-world trajec-
tories. The car and scooter follow separate lanes to provide lateral viewpoint
variation, while the drone captures the same scene from above, offering occlusion-
free coverage. Our setup enables a unique evaluation protocol: models trained
on one vehicle’s camera stream are tested on their ability to synthesize views

https://mv2-dataset.github.io/
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from another vehicle’s perspective. The substantial viewpoint differences be-
tween the vehicle trajectories allow us to directly evaluate extrapolation quality,
a key capability missing from existing benchmarks that only measure interpola-
tion [10,33,42,44] .

MV2 defines two evaluation setups based on the camera platform used for
training NVS models. In the first setup Eval-Car-Train, training images come
from one of the car’s onboard camera, while the images from scooty, drone and
the car’s alternate cameras form the test set. In the second setup Eval-Drone-
Train, we consider an aerial-to-ground NVS task, where training uses drone
imagery, and testing is performed on images from car and scooty cameras. In
both setups, we also consider an additional test set consisting of every kth image
from the respective training sequence in line with existing works [24, 38, 39].
This diversity in test images from multiple vehicles enables a comprehensive
evaluation of NVS methods in synthesizing images from novel viewpoints - a
critical requirement in driving simulation [24,38,39].

For each scene, images from all camera sensors are registered to a unified coor-
dinate frame using Structure-from-Motion (SfM). After rigorous annotation and
filtering to remove pose errors, the final dataset comprises 50 scenes with 12,000
images at 1080 � 1920 resolution. We evaluate per-scene optimization–based
and feed-forward NVS methods, including static [17, 26], dynamic [6, 29], and
learning-based 3D Gaussian Splatting (3DGS) approaches [5, 23, 40]. Key find-
ings include:

– NVS performance consistently drops with an increase in camera baseline
between train and test images, demonstrating the effectiveness of MV2 ’s
viewpoint diversity.

– Aerial-to-ground NVS is a challenging setting, where both aerial-specific [32]
and general NVS models struggle.

– Feed-forward 3DGS methods are competitive with per-scene optimization
methods in NVS under wide viewpoint variation between train and test
views.

– Recent feed-forward camera pose estimators [7,8,16,36] lag behind optimization-
based methods [30], highlighting the value of MV2 as a camera pose estima-
tion benchmark.

2 Related Work

In this section, we review existing NVS datasets and methods in the context of
driving scenes.
Driving Datasets for NVS.Datasets for novel view synthesis primarily consist
of densely collected multi-view images of small-scale scenes [1,26]. These datasets
consist of small-scale in-bounded scenes captured with a circular camera trajec-
tory around a given object or part of the scene. In contrast, outdoor scenes face
challenges such as unbounded large-scale scenes, the presence of distant objects
such as sky, and dynamic objects such as vehicles and pedestrians. Several driving
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