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Abstract Autonomous robots in unknown indoor environ- reconstructed regions. GSFusion [6] integrates TSDF geom-

ments require both reliable collision avoidance and object-level etry with GS for online RGB-D mapping, using geometric

understanding. Classical representations such as TSDF support riors to reqularize splatting and suppress artifacts
safe planning but lack semantics, while photorealistic methods P 9 P 9 PP ’

like Gaussian Splatting (GS) provide rich appearance yet . . . .
suffer from soft geometry, limiting precise obstacle avoidance. B. 3D Path Planning within Radiance Fields

We present LiftNav, a hybrid navigation framework built on . . . .
GSFusion’s TSDF+GS dual map, augmented with a real-time Leveraging high-quality GS scene representations for nav-

pipeline of YOLO-based detection, TSDF-based 3D lifting, and ig_ati_on is, for e)_(ample, done by Adquiewicz et al. [7]
B-spline trajectory optimization. This design enables exible within neural radiance elds (NeRF). Within GS, Chen et al.

semantic navigation without dense 3D embeddings. We further introduced SplatNav [1], a real-time navigation pipeline in
introduce a hin%e-loss-badsed fcollis\i/\c/)n per;alty that improvez GS with two modules, Splat-Plan and Splat-Loc. Splat-Plan
it;ajaec;?r%;?oonotu;izstﬁlg RZE?%' dateas,eevtz.i %ﬂ;;;;f%‘gg;it constructs safe convex c'orrido'rs frqm Gaussian eIIip'soids
a state-of-the-art radiance eld baseline we show a 100% and generates smootheBer trajectories at >2 Hz, while
feasibility rate and shorter trajectories. Splat-Loc performs 25 Hz pose estimation by matching
monocular RGB input to GS renderings via a Perspective-
. INTRODUCTION n-Point (PnP) formulation. However, they assume a high-
Robust navigation in complex 3D environments requireaua"ty known map, leaving a gap in scenarios requiring si-
representations that capture geometry, appearance, and ggitaneous exploration, mapping, and navigation. Similarly,
mantics, and potentially dynamics [1], [2], [3]. RadianceGaussNav [8] operates on known envrionemnts. It uses a
eld methods, especially Gaussian Splatting (GS), enablgemantic GS, assigning 3D instance labels to Gaussians from
efcient and photorealistic modeling, but remain weaklyclystered 2D masks. Target localization relies on exhaus-
integrated with robotic pipelines, often limited to COLMAP-tjye rendering and feature matching over candidate views,
based setups [1]. Embedding semantics directly into G@llowed by 2D grid-based planning. While effective, this
improves scene understanding but increases computatiog@kign incurs high computational cost and low update rates.
cost and training time [4]. In contrast, combining accurate
geometry with lightweight 2D semantic lifting offers a morec. semantic Perception and Spatial Projection
ef cient alternative. . . o
We propose LiftNav, which combines photorealistic GS 10 leverage 2D semantic detections for navigation, the
mapping with precise truncated signed distance functifftections must be projected into metric 3D space. Lift,
(TSDF)-based geometry, defers semantics to a lightweighP!al: Shoot (LSS) [9] lifts pixels into 3D frustums via

2D lifting stage, and restricts their use to navigation-relevaftedicted depth and aggregates them into a unied bird
regions, enabling efcient and safe navigation under &Y€ View (BEV).In GS, semantics are often embedded into

lightweight policy. Our contributions are: rendering [4], increasing training complexity. These methods
A semantic lifting approach for TSDF-based GS typically rely on foundation models; while SAM lacks class

O . N . labels, newer models like SAM3 [10] enable language-
ﬁJiibg;t_?ggF“ght weight semantic navigation plpeImeguided semantics. Lightweight models such as YOLOv8n-

seg [11] offer real-time performance.
Il. RELATED WORK

A. Hybrid Representations 1. METHOD

ActiveGS [5] couples a GS map with a coarse voxel grid ti. Semantic Mapping

enable spatial reasoning and exploration by targeting under LiftNav extracts and localizes semantic targets in 3D
* equal contribution through two primary phases: (i) 2D object detection [11]
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LiftNav .selected target .potential start start or goal point lies within an in ated obstacle, a nearest-
neighbor search projects the point to the closest safe naviga-
m ble voxel. A 3D A* search is then executed between these
O oo safe projected voxels to nd a collision-free skeleton path,
YOLO which is resampled to seed the initial B-Spline control points.
DBSCAN_,X ' c) Multi-Ob_jective Trajectory_Optimizgti(_)n: We formu-
nput Lifing Navigation late pat_h ple_mnmg as a constrained _opt|m|zat|on problem,
L ) solved iteratively using the Adam optimizer and PyTorch’s
autograd engine. The objective function J(Q) minimizes a
eighted sum of four costs:

