
Leveraging 2D Priors and SDF Guidance for Dynamic Urban Scene Rendering

Siddharth Tourani2,3 Jayaram Reddy1 Akash Kumbar1 Satyajit Tourani1

Nishant Goyal5 Madhava Krishna1 N Dinesh Reddy4 Muhammad Haris Khan2

1 IIIT Hyderabad, 2MBZUAI, 3University of Heidelberg, 4 VLM Run, 5 IIT Kharagpur

https://dynamic-ugsdf.github.io/

Abstract

Dynamic scene rendering and reconstruction play a cru-
cial role in computer vision and augmented reality. Recent
methods based on 3D Gaussian Splatting (3DGS), have en-
abled accurate modeling of dynamic urban scenes, but for
urban scenes they require both camera and LiDAR data,
ground-truth 3D segmentations and motion data in the form
of tracklets or pre-defined object templates such as SMPL.
In this work, we explore whether a combination of 2D ob-
ject agnostic priors in the form of depth and point track-
ing coupled with a signed distance function (SDF) repre-
sentation for dynamic objects can be used to relax some of
these requirements. We present a novel approach that in-
tegrates Signed Distance Functions (SDFs) with 3D Gaus-
sian Splatting (3DGS) to create a more robust object rep-
resentation by harnessing the strengths of both methods.
Our unified optimization framework enhances the geomet-
ric accuracy of 3D Gaussian splatting and improves defor-
mation modeling within the SDF, resulting in a more adapt-
able and precise representation. We demonstrate that our
method achieves state-of-the-art performance in rendering
metrics even without LiDAR data on urban scenes. When
incorporating LiDAR, our approach improved further in
reconstructing and generating novel views across diverse
object categories, without ground-truth 3D motion annota-
tion. Additionally, our method enables various scene edit-
ing tasks, including scene decomposition, and scene com-
position.

1. Introduction
Representing and modeling large-scale dynamic scenes
serves as the foundation of 3D scene understanding, play-
ing a critical role in various autonomous driving tasks such
as 3D object detection [6, 11], motion planning [69] and
simulation of safety-critical scenarios [15, 81]. As long as
driving simulators like CARLA [15] and MARS [90] work
with synthetic data, there remains a big domain gap to real-
world driving scenarios, which can lead to adverse results

Figure 1. We propose Urban Gaussians via Signed Distance
Functions (UGSDF) for dynamic object modeling and rendering
in urban scenes. UGSDF maintains a Signed Distance Func-
tion (SDF) and 3D Gaussian Splatting (3DGS) representation to
model and render a dynamic object. It can be used for object re-
moval, scene decomposition, scene composition (inserted object
indicated with green arrow) and other tasks related to simulation
in urban scenes.

when deployed in self-driving cars [65].
To mitigate the domain gap, real-world data integration

is essential. Neural Radiance Fields (NeRFs) [50] and 3D
Gaussian Splatting (3DGS) [33] excel in scene reconstruc-
tion and novel view synthesis with high visual fidelity but
may compromise geometric accuracy. In contrast, Signed
Distance Fields (SDFs) offer precise surface modeling but
require dense representations to achieve comparable visual
fidelity.

Separate from real-world verisimilitude, reconstructing
dynamic driving scenes is challenging due to diverse ac-
tors, sensor noise, complex motions, occlusions, and so
on. Early methods to tackle these challenges focused on
static scenes [26, 49, 64, 68]. Recent methods handle
dynamic scenes by either (i) decomposing the scene into
static and dynamic components via NeRFs [68, 78, 96] and
3DGS [12, 29, 105] or (ii) constructing a scene graph [13,
17, 39, 55, 70, 90, 97] in which dynamic actors and static
background are represented as nodes with edges encoding
relative transformations that represent each actor’s motion
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over time. Henceforth, we refer to any dynamic entity in a
scene, including pedestrians as objects.

