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Abstract—Palm-sized aerial robots are promising for search
and rescue operations, but limited sensing and onboard com-
pute make autonomous flight challenging, especially in dark
scenes. We present a lensless navigation system that replaces
the conventional lens with an ultralight piece of tape, which pas-
sively suppresses background structure while preserving nearby
obstacles, thereby embedding depth cues directly in the mea-
surements. Combined with low-power infrared (IR) illumination,
this enables autonomous navigation in complete darkness within
the robot’s sensing and compute constraints. To further reduce
onboard computation, scene reconstruction is performed only
when an obstacle is detected from raw measurements, and the
recovered structure is then used for dodging. Our reconstruction
pipeline runs at 14 Hz on a Jetson OrinTM Nano, and fewer
than 30% of frames are reconstructed during flight, improving
both computational efficiency and power usage. Real world
autonomous flight experiments demonstrate robust traversal in
cluttered environments in complete darkness.

Index Terms—Lensless Imaging, Aerial Robots, Passive Com-
putation.

I. INTRODUCTION

Search and rescue often requires navigating tight, cluttered
spaces that are unsafe for humans and often completely dark.
Palm-sized aerial robots are well-suited to these settings, but
reliable autonomy remains difficult under strict size, weight,
and power constraints.

Vision is a primary sensing modality for such platforms
due to its compact form factor, low cost, and rich scene
information. However, safe navigation still requires recovering
scene structure, particularly depth, for obstacle avoidance.
Conventional robotic cameras do not encode depth cues di-
rectly in their measurements, and therefore rely on multiple
views and computationally intensive processing to estimate
depth [1]–[3]. Although effective, these approaches introduce
significant hardware and computational overhead, which limits
their suitability for small, resource-constrained aerial robots.
In dark environments, the challenge becomes even greater,
as active illumination and additional computation are often
required, further increasing the burden on onboard resources.
Optical approaches such as depth from defocus [4] and coded
aperture imaging [5], [6] can embed depth cues within the
captured signal, but they still depend on conventional lens-
based designs and thus retain their associated size and weight
constraints.

This motivates a fundamental shift in perspective: rather
than recovering depth through increasingly complex post-
processing or using multiple sensors, we can instead design the
sensing process itself to encode scene structure. By adopting a
physics-informed input approach, the image formation process
can be shaped so that captured measurements inherently
contain depth relevant information, thereby reducing the need
for heavy downstream computation.

*Equal Contribution. Author order decided randomly.

Fig. 1. Our palm-sized aerial robot uses a lensless camera to navigate
cluttered real-world scenes in complete darkness. Replacing a conventional
lens with a simple tape diffuser passively attenuates background structure,
causing nearby obstacles to dominate the reconstruction and thereby providing
a physics-informed signal for navigation. We illustrate the imaging process
for a scene containing a foreground box: actual scene, raw image from the
lensless camera, and reconstructed frames.

Recent work in computational imaging has explored lensless
systems as lightweight alternatives to conventional cameras,
using coded apertures, diffusers, and phase masks to directly
encode scene structure into measurements [7]–[11]. These
approaches reduce hardware complexity and enable compact
imaging designs, but have largely been demonstrated in con-
trolled indoor settings, often on objects displayed on screens
and placed only a few centimeters from the camera.

In this work, we take lensless imaging beyond recon-
struction in controlled settings and for the first time ever,
demonstrate its potential as a viable sensing modality for real
time aerial robot navigation, that too in complete darkness.
We show that a lensless system can be deployed on a small
aerial robot to enable autonomous flight in complete darkness
(Fig. 1). At the core of our approach is an extremely simple
optical element: a piece of translucent tape acting as a diffuser,
inspired by [8], that reshapes the incoming light. Rather
than reconstructing the entire scene, the diffuser’s inability to
preserve fine detail becomes an advantage, suppressing distant
and irrelevant background information and effectively restrict-
ing perception to a navigation relevant depth range while still
encoding ordinal depth cues through passive computation [3],
[12].

To operate in complete darkness, we pair this with low-
power infrared illumination (0.5W), enabling active sensing
with minimal impact on system size, weight, and power.
Because the captured measurements already encode coarse
scene structure, we avoid expensive high-fidelity reconstruc-
tion and instead use low-resolution grayscale outputs from a
single iteration of Alternating Direction Method of Multipliers
(ADMM) optimizer for reconstruction. This enables real-
time onboard perception on a resource-constrained platform,



Fig. 2. Weight comparison between the proposed tape diffuser and
conventional imaging optics. The tape diffuser (right) weighs only 5 g,
compared to several hundred grams for DSLR lenses (left) and tens of grams
for compact robotic camera lenses. This corresponds to up to 73× lower
weight than DSLR lenses and about 8× lower weight than small robotic
lenses, highlighting its advantage for resource-constrained aerial robots.

allowing navigation in cluttered environments in complete
darkness while remaining significantly lighter than traditional
camera systems (Fig. 2). To the best of our knowledge, this is
the first demonstration of lensless imaging for embodied robot
navigation in unstructured real-world environments, highlight-
ing a shift toward simple optics and task aware sensing over
complex hardware and computation.