Fig. 1: Architecture. We process a RGB-D input stream vi
GSFusion [6], simultaneously we leverage YOLO [11] and¥
employ our semantic lifting in clustering (center). Our path 3(Q) =W coitLeotl + W gistlaist + W acclace+ W jerkLjerk

planning can leverage these semantic targets (right).
For collision avoidance, we leverage the implicit distance

information of the TSDF using a composite loss formulation:

b) Semantic Lifting and 3D Projection: To transition d(p)

from the image plane to the world coordinate system, we  Lcoi = max 0;1 —— +aexp(bd(p))
' o . m

perform geometric back-projection. For each 2D detection,
depth values are sampled from GSFusion’s fused depth mafnere d(p) is the distance to the nearest surface sampled
[6]. Each pixel (u;Vv) within a detection box is mapped to afrom the TSDF, and m is the safety margin (set to 1:5
3D point py in the world frame: l'obot)- The primary hinge loss component creates a potential
eld that aggressively pushes the path away from surfaces

Pw =Tws D(U;VK * [u;v;1] when they infringe upon the safety buffer.The secondary
where D(u;V) is the depth value, K is the camera intrinsixponential term (a = 0:01;b = 2:0) maintains a small,
matrix, and Tyg is the current estimated camera pose. T&on-zero gradient outside the margin, ensuring continuous
mitigate boundary depth outliers, we use the median 3DPptimization. Path ef ciency is enforced by, which min-
position of the masked region as the detection’s centroighizes the squared Euclidean distance between consecutive
in the world frame. Operating online, the system observespline points. ke and Lierk penalize the squared magnitudes
objects from multiple viewpoints, accumulating a dens@f acceleration §) and jerk (@), yielding graceful motion
semantic point cloud over the trajectory. pro les that respect the actuators’ dynamical limits.

c) Spatial Consolidation and Clustering: To mitigate d) Convergence and Finalization: While the initial A*
projection errors, we apply Density-Based Spatial Clusteringeed is bounded by the safely projected free voxels, the
of Applications with Noise (DBSCAN) [12] to cluster points continuous B-Spline optimization actively targets the ac-
into distinct object instances based on Euclidean distandglal requested start and goal coordinates. However, because
Sparse points are rejected as noise, preventing false positive@mantic target coordinates inherently lie inside physical
Each valid cluster is assigned a centroid and unique I®bstacle volumes (e.g., the geometric centroid of a designated
forming 3D semantic waypoints for path planning. object), allowing the continuous optimizer to reach the exact

. , . o target would introduce inevitable collisions at the trajectory’s
B. Continuous-Time Trajectory Optimization extremities. To resolve this, the fully optimized B-Spline path
With 3D target coordinates established, our path planngs explicitly truncated at both ends by a distance equivalent
generates collision-free trajectories within the safe, tangiblg the in ation layer (1:5 rohot). The endpoints of this
geometry of the TSDF. We employ our LiftNav, buildingsafely cut spline are then linearly connected back to the
upon the B-Spline planner [1], [7]. We substantially modifyexact start and goal coordinates. This formulation guarantees
this baseline to operate on explicit TSDF geometry ratheshysical safety by preventing navigation inside the obstacle,
than implicit radiance elds, and introduce custom boundarywhile simultaneously mirroring the free-voxel projection
conditions to support robust semantic targeting. mechanics of the baseline method (SplatNav) to ensure a

a) Trajectory Parameterization: The trajectory is rep-fair and consistent comparison of path-length metrics.
resented as a uniform B-Spline of degree p (typically p=38),

de ned by a sequence of control points Q =§gd1;:::;ngd. IV. EVALUATION

This representation guaranteed'C continuity, ensuring that ~ We compare LiftNav against SplatNav [1] on Replica [13]

velocity, acceleration, and jerk are smooth. The local suppafi two settings. Scenario A, Discretized Goal Benchmark-

of B-splines lets the optimizer adjust segments to avoithg, using prede ned handcrafted navigation start and goal.

obstacles without affecting the global trajectory. Scenario B, Semantic Instance Targeting , assesses the fully
b) Robust Initialization via Discretized Search: Tointegrated pipeline using YOLOv8n-seg model [11].

avoid local minima, we employ a hierarchical initialization. ) .

The environment is rst discretized into a 3D occupancy grid\: Implementation Details

with a conservative obstacle in ation layer of 1:5 ot We built upon GSFusion’s [6] C++ implementation. Our

where fohot iS the robot's physical radius. If a requestedsemantic embedding enhanced detection model is exported



TABLE I: Comparative Benchmark: Safety, Ef ciency, and Trajectory Quality across diverse indoor scenes.

