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Abstract—Autonomous drone navigation through unstructured
environments is foundational for field robotics. While depth-
based flight policies generalize effectively across scenes and
transfer reliably from simulation to reality, physical depth sensors
impose severe payload, power, and cost penalties. Monocular
RGB cameras bypass these hardware constraints, but current
RGB policies tend to overfit to their specific training envi-
ronments and generalize poorly. To provide the photorealistic
visual diversity a monocular policy needs, we reconstruct diverse
scenes from the TartanAir dataset into fully interactive, flyable
environments using 3D Gaussian splatting, jointly supervised
with RGB and depth losses against ground truth. We validate
that this simulator remains photorealistic and geometrically
accurate at novel viewpoints well beyond the original capture
trajectory, making it a reliable environment for policy training.
As a demonstration of this simulator, we train goal-conditioned
navigation policies via privileged imitation learning using either
monocular RGB or depth observations, and benchmark both
against three depth-based baselines from the literature in Isaac
Sim. Our depth policy achieves competitive success rates, while
our RGB policy currently trails the depth-based baselines, a gap
we attribute to the limited visual diversity of the current training
scene library rather than a fundamental limitation of monocular
navigation.

I. INTRODUCTION

An end-to-end navigation policy replaces the classical map,

plan, and control pipeline with a single network that maps

drone state and an onboard observation to a motion command

that a lightweight low-level controller tracks (Fig. 1), removing

the sequential processing and compounding errors that sepa-

rate perception, mapping, and planning modules introduce.

Depth has been the dominant observation modality for these

policies: a depth image carries far less appearance variation

between simulation and reality than an RGB image does, so

policies trained on depth transfer zero-shot to real, previously

unseen environments [1]–[4]. However, depth sensors add

payload, power, and cost, and degrade outdoors on texture-

less surfaces and at range.

Monocular RGB cameras avoid those hardware penalties

and are already ubiquitous on drones, but the appearance gap

between simulation and reality is much larger and the modality

suffers from scale ambiguity, so RGB policies tend to overfit

to their training environments. A decade of RGB-specific work

has nonetheless remained constrained relative to depth, closing

the gap only by narrowing the task or the training environment,

never the appearance gap itself [5]–[10].

1Department of Electrical and Computer Engineering, Rice University,
Houston, TX, USA. 2Robotics Institute, Carnegie Mellon University, Pitts-
burgh, PA, USA.

Fig. 1: An end-to-end navigation policy maps drone state and

an onboard observation, either depth or RGB, to a motion

command that a low-level controller tracks.

We attack this gap with two contributions. First, we build

a 3D Gaussian splatting pipeline that converts captured RGB,

metric depth, and pose data from TartanAir [11] into a library

of flyable, photorealistic environments, jointly supervised with

RGB and depth losses, and validate that its fidelity holds at

novel viewpoints far from the capture trajectory. Second, we

train goal-conditioned navigation policies inside this simulator

via privileged imitation learning, using either RGB or depth

observations, and benchmark both against three depth-based

baselines from the literature as a demonstration of what the

simulator enables.

II. RELATED WORK

Two observation modalities dominate end-to-end navigation

policies: depth generalizes across scenes but requires a costly

sensor, while monocular RGB needs no such sensor but

overfits to its training scenes. We review depth-based policies

(Sec. II-A), the RGB policies that have narrowed some other

axis of the problem instead (Sec. II-B), and 3D Gaussian

splatting (Sec. II-C), the reconstruction method we use to

attack the appearance gap directly.

A. Depth-Based Navigation Policies

Because the depth modality generalizes well without re-

quiring photorealistic appearance, simulation environments for

these policies have stayed comparatively simple: obstacle

courses built from primitives such as walls, cylinders, gates,

and scattered boxes suffice to teach generalizable obstacle

avoidance [1]–[3]. These works differ mainly in training

algorithm. DiffAero backpropagates directly through a fully

differentiable dynamics and rendering pipeline, combining

analytic gradients with reinforcement learning to train a policy



through primitive obstacle fields [2]. A privileged reinforce-

ment learning policy trained with time-of-arrival maps as

privileged information routes around large obstacles that local

depth alone cannot resolve [3]. A third policy instead imitates a

privileged expert through supervised regression with DAgger-

style data aggregation rather than reward-driven exploration,

transferring zero-shot from simple simulated obstacle courses

to real forests, snow, and collapsed buildings [1].