Our key contributions are summarized as follows:
• We present, to the best of our knowledge, the first

lensless imaging-based navigation framework for robots
in complete darkness (< 1milliLux).

• We demonstrate autonomous navigation in unstructured
environments.

• We propose a reconstruction on demand strategy to
reduce computation and improve efficiency.

II. LENSLESS NAVIGATION USING PASSIVE COMPUTATION

In our setup, we use a piece of translucent tape and a 0.5W
IR source for illuminating the scene. Let x ∈ RN denote the
scene irradiance and y ∈ RM the captured sensor measure-
ment. The lensless image formation process is modeled as

y = Hx+ n, (1)

where H is the diffuser-induced Point Spread Function (PSF)
and n denotes measurement noise. We recover the scene by
solving the TV-regularized inverse problem

x̂ = argmin
x≥0

1

2
∥Hx− y∥22 + τ∥∇x∥1, (2)

using an ADMM-based solver [8]. Since our goal is obstacle
avoidance rather than high-fidelity imaging, we reconstruct
only coarse scene structure in grayscale. Unlike conventional
lensless pipelines that solve separately for RGB channels, we
recover a single intensity image, reducing the problem dimen-
sionality by a factor of three and correspondingly lowering
memory and computation cost (Fig. 3). Further, because the
system must operate onboard a resource-constrained robot,
we perform only a single reconstruction iteration. As shown
in Fig. 3, additional iterations increase runtime, while the
navigation task does not require fine-grained image detail.

A. Foreground Emphasis

The central idea of our approach is to emphasize nearby
obstacles while suppressing less relevant background structure.
This foreground-biased sensing behavior can be understood

Fig. 3. Grayscale vs. RGB lensless reconstruction. (A1) Ground-truth
RGB scene, (A2) Tape Point Spread Function (PSF) and (B) corresponding
raw lensless measurement. (C)-(F) Reconstructions with increasing ADMM
iterations, with grayscale on top and RGB on bottom. A single iteration
already recovers the dominant scene structure, while additional iterations
provide only minor gains. RGB reconstruction, however, incurs significantly
higher runtime, as shown in (G), with limited added structural benefit.

from the forward model. Let xd denote the scene contribution
at depth d. The captured measurement can then be written as

y =
∑
d∈D

α(d, P )Hdxd + n, (3)

where Hd denotes the depth-dependent forward operator
(PSF), and α(d, P ) models attenuation as a function of scene
depth d and illumination power P .

Under active illumination, the received signal strength fol-
lows

α(d, P ) = κ
P

d2
, (4)

where κ captures reflectance and diffuser-dependent effects.
The depth-dependent signal-to-noise ratio can be expressed

as

SNR(d) =

∥∥κ P
d2 Hdxd

∥∥2
2

∥n∥22
, (5)

which decreases quadratically with depth. Therefore, nearby
obstacles produce measurements for which∥∥∥∥κ P

d2
Hdxd

∥∥∥∥
2

≫ ∥n∥2, (6)

and are reliably recovered, whereas distant structures satisfy∥∥∥∥κ P

d2
Hdxd

∥∥∥∥
2

≈ ∥n∥2 or
∥∥∥∥κ P

d2
Hdxd

∥∥∥∥
2

< ∥n∥2, (7)

causing them to blend into the noise floor and be poorly
reconstructed. This depth-dependent attenuation naturally sup-
presses background regions while preserving foreground ob-
stacles, yielding an implicit foreground-background separation
in the recovered structure.

For navigation, we only require this foreground-background
separation (or depth ordinality). To quantify this, we define a
foreground emphasis metric F over the reconstructed image
x̂. Let F and B denote foreground and background regions,
corresponding to obstacle depths Zf and Zb, respectively. We
define

F =
µf

µb
, (8)



where

µf = E[x̂(u) | u ∈ F ], µb = E[x̂(u) | u ∈ B]. (9)

Since the measurement contribution scales as 1/d2, the recon-
structed foreground and background responses diverge as their
depths separate, and hence

F ∝ |Zb − Zf |. (10)

When the foreground and background are well separated in
depth, µf > µb, yielding a large F and clear obstacle
delineation. Conversely, when Zf and Zb are similar, their
attenuated responses become comparable, so that µf ≈ µb and
F ≈ 1, indicating weak foreground-background separation.

B. Obstacle-Aware Reconstruction Triggering

To reduce onboard computation, we avoid continuous re-
construction and trigger it only when the raw measurement
deviates from an obstacle-free reference I0(x, y). Given an
incoming frame It(x, y), we first compute a smoothed image

Ist (x, y) = (It ∗G)(x, y), (11)

where G is a Gaussian kernel. From Ist , we extract a compact
set of statistics that capture both global intensity variation and
localized bright structure. In particular, we compute the bright-
pixel ratio

rt =
1

N

∑
x,y

1
(
Ist (x, y) > Tb

)
, (12)

the mean intensity µt, the total energy

Et =
∑
x,y

Ist (x, y), (13)

the maximum intensity Imax,t, and the 99th percentile intensity
I99,t.