Scene Feasibility (%) " Success (GT) (%) " Time (s) # Margin (m) " Path Len (m) # LE-Len (m) # Max Jerk (m=s°) #
SplatNav  LiftNav  SplatNav  LiftNav SplatNav LiftNav SplatNav LiftNav SplatNav LiftNav SplatNav LiftNav SplatNav LiftNav

of ce0 8040 1000 1000 1000 0.150.03 0.350.01 0.110.07 0.110.04 3.740.73 277081 4300.72 345082 0.650.17 0.090.05

of ce2 1000 1000 1000 1000 0.240.12 0.400.14 0.090.00 -0.020.09 4.48258 3.401.48 584259 4.07152 0.740.47 0.110.03

of ce3 00 1000 N/A 1000 N/A 0.36 0.00 N/A 0.16 0.04 N/A 4.86 0.97 N/A 5.56 0.98 N/A 0.200.07

of ce4 1000 1000 1000 1000 0.270.06 0.360.00 0.100.07 0.010.07 6.751.62 4.85092 7.601.75 553092 1.140.08 0.170.05

room0 1000 1000 1000 1000 0.360.08 0.360.01 0.130.06 0.100.07 5.981.39 4570.89 6.791.35 524091 0.760.07 0.210.09

rooml 1000 1000 1000 6049 0.260.09 0.350.00 0.090.04 0.020.09 385159 286110 457156 3521.12 0430.10 0.110.02

room2 1000 1000 1000 1000 0.240.05 0.350.00 0.100.09 0.110.11 441114 378124 527130 445126 0.580.10 0.130.06

AVERAGE 83 100 100% 94 0.25 0.36 0.10 0.07 4.87* 3.87 5.73* 455 0.72% 0.15
*SplatNav averages exclude of ce3 where the planner failed to nd a valid trajectory. Success rate is calculated based on feasible paths.

TABLE II: Semantic Instance Targeting: Safety, Ef ciency, and Trajectory Quality.

Scene Feasibility (%) " Success (GT) (%) " Time (s) # Margin (m) " Path Len (m) # LE-Len (m) # Max Jerk (m=s°) #
SplatNav  LiftNav  SplatNav  LiftNav SplatNav LiftNav SplatNav LiftNav SplatNav LiftNav SplatNav LiftNav SplatNav LiftNav

of ce0 4450 1000 9424 9030 0.140.04 0.370.01 0.130.08 0.010.06 2981.03 2.000.70 3.741.08 2650.71 059015 0.100.07

of ce2 86 35 1000 1000 7643 0.160.07 0.360.01 0.300.07 -0.000.08 285127 226102 376127 2901.03 0.64030 0.110.05

of ce3 4149 1000 1000 5949 0.090.03 0.360.01 0.210.10 0.050.05 1.210.68 2.481.28 3.880.57 3.141.30 0.330.30 0.120.08

of ce4 1000 1000 1000 8833 0.150.05 0.360.01 0.200.09 0.030.08 358134 234097 438141 299099 1.030.21 0.100.05

room0 9228 1000 1000 8140 0.210.08 0.360.01 0.170.09 0.020.05 3.361.42 2.291.09 408146 294111 0.630.17 0.090.05

rooml 1000 1000 1000 9325 0.200.07 0.360.01 0.200.09 -0.010.11 3.061.19 201084 3.881.28 2.670.86 0570.15 0.090.05

room2 1000 1000 1000 6747 0.150.04 0.370.02 0.180.07 -0.030.11 2590.85 273226 344094 341233 057012 0.150.10