Also of interest are methods for dynamic scene estima-
tion [40, 46, 47, 69, 72, 73, 84, 85, 93, 98] that work
on casually captured videos. These methods are object-
agnostic and take as input point tracking or optical flow
data to capture object motion, depth, and camera poses for
3D information to render monocular sequences for novel
viewpoints. Unlike these casually captured videos, traffic
datasets typically have both camera and LiDAR data, as
well as camera intrinsics, extrinsics, and object motion in-
formation in the form of object tracklets and for pedestrians
SMPL templates.

We introduce Urban Gaussians via Signed Distance
Functions (UGSDF) ( Fig. 1), a novel approach that reduces
reliance on 3D object-specific motion annotations and Li-
DAR by leveraging 2D priors from depth networks and
point trackers to extract 3D information and motion cues.
In addition to standard driving dataset inputs—images, in-
trinsics, extrinsics, object masks and optionally LiDAR, our
method also incorporates object tracks from a point tracker
and depth from a depth network. This enables state-of-
the-art scene reconstruction and view synthesis without re-
quiring object tracklets, 3D bounding boxes, or SMPL tem-
plates. UGSDF models dynamic objects using a combina-
tion of 3D Gaussian primitives and a Signed Distance Func-
tion (SDF), integrating their complementary strengths for
enhanced rendering and geometric accuracy. The 3D Gaus-
sians facilitate motion modeling and high-fidelity rendering,
generating depth maps that refine SDF ray sampling. In
turn, the SDF smooths surfaces and aids in Gaussian place-
ment, iteratively improving the scene’s geometry. This dual
representation effectively captures dynamic objects while
remaining adaptable to static scenes by simply omitting mo-
tion modeling when unnecessary.
Our contributions are:
• 2D Prior Based Dynamic Object Modeling In Urban

Scenes Our method derives motion and 3D structure in-
formation of dynamic objects from off-the-shelf point-
trackers [32] and metric depth networks [58] by learning
a dual SDF and 3DGS representation. It does so without
using 3D tracklet like motion information.

• SDF based improvement of Gaussian primitive distri-
bution We train an SDF deformation network to model
the geometry of a dynamic object, which we in-turn query
to improve the localization of Gaussians on the dynamic
object. Likewise, we use the location of the Gaussians to
focus the ray-sampling of the SDF network.

• State-of-the-art results on Reconstruction and Novel
View Synthesis of Dynamic objects The learned dual
representation excels in scene reconstruction and novel
view synthesis, surpassing template-free methods on
KITTI [21] and Waymo [67], and even outperform-

ing template-based methods in some cases. We further
demonstrate its versatility on casually captured datasets.

2. Related Works
Dynamic Modeling of Urban Scenes Neural representa-
tions [2, 3, 18, 33, 50, 52] have emerged as a dominant
force in novel view synthesis, and have since been ex-
tended to dynamic scenes. Deformation based methods
like [5, 30, 42, 43, 47, 56, 57, 59, 76, 88, 89, 91, 98, 106],
warp time-varying observations to a canonical space via a
deformation network or input image timestamps (or latent
codes) into neural representations. These techniques are
typically limited to small scenes, making them less effec-
tive for dynamic urban environments.

Dynamic Decomposition based methods like [29, 78,
96] have demonstrated reconstruction abilities for dynamic
driving scenes, but are limited in control due to their using
a single dynamic field for all scene objects.