These quantities are compared against their corresponding
reference values computed from I0. We then form binary indi-
cators C1, . . . , C4 that test whether the current frame exhibits
a sufficient increase in bright-pixel ratio, mean intensity, total
energy, maximum response, or 99th percentile response. The
indicators are aggregated using

Vt = C1 + C2 + C3 + C4, (14)

and reconstruction is triggered when Vt ≥ 2. Since I0 captures
the nominal free-space response of the system, deviations in
these statistics provide an efficient cue for obstacle presence
directly from the raw lensless measurement, without requiring
reconstruction at every frame.

C. Navigation Policy

Our navigation policy follows the formulation of [13]. In
our setup, distant structures appear darker in the reconstructed
image x̂ due to attenuation, making image intensity a useful
cue for obstacle proximity. Thresholding x̂ separates nearby
obstacles from background structure, and the resulting fore-
ground map is used for obstacle avoidance.

III. EXPERIMENTS AND RESULTS

We validate the proposed system through real-world au-
tonomous flight experiments in indoor zero-light settings.
All experiments are conducted in a netted flight arena of
size 11 × 4.5 × 3.65m under near-zero ambient illumination
(< 1mLux). The robot is a custom-built quadrotor (Corgi140,
140mm wheelbase) equipped with a Jetson Orin Nano for
onboard perception and planning, a MatekSys H743 Mini run-
ning ArduPilot for low-level control, a forward-facing lensless
camera with a tape diffuser placed 3mm from the sensor, a
0.5W IR illumination source, and a downward optical flow
sensor for hover stabilization.

We consider two obstacle configurations (Table I): Play
tunnels (Fig. 4(A)), consisting of upright fabric tunnels in
a moderately cluttered layout, and Poles (Fig. 4(B)), con-
sisting of thin PVC poles arranged vertically and horizontally,
creating a sparser but geometrically challenging scene. For
both scenes, we additionally compute traversability using the
method of [14].

We also perform a benchtop study to quantify foreground-
background separation. The scene consists of two box shaped
obstacles with moss textures, where the depth gap between
the foreground and background is varied and the resulting
foreground emphasis metric F is measured. We compare
ADMM reconstruction and Wiener deconvolution on the same
Jetson Orin Nano platform. As shown in Fig. 5, ADMM
consistently produces higher F values, indicating stronger
separation between near and far structures, although it runs
at 14 Hz compared to 80 Hz for Wiener deconvolution. We
therefore adopt ADMM for autonomous traversal, as stronger
obstacle separability is more critical for safe navigation, and
reconstruction is performed only when needed rather than on
every frame, keeping the overall computational load manage-
able.

For autonomous evaluation, we report Success Rate (SR),
the number of collision-free traversals out of 15 runs, and
Trigger Rate (TR), the percentage of frames requiring re-
construction. As shown in Table I, the robot achieves 13/15
successful runs in both scenes while reconstructing only 30.5%
of frames in Play tunnels and 16.6% in Poles. These
results show that robust autonomous navigation is possible
while reconstructing only a small fraction of frames, sub-
stantially reducing onboard computation and improving power
efficiency.

TABLE I
AUTONOMOUS NAVIGATION PERFORMANCE IN ZERO-LIGHT INDOOR

ENVIRONMENTS. TR DENOTES TRIGGER RATE AND SR DENOTES
SUCCESS RATE.

Scene Traversability Luminosity (lux) TR (%) SR (%)
Play tunnels 9.42 0.001 30.5 86.67 (13/15)
Poles 9.75 0.001 16.6 86.67 (13/15)

IV. CONCLUSION AND FUTURE WORK

We presented the first demonstration of lensless sensing for
autonomous aerial robot navigation, showing that a simple
tape-based diffuser can enable real-world flight in complete
darkness on a resource-constrained platform. By combining
passive optical foreground emphasis with selective reconstruc-
tion, the proposed system achieves robust obstacle avoidance
while reconstructing only a small fraction of frames, thereby
reducing onboard computational load and improving power
efficiency. Future work will investigate this paradigm in more



Fig. 4. Real-world autonomous navigation in indoor zero-light scenes. We evaluate the proposed system in two scemes: Play tunnels (A) and Poles
(B). For each scene, the image on the left is taken from a SonyA7S3 Camera with a shutter speed of 1/100, f/5.6 aperture, ISO 4096000. The right ones are
top views recorded from a GoPro camera. In the images, red shows when obstacles are detected (thus reconstruction triggered) and green shows no obstacle
detection.

Fig. 5. Foreground-background separation under varying depth gaps.
Two moss-textured box obstacles are placed at different depths, and the
resulting foreground emphasis metric F is measured for ADMM and Wiener
deconvolution. The top figure shows how the reconstruction varies with depth
and the bottom plot shows how F varies for ADMM and Wiener.

demanding regimes, including high-speed navigation and dy-
namic obstacle avoidance, to better understand the limits and
broader applicability of lensless sensing for agile autonomous
flight.
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