B. Monocular RGB Navigation Policies

Camera-only navigation has been pursued for over a decade,

typically by narrowing a different axis of the problem rather

than closing the appearance gap directly. Early work imi-

tates a human pilot to learn reactive obstacle avoidance, but

only by steering laterally at fixed speed and altitude through

forest corridors [5]. CAD2RL trades that task constraint for

an appearance one, training collision avoidance purely on

domain-randomized, low-fidelity CAD renders with random-

ized textures that sidestep photorealism but restrict flight to

indoor hallways [6]. DroNet transfers steering and collision-

probability control from ground-vehicle driving and cycling

data rather than learning full goal-conditioned 3D navigation,

trading task generality for data never collected for flight [7].

Each narrows a different axis: task, appearance realism, or

training data.

C. 3D Gaussian Splatting for Robot Navigation

3D Gaussian splatting represents a scene as a set of

anisotropic 3D Gaussians, each carrying a position, covari-

ance, opacity, and color, and renders novel views by differ-

entiably rasterizing and alpha-compositing these Gaussians

onto the image plane [12]. Because rendering stays fully

differentiable and reconstruction requires only posed RGB

images, a scene can be captured, reconstructed, and rendered

in real time, at a photorealistic quality competitive with neural

radiance fields. These properties have drawn robotics research

well beyond navigation. Reconstructed Gaussian scenes have

supervised policy learning for ground robots [13] and legged

locomotion [14], trained drone controllers to reach visual

targets or fly through gates [8]–[10], and served purely as a

geometric and photometric map for classical trajectory plan-

ning and RGB-only localization [15]. Across these applica-

tions, splatting functions as a fast, differentiable, photorealistic

stand-in for the real world, whether as a training environment,

a planning map, or a source of synthetic supervision.

III. METHOD

A. 3D Gaussian Splatting Simulation Environment

Fig. 2 summarizes the pipeline: we reconstruct each Tar-

tanAir [11] scene, which pairs diverse indoor, outdoor, urban,

and natural sequences with ground-truth RGB, depth, and

pose, as a set of 3D Gaussians using a differentiable raster-

izer [12] optimized against that scene’s captured RGB and

metric depth; policies then train inside the result by privileged

imitation learning (Sec. III-B, Fig. 4). For a rendered view

with RGB Î , expected depth D̂ =
∑

i Tiαidi (transmittance

Fig. 2: System overview. Captured TartanAir views (top)

reconstruct into an interactive Gaussian-splat environment with

quadrotor dynamics (bottom left), inside which a policy trains

end to end from RGB or depth to control commands (bottom

right).

Ti =
∏

j<i(1 − αj) over depth-sorted Gaussians), and the

corresponding ground truth I , D, the training objective adds

a metric-depth term to the photometric one (Fig. 3):

L = Lphoto + λdLdepth, (1)

where Lphoto is the standard 3DGS photometric loss, an ℓ1
pixel error blended with a structural-similarity term [12]. Ldepth

is a log-space ℓ1 error over valid pixels V = {p : ϵ < Dp <

Dfar} (ϵ=10−3 m, Dfar=150 m),

Ldepth =
1

|V |

∑

p∈V

∣

∣ logmax(D̂p, ϵ)− logmax(Dp, ϵ)
∣

∣, (2)

upweighted near depth discontinuities so thin structures like

branches and railings survive. The log space keeps near-field

geometry (precisely what a policy must avoid) from being

drowned out by the far field, since the same relative error

costs the same at any range. A perceptual (LPIPS) term

adds fine detail late in training. We ablate this recipe against

a photometric-only baseline and against the 2D Gaussian

splatting representation [16] in Sec. IV-D.

From each scene’s reconstructed geometry we extract a Eu-

clidean signed-distance field (ESDF) on a voxel grid, queried

at arbitrary points via differentiable trilinear interpolation.