Scene Graph-based methods, such as [13, 17, 55, 70, 90,
94, 97], model dynamic objects using separate neural rep-
resentations within a scene graph. These approaches re-
quire ground-truth motion data, along with 3D bounding
box tracklets and 2D masks. Additionally, OmniRe [13] in-
corporates SMPL templates for modeling pedestrians. Our
method shows using 2D priors in the form of point trackers
and depth networks when combined with our dual repre-
sentation of SDF networks and 3D Gaussians can also yield
high-fidelity novel-view synthesis without requiring any 3D
annotations, even without LiDAR data.
Neural Surface Reconstruction Meets 3DGS Neural ren-
dering has advanced neural surface reconstruction [44, 53,
83, 86, 99, 100], using neural networks to represent scene
geometry through occupancy fields or SDF values. Recent
methods [44, 63, 87] leverage hashed feature grids [52]
for enhanced representation power, achieving excellent
results. Hybrid techniques combining surface and vol-
ume rendering [63, 79, 87] improve both speed and qual-
ity. Approaches like [25, 92, 102] align 3D Gaussians
with surfaces, while [28] enhances ray-splat intersections.
NeuSG [10] and 3DGSR [48] use 3D Gaussian Splatting
with SDF fields for static scenes. To our knowledge, we
are the first to combine SDFs and 3DGS for dynamic urban
scenes for modeling individual dynamic objects.
SAM Meets 3DGS Semantic-NeRF [103] pioneered inte-
grating semantic information into NeRF, enabling 3D seg-
mentation from noisy 2D labels. Later work [4, 19, 39, 66]
introduced object-aware representations with instance mod-
eling, relying on ground-truth labels. For open-world seg-
mentation, approaches [22, 35, 38, 77] distilled 2D fea-
tures from foundation models [7, 41, 61] into radiance
fields [60, 104], but struggled with similar objects. SAM’s
open-world segmentation [8, 9, 27, 31, 36, 37, 95, 101] was
adopted for applying 3D segmentation to static and dynamic



Figure 2. Overview UGSDF takes posed images, dynamic object masks, 2D tracking data, and depth maps (optionally LiDAR) as input,
and outputs rendered dynamic scene. The initial model is constructed through canonicalization described in Section 4.1. A dynamic
3DGS motion representation described in Section 4.2. The object of interest is represented using a combined representation of Signed
Distance Functions (SDFs) and 3D Gaussian Splatting (3DGS) as detailed in Section 4.3 and the joint optimization scheme is described
in Section 4.5. These two representations are jointly learned. The coarse geometry of the Gaussians constrains the ray sampling of the
SDF, while SDF queries add detail to the Gaussian representation.

but indoor scenes. In contrast, to the best of out knowledge,
ours is the first method to use per-object SAM masks to
learn 3D consistent segmentations in urban scenes without
additional 3D annotations.

3. Preliminaries
3D Gaussian Splatting 3DGS [33] represents the 3D scene
as differentiable 3D Gaussian primitives. Each Gaussian
primitive is defined by the tuple (µ,R, s,o, r) where µ ∈
R3 is its mean, R and S are the orientation and scale of
the Gaussians. o ∈ R and r ∈ R3 are the opacity and
color (represented as the RGB value) of the Gaussians. We
denote the rendering operation Î = R(G,K,E) where R is
the rendering function, K, E are the camera intrinsics and
extrinsics. G is the set of Gaussians and the output Î is the
rendered image. We can rasterize normal maps, depth maps
and mask images by modifying the rendering equation as
in [14, 80].
Neural Implicit SDFs Signed Distance Functions (SDFs)
offer an effective way for representing surfaces implicitly
as a zero-level set, {x ∈ R3 | Γ(x) = 0}, where Γ(x) is
the SDF value from a neural network Γ(·). Following NeuS
[83], we replace the volume density with SDF and convert
the SDF value to the opacity αi with a logistic function:

αi = max

(
ϕs(Γ(xi))− ϕs(Γ(xi+1))

ϕs(Γ(xi))
, 0

)
, (1)

where ϕs denotes a Sigmoid function. Using the volume

rendering methodology in [83], the predicted color of pixel
p can be used to render images. Likewise, replacing ci with
depth di and normals ni,

4. Method
Our method Urban Gaussians via Signed Distance Func-
tions (UGSDF) takes as input a sequence of RGB frames
captured by different cameras, represented as {Ict | t =
1, . . . , N}. Each frame includes a mask of the object of in-
terest, {Mc

t}, along with the camera intrinsics Kc ∈ R3×3

and world-to-camera extrinsics Ec
t ∈ SE(3) for each frame

Ict and camera c. When available, LiDAR scans Lt for each
frame are also used as input. The goal of our method is
to generate a coherent 4D representation and renderings of
the object that maintain multi-view consistency, even in this
sparse setup with limited viewpoints around the object. We
assume the object of interest (denoted O) appears in every
frame, and we disregard any frames where O is absent. Fig-
ure 2 gives an overview of our method.
Mask Generation To generate dynamic masks {Mc

t}, we
combine point prompts in SAM2 [62] with tracking from
CoTracker [32]. The initial object mask is taken from the
ground-truth annotations. A dense grid of points is tracked
across the sequence using CoTracker, and the tracked points
at each frame serve as prompts to SAM2, producing per-
frame segmentations for each dynamic object. Finally, we
post-process the points by pruning all point trajectories that
lie outside the masks generated by SAM2.