AVERAGE 80 100 99 79 0.16 0.36 0.20 0.01 2.80 2.30 3.88 2.96 0.62 0.11

to the ONNX format and executed via the OpenCV DNNmore direct routes (Average LE-Len: 4:55m vs 5:73m). The
module utilizing a CUDA backend. smoother, shorter paths are evident on visual inspection (Fig.
a) Hyperparameters: We set B-Spline degree p = 83).
exponential decay loss for collision avoidance, collision 3) Scenario B: Semantic Instance Targeting: Navigating
penalty weight Wy = 2000, distance penalty weightga; =  directly to semantic objects introduces the Semantic Trap :
1:0 (normalized by path length), acceleration penalty weiglgoal centroids often lie ush against a physical mesh (e.g.,
Wace = 0:5, jerk penalty weight v = 0:5, and a simulated a television screen or vase). As seen in Table Il, SplatNav’s
robot diameter of 0:2m. SFCs struggles immensely in these scenarios, dropping to
b) Baselines: For the baseline (SplatNav), which relied4% and 41% feasibility in of ce0 and of ce3, respectively,
on Nerfstudio [14] to generate its GS representation, was it cannot mathematically generate a collision-free corridor
processed the Replica dataset with their pipeline. directly into a surface boundary. LiftNav, conversely, man-
c) Metrics: We measure total wall-clock time (datasefges to achieve 100% feasibility rate for semantic targeting.
processing (raw RGB-D streams) to the nal data structures}o reach these ush targets, our planner naturally dips into
performing three repetitions per scene to account for conthe de ned safety margin at the very end of the trajectory,
putational variance. We quantify performance across threesulting in average margins near zero (0:01m) and triggering
axes: safety (Success Rate ground truth (GT), GS Safégghnical GT collisions (dropping the strict success rate
Margin), navigation efciency (Path Length (L), Line-of- to 79%) (Fig. 2). Despite this strict geometric penalty at
Sight Path Length (lg)), and trajectory quality (Average the target node, the overarching trajectory quality remains
Jerk, Maximum Jerk). dominant (Fig. 2). LiftNav consistently generates shorter
d) Hardware: All experiments were performed on apaths (2:96m vs 3:88m LE-Len) and maintains an ultra-
single workstation equipped with an NVIDIA RTX 3090 smooth Maximum Jerk prole (0:11 m2sys 0:62 m=¥),
GPU and an AMD Ryzen 7 7700X processor. demonstrating its reliability and grace in fully integrated,
vision-driven navigation tasks.
B. Comparative Benchmark Scenarios
1) Reconstruction Pipeline Efciency: Our underlying V. DISCUSSION

baseline GSFusion [6] demonstrates a clear ef ciency advan- While SplatNav achieved faster planning times ( 0:25s
tage, outperforming Nerfstudio’s mean reconstruction time ims. 0:36s), this speed comes at a severe cost to trajectory
four of the seven evaluated scenes and achieving a fastprality. LiftNav’s C° continuous B-Spline parameterization
overall average (439:44s vs. 443:30s). Nerfstudio outputsaturally regularizes the motion, suppressing peak jerk to an
solely produce GS, forcing SplatNav to subsequently conduaterage of just 0:15 m2s
expensive convex hull derivations and spatial decompositions The absolute 100% feasibility rate of LiftNav highlights
during the active planning phase. In contrast, GSFusiahe resilience of gradient-based collision avoidance. In envi-
simultaneously reconstructs both the GS and the densenments like of ce3, SplatNav failed due to path initializa-
obstacle-aware TSDF. tion and subsequent optimization failures. LiftNav bypasses
2) Scenario A: Discretized Goal Navigation: SplatNavthis limitation, leveraging our proposed Hinge-Loss formula-
holds a slight edge in computation time (0:25s vs 0:36s) du@®n as a non-vanishing restorative force, allowing the Adam
to its convex Safe Flight Corridor (SFC) generation (Tableptimizer to smoothly slide control points around obstacles
). However, LiftNav compensates for this with shorter andvithout becoming trapped by the topological constraints that



(a) Top-down view (b) Side view

Fig. 2: Planning results of of ce4 for a semantic target from the reconstruction showing collisions near the target (left, left
center) and collision-free (right center, right) (SplatNav (blue), LiftNav (purple), start (green), target (blue), collisions (red).

(c) Top-down view (d) Side view

scenarios where SFC methods fail, providing topologically
consistent and dynamically feasible trajectories.
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might paralyze SFC methods. g

Scenario B shows that SplatNav struggles with semanti¢y,
objects, with feasibility dropping (e.g., 41% in of ce3) since
it cannot generate a collision-free corridor into a solid bound-
ary. LiftNav succeeded in 100% of these tasks. Howeverl3!
the data shows that to reach these targets, the optimizer
deliberately forces the terminal segment of the spline intgy
the safety margin, resulting in GT collisions (dropping the
strict success rate to 79%) (see Section VI). -

5
VI. LIMITATION AND FUTURE WORK

Boundary violations originate upstream, not in the plannerjg
Multi-view semantic lifting places target centroids deep
inside objects, especially for larger objects and diverse views,
forcing the optimizer to route the spline through the safetym
margin. This trade-off, is a design choice to focus rst on
ef cient target oriented path planning while future work will [g]
focus on improving in- ights safety and collision avoidance.

Currently, we only evaluate on the Replica dataset. Future
work shall move to more challenging datasets and outdoo?’!
scenarios.

[10]
VIl. CONCLUSION
LiftNav introduces a hybrid navigation framework that(1]
bridges collision-safe geometric planning and exible se-
mantic reasoning. Built on GSFusion, it integrates semantic}z]
lifting to localize and navigate to semantic targets with-
out dense 3D semantic mapping. Trajectory generation is
formulated as continuous B-spline optimization over TSDF3I
gradients, yielding smoother and more feasible motion th 514]
discretized SFC. A hinge-loss collision term further im-
proves the safety and ef ciency trade-off by enabling smooth
navigation through complex environments. The framework
demonstrates strong robustness in constrained semantic trap
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