From a query point x with signed distance d(x), we derive

two collision signals used throughout training and evaluation:



Fig. 3: Reconstructing a single scene. Stacked ground-truth

RGB and depth views (left) supervise a set of 3D Gaussians

(right), whose rendered RGB and depth (middle) are compared

against held-out ground truth.

a hard indicator ✶[ d(x) < r ] at the platform’s physical radius

r, and a differentiable soft barrier

soft(x) = 1

β
softplus

(

β (r + δ − d(x))
)

, (3)

with sharpness β=4.0 and margin δ=1.0 m; it is near zero

in free space and grows smoothly, with its gradient pointing

away from the surface, as the platform nears or penetrates

an obstacle. We set r=0.354 m, the platform’s measured

propeller-tip radius, throughout, shared with the policy’s cost

loss (Sec. III-B) and the evaluation criterion (Sec. IV).

We simulate quadrotor dynamics with a standard 13-

dimensional body-rate model: state s = (p,v, q,ω) (position,

velocity, attitude quaternion, body-frame angular rate), action

u = (c,ωcmd) (mass-normalized collective thrust along body

+z and commanded body rates), rigid-body translation under

gravity and linear drag, quaternion kinematics, and a first-order

lag τω=0.05 s on the rate response. We integrate with fourth-

order Runge–Kutta at 50 Hz. During training we randomize the

rendered observation itself with multiplicative-plus-additive

depth noise, depth dropout, RGB pixel noise, and brightness

jitter, so the student never sees a clean image twice.

B. Imitation Learning Policy

Our policy architecture and multi-hypothesis imitation ob-

jective follow Loquercio et al. [1], with three changes: re-

covery data gathered by re-rendering logged near-miss states

offline, rather than by online expert relabeling as in their DAg-

ger loop; a cost target that evaluates clearance on the predicted

trajectory itself via the differentiable ESDF of Sec. III-A;

and pose-perturbation augmentation bounded by each scene’s

measured reconstruction fidelity.

Training proceeds in two stages. First, a depth-input expert

policy [2] flies in simulation alongside a multi-hypothesis

point-mass trajectory optimizer; from each rollout in which

the expert reaches the goal with positive clearance, we sample

labeled states every 0.4 s, each carrying its K best expert

trajectories in cost order. Second, a student policy trained on

this corpus (described below) flies closed-loop without a safety

guard, and we re-query the expert at the states preceding its

near-misses (clearance below 1.2 m, sampled 0.5–2.5 s before

the event), re-rendering each logged pose offline so recovery

is demonstrated from exactly those states. The student is

retrained from scratch on the combined corpus, and we report

that recovery-augmented policy throughout.

The student is a multi-hypothesis trajectory network adapt-

ing the mixture policy head of [1]: an ImageNet-pretrained

MobileNetV2 backbone encodes the RGB or depth obser-

vation, a small MLP encodes the body-frame velocity and

goal-direction vector, and a linear head decodes their concate-

nation into M=3 hypotheses, each a body-frame trajectory

T̂m ∈ R
T×3 of T=10 waypoints at 0.1 s spacing (a 1.0 s

lookahead) paired with a predicted cost ĉm.

Training uses the relaxed winner-takes-all objective of [1]:

each expert trajectory votes for its closest hypothesis by mean-

squared waypoint error Lk,m = 10

3T

∑

t ∥T
∗

k,t − T̂m,t∥
2

2
, the

winning hypothesis absorbs most of that expert’s loss, and

unvoted hypotheses take a small pull (ε=0.05) toward the best

expert so unused modes do not collapse. Because inference

selects argminm ĉm, the cost head must rank hypotheses

correctly. Here we depart from [1]: rather than regressing

cost onto the expert planner’s cost of the matched expert

trajectory, the target folds each hypothesis’s best-expert error

together with a geometric clearance penalty gm, the soft barrier

of Sec. III-A accumulated along the predicted trajectory,

normalized per sample,

um = min
k

Lk,m + λgeo gm, c∗m =
um

meanm′ um′ + η
, (4)

and the total loss adds a squared-error regression of ĉ onto

the detached c∗, so that selecting the lowest-cost hypothesis

at deployment favors trajectories that are both accurate and

collision-free. We additionally re-render each labeled state

from several nearby perturbed poses [17], re-expressing the

expert’s waypoints in each perturbed body frame so the student

learns to recover from small drift; perturbation magnitude

is capped per scene by its measured reconstruction fidelity

(Sec. IV-B). At deployment, a lightweight differential-flatness

controller converts the selected hypothesis’s lookahead way-

point into the thrust and body-rate command our dynamics

model expects.