4.1. Construction of Canonical Model

Building the Initial Scaffold We begin by constructing the
initial object scaffold. We first compute the depth maps Dc

t

of the images Ict using the pre-trained metric depth network
UniDepth [58]. We use this network, as it handles the scale
disparity for the depth maps between different frames. We
then compute the object point clouds Pt for each of the dif-
ferent time-steps by lifting pixels corresponding to the O
to 3D by backprojection, i.e. if pi ∈ R2 is a pixel in Mc

t ,
then xi = Dc

t(p) × (Kc)−1p̃i, where p̃i is p in homoge-
neous coordinates. We then warp the object point clouds to
a single coordinate frame referred to as the canonical frame
(typically the first frame where the whole object appears) by
computing the 2D pixel tracks between the current frame
and the canonical frame using [32]. This is done to warp
point clouds across timesteps and also cameras within the
same timestep for a multi-camera setting. We can likewise
use the 2D tracks to warp the lidar point clouds correspond-
ing to the O when available. We denote the object point
cloud in the canonical frame obtained by this process as
Po. Without loss of generality we drop the camera index
c for less cluttered notation. Since this initial scaffold is
based on noisy and partial observations of the object of in-
terest, refinement is needed to prevent error propagation to
subsequent frames. Thus, the scaffold initializes the Gaus-
sian representation, which is then used to perform an initial
training for the SDF network. Warping is done in a window
of 5 time-steps from the initial detection of the object to the
inital detection time-step.

Gaussian Initialization We then initialize the 3D Gaus-
sians of O in the canonical frame, where each 3D Gaus-
sian go = (µo,Ro, s,oo, ro) denotes the Gaussians, where
µo ∈ R3 are the means and are initialized with the points
in Po. Ro are the orientation, s the scale, oo the opac-
ity, and ro the color of the Gaussians. We denote Go as
the set of initialized Gaussians, i.e. Go = {go}. We de-
note the rendered image for extrinsic Et and intrinsic K as
Ĩo = R(Go,Et,K

c), where R is the differentiable raster-
izer [34]. The parameters of Go are then learned by mini-
mizing

Lgs = LL1(Io(Mo),R(Go)) + Lssim(It(Mt),R(Go)) (2)

where Ro(Go) denotes the rendered image and Io(Mo) is
the part of the image corresponding to the O.

4.2. Gaussian Motion Representation

Since it is challenging to independently model the motion
of each Gaussian go, we adopt a common assumption (used
in [1, 45, 84, 98]) that models the motion trajectory as a

Figure 3. SDF Deformation Network The network takes as input
the observed point xi,t and outputs an SDF value Si(t) via the
φsdf MLP.

linear combination of learnable basis trajectories.

µ(t) = µo +

B∑
j=1

cj(t)b
µ
j (t) (3)

q(t) = qo +

B∑
j=1

cj(t)b
R
j (t) (4)

Here B the number of basis trajectories is a hyper-
parameter, bµ

j (t) and bR
j (t) are learnable basis trajectories

for the means µo ∈ R3 and quaternions qo ∈ R4 respec-
tively. The motion coefficients {cj(t) ∈ R}Bj=1 are shared
across means and rotations. Both quaternion qo and Ro

represent the same rotation for each of the Gaussians. We
additionally impose a sparsity penalty on the motion coeffi-
cients, forcing the Gaussian motion to be modeled by only
a few basis trajectories to learn generalizable trajectories.

4.3. SDF Deformation Network
We model the SDF function for O as a combination of a
multi-resolution feature grid [52] and shallow MLPs. The
architecture of the network is given in Figure 3 and is a
modified version of the architecture used in [51]. The fea-
ture grid consists of voxel grids of increasing resolution,
each containing learnable features. To evaluate, each grid
is queried via trilinear interpolation and the resulting fea-
tures from all grids are concatenated. The network takes
as input a learnable deformation code zt and input point
xi,t ∈ R3. These are both input into two different MLP
networks: (1) the deformation network φdef that outputs
the 3D point corresponding to xi,t in canonical space. i.e.
xi = φdef (xi,t, zt). We drop the t subscript for the canoni-
cal frame. (2) the topology-aware network φhyp which out-
puts a higher dimensional mapping wi,t ∈ Rm where m
is the higher-dimensional space, i.e. wi,t = φhyp(xi,t, zt)
These topology aware networks [57] are designed to han-
dle varying topologies by mapping the canonical shape to a
higher dimension. xi is then input into the multi-resolution
feature grid V obtaining the tri-linearly interpolated features
V l(xi), at different resolutions (l is over different resolu-
tions). We denote the concatenation of the multi-resolution



features {V l(xi)} as vi. The SDF output is obtained as
Si = φsdf (vi,wi,t) where φsdf is an MLP. Likewise color
is obtained as cti = φrgb(vi,o,wi,t,di,t,at). The color
MLP φrgb takes as input in addition to vi and wi,t the
viewing direction di,t ∈ R3 and appearance code at. We
abstract away the details of the network and just denote the
network as Γ, which can be thought to take input xi,t and
output a corresponding SDF Value Si(t).

4.4. Optimization
SDF Loss The SDF network is trained by minimizing:

Ltot = Lrgb + Ld + Lsdf + Lfs + Leik + Lsm (5)

where Lrgb and Ld are the The RGB and depth per-pixel
rendering losses, Lfs is the free-space loss [54, 82], Leik

and Lsm are the eikonal regularization [24, 54, 83] and
smoothness loss. Leik and Ls both regularize the surface
to be smooth in the absence of point information. Lfs en-
forces the network to predict large SDF values between the
camera origin and the observed surface.
3DGS Loss We supervise the dynamic Gaussians with two
sets of losses. The first set of losses minimize discrepancy
between the per-frame pixelwise color, depth, and masks
inputs. During each training step, we render the image
Ît, depth D̂t, and mask Mt from their training cameras
(K,Et) via the differentiable rasterizer R. These predi-
cation are supervised as:

LL2(Ît, It) + LL2(D̂t,Dt) + LL2(M̂t,Mt) (6)

where Mt, Dt and It. It is the original image, Dt is gener-
ated from UniDepth and Mt from SAM2 [62]. The second
set of losses impose the standard constraints on motion us-
ing 2D tracks and depth as well as rigidity taken from [84].
The training is split into two stages, the initialization which
trains the parameters of the Gaussians as well as the SDF
network. We alternate between training the Gaussians and
SDF network. We provide architecture and implementation
details in the supp.

4.5. Joint 3DGS and SDF Learning
Inaccurate underlying geometry on dynamic objects cause
Gaussians to be rendered as floaters around the moving
object. The original 3DGS [34] restricts its densification
strategy solely to local operations like cloning or splitting,
thereby posing challenges when generating new Gaussian
primitives during densification in areas lacking Gaussians
already. Methods like [14, 25, 92] steer the Gaussians to be
close to planar surfaces, which work well for indoor scenes,
as we are interested in handling non-planar moving objects
we instead use the depth map to densify Gaussians.
SDF Guidance for Densification Let Gt denote the set of
Gaussians at time t evolved via Eq. (3) and Eq. (4). We ren-
der Ît = R(Gt,K,Et) and from it generate depth map D̂t

Figure 4. SDF Guidance for Gaussian Primitive Distribution
Densification and Pruning of Gaussians is done by querying the
SDF network. Points far away from the estimated SDF zero-level
set are pruned, while sparse regions close to the zero-level set are
chosen for densification. Dens. denotes densification.

via UniDepth. We partition the region around the object into
N3 cubic grids. The dimensions of the region around the
object are based on the span of the object model after canon-
icalization (denoted Sc). Then, we query the SDF value at
the center of each grid. SDF values below the threshold
τs indicates the grid is in proximity to the scene surface. In
case, the Gaussians within the grid are below a certain num-
ber Ng < τn we back-project the depth map Dt creating a
point cloud and sample 3 points closest to c to densify the
Gaussians.