IV. EXPERIMENTS

A. Navigation Performance

We evaluate navigation policies in Isaac Sim, whose GPU-

parallel physics follows the approach introduced by Isaac

Gym [18], on a 17-scenario benchmark spanning photorealistic

and procedurally generated obstacle fields. We compare our

recovery-augmented policy (Sec. III-B), trained with either

an RGB or a depth observation, against three depth-based

baselines from the literature. For each method we report a

success rate, meaning the drone reached the goal without

dropping below zero clearance at the platform’s physical



Fig. 4: Imitation learning inside the reconstructed environment. Given an RGB or depth observation (with inserted obstacles)

and a goal position, a student policy is supervised by an expert teacher’s sampled trajectories; the student predicts a fan of

candidate control-command rollouts from observation and state alone.

radius, alongside mean per-scenario minimum clearance and

mean flight velocity (Table I).

TABLE I: Navigation benchmark (17 scenarios)

Method Success Rate ↑ Min. Clearance ↑ Avg. Vel.

Baselines (depth)

DiffAero [2] 16/17 (94%) +0.37 m 2.12 m/s
DepthNav [3] 14/17 (82%) +0.30 m 2.31 m/s
Agile Autonomy [1] 5/17 (29%) −0.01 m 2.50 m/s

Ours

Depth 10/17 (59%) +0.33 m 2.28 m/s
RGB 5/17 (29%) −0.09 m 2.51 m/s

Depth’s advantage holds even before RGB enters the com-

parison: trained on an identical corpus and recipe, our depth

policy clears the benchmark at twice the rate of our RGB

policy, with positive rather than negative mean minimum

clearance, consistent with the appearance gap discussed in

Sec. II. Our depth policy also lands between the strongest

and weakest baselines, trailing DiffAero and DepthNav but

well ahead of Agile Autonomy, which suggests the gap our

RGB policy still faces owes more to observation modality than

to our training recipe. Fig. 5 and Fig. 6 show the broader

comparison: our policies fly at mean velocities comparable to

the depth baselines, but our RGB policy’s flown trajectories

cut closer to obstacles than any depth-based method’s.

B. Reconstruction Fidelity Away from the Capture Trajectory

A navigation policy flies through the simulator, not just

along its capture path, so we test whether reconstruction

quality holds away from that path. Fig. 7 samples novel views

at increasing lateral offset and tracks rendering and depth

accuracy as offset grows; both degrade gradually rather than

collapsing, so the reconstruction supports flight through the

volume, not just along the capture path.

Fig. 5: Success rate vs. mean flight velocity across methods.

C. Qualitative Results

Fig. 8 shows what the aggregate numbers of Sec. IV-D look

like on individual frames. Plain 3DGS reaches the sharpest

Fig. 6: Representative flown trajectories through the same

obstacle field.



(a) PSNR vs. offset (b) Depth MAE vs. offset

Fig. 7: Rendering and geometric fidelity as a function of lateral

offset from the capture trajectory.

storefront lettering of the three, 27.4 dB against our 27.1

dB, mirroring the sub-half-decibel trade the aggregate ablation

reports, but the reverse trade shows in geometry: red floating-

artifact overlays cover 13.5% of 2DGS’s pixels and 2.5% of

plain 3DGS’s, against 0.7% for our recipe.

D. Reconstruction Recipe Ablation

We next ask whether our recipe (Sec. III-A) is worth its

extra supervision, and whether the gain holds across repre-

sentations. On a held-out split of one scene (1,569 training

/ 225 held-out views), we cross two representations, 3D and

2D Gaussian splatting [16], with two recipes, a photometric-

only baseline and our recipe with metric-depth supervision

(Table II).