Subsequently, we enumerate the Gaussians from Gt

within each grid. In cases where the number of Gaussian
primitives were insufficient Ng < τn, we select the K
Gaussian neighbors of the grid’s center point and gener-
ate K new Gaussians within the grid. The initial attributes
of these newly generated Gaussian primitives are sampled
from a normal distribution defined by the mean and vari-
ance of the K neighboring Gaussians.
SDF Guided Pruning For pruning, we integrate SDF in-
formation over a series of time-steps. If xi,t is the position
of a Gaussian at timestep t, we prune if

∑
t∈prev timesteps

exp(
−Si(t) +

∑
j∈NN(i) Sj(t)

γ
) < τpr (7)

Here, Si(t) is the SDF value corresponding to x at frame t
and γ is a hyper-parameter to prevent the exponent from
reaching zero. Similarly, Sj(t) is the SDF value corre-
sponding to a nearest neighbor of xi,t at frame t and γ is
a hyper-parameter to prevent the exponent from reaching
zero. t is taken over a small window of time. j is taken over
K nearest neighbors. τpr is a threshold hyper-parameter to
determine when to prune. [92, 102] both propose pruning
strategies that incorporate SDF and opacity information. In
contrast, we don’t use opacity as we found SDF values of a
points neighbors to be a better indicator for pruning.
Gaussian-guided Point Sampling for SDF Accurate sur-
face reconstruction is achieved by sampling as close to



Method Input Scene Reconstruction Novel View Synthesis
PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓

StreetGS [94] M,T 29.11 0.921 0.117 25.71 0.764 0.218
S3Gaussians [29] - 31.35 0.911 0.106 26.82 0.788 0.226

4DGF [16] M,T 29.08 0.929 0.110 28.31 0.859 0.206
OmniRe [13] T,M,S 33.79 0.942 0.105 29.35 0.780 0.186

UGSDF (Ours) M,PT 33.98 0.944 0.104 30.63 0.871 0.129
UGSDF w/o LiDAR(Ours) M,PT 33.88 0.942 0.105 30.32 0.871 0.145

Table 1. Evaluation on the Waymo Open Dataset. We evaluate each method in terms of PSNR, SSIM, and LPIPS for full-image quality.
The Input column covers the different inputs used by the compared methods. T denotes 3D tracklet, S denotes SMPL, M denotes Masks,
PT denotes point tracker. The best and second best results are highlighted. T& S are both 3D priors while M and PT are 2D priors.

Method Scene Reconstruction Novel View Synthesis
PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓

StreetGS [94] 26.73 0.883 0.162 25.61 0.803 0.211
4DGF [16] 27.16 0.885 0.149 26.47 0.761 0.237

OmniRe [13] 27.95 0.895 0.147 26.59 0.816 0.191
UGSDF (Ours) 29.55 0.934 0.105 28.63 0.926 0.123

Table 2. Performance comparison on the KITTI Dataset. We eval-
uate each method in terms of PSNR, SSIM, and LPIPS for full-
image quality. The best and second best results are highlighted.

the surface as possible. We employ the rasterized image
from the 3D Gaussians to guide the point-sampling strategy.
[92, 102] propose using the rasterized depth maps of the
Gaussians as a coarse geometry for point sampling. How-
ever, we found a better way was to input the rasterized im-
age Ît into UniDepth and generate its aligned depth map D̂t

and use it for guidance. Specifically, we leverage D̂t from
the 3D Gaussians to narrow down the ray sampling range.
Let o be the camera center and d be the viewing direction,
we define the sampling range r of the SDF as:

r = [o+ (D̂t(p)− γ|S|).d,o+ (D̂t(p) + γ|S|).d] (8)

Here γ is a hyper-parameter and S is the SDF value of the
Gaussian that intersects with the ray.

5. Experiments
Baseline methods We compare our method to four re-
cent approaches for the tasks of full image reconstruc-
tion and novel-view synthesis: OmniRe [13], 4DGF [16],
StreetGS [94], and S3Gaussians [29]. Additionally, for
evaluating metrics on humans and vehicles, we compare our
method against Periodic Vibration Gaussians (PVG) [12],
DeformGS [98], and EmerNerf [96]. Since our method
specifically focuses on modeling dynamic objects, we han-
dle the background and sky in a manner similar to Om-
niRe [13]; specifically, we minimize the same sky and back-
ground loss. Additionally, we use SAM2 [62] to generate
masks for dynamic objects captured by the cameras, assign-
ing a unique object ID to label the same object across differ-
ent frames and camera views. Our method only uses tracks
from [32] and depth from UniDepth [58].

Figure 5. Ablation Analysis Our ablation analysis confirms the
need for dense representations of thin objects like pedestrians and
cyclists (rows 2 and 3). Furthermore, removing SDF guidance for
Gaussian primitive distribution adversely impacts rendering qual-
ity (rows 1 and 3).

Datasets and Metrics We evaluate our approach on two
benchmarks: the Nerf-On-The Road (NOTR) dataset [96]
(a subset of the Waymo Open Dataset [67]) and the KITTI
MOT dataset [21]. For NOTR, we use the dynamic-32 split
of [96]. It consists of highly complex dynamic scenes that
include typical vehicles, pedestrians, cyclists and even a
tram. For KITTI, we evaluate on the MOT 21 sequences
of the city category as both StreetGS and OmniRe both re-
port numbers on sequences with 3D tracklets. For all meth-
ods, we test on every 8th frame and train on the rest for
both datasets. We use the standard metrics of LPIPS, PSNR
and SSIM to evaluate rendering quality. We show addi-
tional results on casually captured scenes from the iPhone
dataset [20] in the supp.

5.1. Comparisons with State-of-the-art

Tab. 1 and Tab. 2 shows the comparison of our approach on
NOTR and KITTI respectively. Remarkably, our method
outperforms methods like OmniRe and 4DGF by a small
margin even though both use object pose information for ve-



Methods
Scene Reconstruction Novel View Synthesis

Human Vehicle Human Vehicle
PSNR↑ SSIM↑ PSNR↑ SSIM↑ PSNR↑ SSIM↑ PSNR↑ SSIM↑

EmerNeRF[96] 22.88 0.578 24.65 0.723 20.32 0.454 22.07 0.609
DeformGS[98] 17.80 0.460 19.53 0.570 17.30 0.426 18.91 0.530
PVG[12] 24.06 0.703 25.02 0.787 21.30 0.576 22.28 0.679
StreetGS[94] 16.83 0.420 27.73 0.880 16.55 0.393 26.71 0.846
OmniRe [13] 28.15 0.845 28.91 0.892 24.36 0.727 27.57 0.858
UGSDF (Ours) 27.89 0.839 30.34 0.906 25.48 0.758 28.68 0.872
UGSDF w/o LiDAR (Ours) 27.89 0.825 29.91 0.902 25.14 0.742 28.23 0.847

Table 3. Comparison of methods for Scene Reconstruction and Novel View Synthesis on Human and Vehicle categories The best
and second best results are highlighted.

Methods Human Vehicle
PSNR↑ SSIM↑ PSNR↑ SSIM↑

Ours (Full) 27.89 0.839 30.34 0.916
w/o SG4GP 22.47 0.541 22.27 0.612
w/ Spars. 24.82 0.715 25.14 0.794
w/o GRS4S 25.82 0.762 27.83 0.863

Table 4. Ablation Analysis on the NOTR dataset.

hicles in the form of bounding boxes. This holds true even
if we don’t make use of any LiDAR data in the pipeline for
most metrics. This speaks to the robustness of 2D priors for
view synthesis. OmniRe in-fact also uses SMPL templates
and body pose predictors [23]. Our method solely relies on
depth from [58] and tracking information from [32]. Table 3
shows the results of our rendering on vehicles and humans.
It shows that while OmniRe does do better on humans, it is
not by a large margin. Secondly, our method is much better
on vehicles. This explains the improvement our method has
over OmniRe on the NOTR dataset as vehicles outnumber
the pedestrians by in terms of pixels occupied.