Both photometric-only baselines win on PSNR, but each

pays for it in geometry: plain 3DGS’s depth error is more

than eleven times larger than our recipe’s and over a tenth

of its pixels are floaters, and plain 2DGS is worse still on

both counts. Adding the metric-depth term costs under half

a decibel of PSNR relative to plain 3DGS in exchange for

an order-of-magnitude improvement in geometric accuracy,

which is the property a training environment for a collision-

Fig. 8: Ground truth, 2DGS, plain 3DGS, and our recipe

rendered from the same viewpoint. Top: RGB detail with

PSNR. Bottom: floating-artifact overlay (red) with floater

fraction.

TABLE II: Reconstruction recipe ablation (single scene, held-

out views)

Rendering Quality Geometric Fidelity

Arm PSNR ↑ SSIM ↑ LPIPS ↓ Depth MAE (m) ↓ Floaters ↓

Vanilla 3DGS 29.35 0.8706 0.215 0.974 11.5%
Vanilla 2DGS 29.07 0.8656 0.228 1.466 13.0%
2DGS + depth 28.26 0.8518 0.213 0.212 1.5%
3DGS + depth (ours) 28.89 0.8676 0.184 0.085 0.4%

Fig. 9: Real-world flight of the depth-based DiffAero policy,

using motion-capture state estimation and a time-of-flight

depth sensor. The recovered flight path (red) clears both

obstacles inside the motion-capture cage.

avoidance policy actually needs; it also costs a little SSIM,

though LPIPS, the perceptual metric our recipe’s own loss

targets, favors our recipe over every baseline. That trade

holds across representations, but not identically: adding depth

supervision to 2DGS still leaves its floater rate at 1.5%, nearly

four times our recipe’s 0.4%, so depth supervision helps every

representation but 3DGS realizes it best.

E. Real-World Deployment

As a preliminary hardware check, we deployed the depth-

based DiffAero policy (Sec. IV-A) on a Starling 2 Max drone,

using motion-capture for state estimation and a time-of-flight

(ToF) sensor in place of the simulated depth image. The policy

outputs were converted into target velocity commands and

tracked by a PX4 controller; an OptiTrack system provided

the quadrotor’s state, and the ToF image was downsampled to

16× 9 before being fed to the policy as its depth observation.

Fig. 9 shows the resulting flight path clearing two obstacles.

Because this test used motion-capture pose rather than onboard

estimation, a PX4 velocity controller rather than our flatness

controller, and the depth-based baseline rather than our own

student policies, it validates only the hardware integration of a

depth-based navigation policy under external state estimation;

a fully onboard, monocular flight test remains the deployment

this pipeline is ultimately built toward (Sec. V).

V. DISCUSSION AND FUTURE WORK

Our central result is a gap, not a wall: on the same corpus

and recipe, the RGB policy clears 5/17 scenarios against the

depth policy’s 10/17, and every scenario the RGB policy clears

is one its depth counterpart also clears. A gap of this shape is

what we would expect from a training corpus that has not yet



seen enough visual variation, not from a modality that cannot

support navigation at all.

That reading rests on a 17-scenario benchmark, a recon-

struction ablation run on a single held-out scene (Sec. IV-D),

and reconstruction-fidelity and navigation results measured

entirely in simulation, aside from the preliminary hardware

check of Sec. IV-E. A wider, more visually diverse scene

library, an ablation repeated across scenes, and a flight test

on a physical monocular platform would each test whether

these results hold at scale; the last of these is the evaluation

this pipeline was ultimately built toward, since a depth-free

navigation stack only pays off once it flies on hardware that has

no depth sensor to fall back on. The reconstruction and policy-

training pipeline (Sec. III-A, Sec. III-B) places no requirement

on TartanAir specifically, so both directions, a larger scene

library and real-world flight, are natural next steps.

VI. CONCLUSION

We build a 3D Gaussian splatting pipeline that reconstructs

TartanAir captures into flyable, photorealistic simulation envi-

ronments, jointly supervised with RGB and metric depth, and

validate that reconstruction fidelity holds at novel viewpoints

away from the capture trajectory. Inside this simulator we train

goal-conditioned navigation policies via privileged imitation

learning from RGB or depth observations and benchmark both

against three depth-based baselines from the literature. The

depth policy lands between the strongest and weakest of those

baselines; the RGB policy trails, a gap we attribute to the

limited visual diversity of the current training library (Sec. V),

which argues for a larger reconstructed scene library and a

flight test on a physical monocular platform.
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