Figure 6 shows qualitative results on the Waymo dataset.
The results focus on non-rigid / atypical objects as all meth-
ods (baseline and ours) show reasonable results on most
rigid objects. The first and third columns zoom in on cy-
clists. OmniRe, S3Gaussians and StreetGS all struggle to
model the cyclists, while the tram is poorly modeled by all
methods except for UGSDF. While 4DGF models the cy-
clists well, it does a poor job on the background (check for
column 1). For the fourth column, OmniRe and UGSDF
are the only ones that capture all the details of the pedes-
trian. Whereas OmniRe, uses an SMPL mesh as a template,
our method does so without the template.We show addi-
tional image and depth results in the supp. We also show
the runtime analysis, tracking evaluation of our method
versus that of other methods in the supp, as well as scene-
editing results.

5.2. Ablation and Analysis
Tab. 4 shows the results of the ablation analysis. To un-
derstand which components contribute to the improvements
in our method, we perform the following ablations: (1) We
disable SDF Guidance for Gaussian Primitives (SG4GP)
and replace it with the standard adaptive density control
used in the original 3DGS [33]. (2) We disable Gaussian-
guided Point Sampling for SDF (GPS4S). (3) (3) A default
design choice in our method is to maintain a dense repre-
sentation of dynamic objects based on SDF guidance. To
evaluate this choice, we create a sparser representation by
increasing the threshold τn for densification (denoted w/
sparse in Table 4). We show additional results and ablation
in the supp.

Among the components, SG4GP proves to be the most
crucial, highlighting the importance of SDF representation
for improving Gaussian primitive distribution. Maintaining
a denser representation is also beneficial, especially for hu-
mans, showing a greater effect compared to vehicles.

Figure 5 presents qualitative results of the ablation study.
As can be seen, removing SG4GP and using a sparser rep-
resentation cause artifacting around the dynamic object es-
pecially thin ones like the cyclist and pedestrian. The SDF
network tends to learn relatively smooth surface represen-
tations. When combined with a sparse representation, this
can result in under-fitting of the dynamic object. By using
a denser representation the under-fitting is mitigated, en-
abling the SDF network to capture finer details of the ob-
ject.

6. Conclusions
We propose a method combining Signed Distance Function
(SDF) networks for precise geometry and 3D Gaussians for
high-quality rendering. This joint learning approach im-
proves the accuracy of each representation, achieving strong
results on the NOTR and KITTI datasets by reconstruct-
ing both rigid and non-rigid dynamic objects and enabling
novel view synthesis—all without ground truth motion, ob-
ject templates, or 3D bounding boxes. Our method also
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Figure 6. Qualitative comparison of baselines and our method on the NOTR Dataset with zoomed in regions We show results on
some atypical objects observed in urban scenes namely: a tram and two cyclists, as well as a pedestrian. Some of these are tricky cases not
always very well modeled by some or all of the baselines. In contrast UGSDF achieves a very high level of fidelity in novel view synthesis
for these objects.

supports tasks like object removal, scene composition, and
novel view synthesis. Incorporating priors from video gen-
erative models would be a promising direction to explore.
Also, we intend to explore jointly inferring motion segmen-
tation [71, 74, 75], in addition to scene rendering.

Limitations UGSDF is sensitive to the 2D tracks gener-
ated by [32], which can occasionally be inaccurate, leading
to poor dynamic estimates of the Gaussians. Additionally,

while the SDF network does provide some amount of con-
trollability of the object, it does not have the representation
power of the SMPL template. Finally, as with all the base-
lines, UGSDF produces less satisfactory novel views when
the camera deviates significantly from the training trajecto-
ries.
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