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FoveaCam Duo: Foveated Stereo for Standoff
Depth Sensing

Yuxuan Zhang*, Jacob Carter*, Hannah Kirkland, Michael Tomodakis, Noah Ralph, and Sanjeev J. Koppal†

Abstract—Robust depth perception is fundamental to autonomous navigation, manipulation, and scene understanding. Here we apply
the benefits of foveation to depth perception with FoveaCam Duo: a passive stereo system inspired by biological foveation and crypsis.
Our system uses a pair of high-resolution telephoto cameras steered by fast MEMS mirrors to produce high quality, dense depth maps
at any designated region of interest with minimal processing. However, the MEMS-steered optics introduce angle-dependent distortion
that cannot be accounted for with traditional stereo calibration, which assumes fixed camera geometry. To account for this, we
introduce a three-stage calibration pipeline that maps MEMS mirror voltages to camera pointing angles and rectifies the foveated
images via affine regression. We analyze how extending detection range quadratically expands the feasible operating region for
standoff observation, and our simulation confirms that multi-fovea agents achieve substantially higher target coverage than single-fovea
counterparts. In our evaluation, FoveaCam Duo maintains accurate depth estimation at distances where conventional stereo fails
entirely. We also release a raster-scanned foveated stereo dataset with multi-viewpoint captures along a linear rail to compare to
traditional stereo. In addition, we present a self supervised stereo algorithm to systematically compare to out-of-the-box and
foveation-adapted state of the art depth prediction methods, demonstrating the integrity of stereo correspondence in our captures.

Index Terms—Embodied Sensing, Depth Sensing, Foveated Imaging, Stereo Vision, Computer Vision, Robotics
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Fig. 1: FoveaCam Duo system overview and algorithm visualization. (a) Front view of the FoveaCam Duo assembly,
with the left and right foveated cameras spaced 100 mm to either side of the central wide-angle camera. (b) Cross-
section of a foveated telephoto camera, showing the MEMS mirror that rapidly steers the narrow telephoto field of
view across regions of interest. (c) FoveaCam Duo utilizes two MEMS-mirror-steered telephoto cameras L,R, dynamically
redirecting the foveated field of view within an extended region to deliver high-resolution depth at any point of attention.
(d) Visualizations of custom foveated depth algorithm in comparison to monocular foveated depth estimation.

1 INTRODUCTION

RObust depth sensing is fundamental to autonomous
navigation, manipulation, and scene understanding.

Although LiDAR provides accurate range measurements, its
sparsity and hardware constraints limit its applicability in
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dense perception tasks. Stereo vision offers a scalable and
passive alternative for dense depth estimation. However,
achieving accurate depth across both near and far ranges
remains a fundamental challenge.

In this work, we describe and demonstrate Fovea-
Cam Duo, a foveated stereo camera system inspired by bi-
ological foveation and crypsis [10], [11]. In biological vision,
sensing resources are non-uniformly distributed, with high
acuity concentrated in a small foveal region and lower
resolution in the periphery, enabling efficient allocation of
limited sensing capacity. This non-uniform allocation gives
rise to biological crypsis, the evolutionary pressure to detect
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TABLE 1: Comparison of depth-sensing hardware across ac-
tive illumination (emitter-limited range, often sparse), motor-
ized vergence stereo heads (bulky, slow), multi-resolution camera
arrays (expensive, bulky, no depth), and FoveaCam Duo. A
“−” denotes that the information was either unreported or
not applicable.
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Active
Illumination

Active IR
Stereo [1] % ! % % ! % %

Flash LiDAR
(ToF) [2] % ! % % ! % %

Scanning
LiDAR [3] % % % % ! % %

Motorized
Vergence
Stereo

Humanoid
Robots [4], [5],
[6], [7], [8]

! ! % % ! % %

Multi-Res. /
Hybrid AWARE-2 [9] ! − % ! % % %

8 Ours FoveaCam Duo ! ! ! ! ! ! !

without being detected, where predators and prey direct
high-acuity foveal gaze to mutually observe targets [12]. We
analyze the resulting reciprocal visibility trade-off and show
that enabling multi-fovea pursuit with FoveaCam Duo in-
creases both target coverage and its own chance of sur-
vival in hostile environments. The FoveaCam Duo system
consists of a central wide-angle camera coupled with two
telephoto cameras on each side steered by a MEMS (Micro-
Electro-Mechanical System) mirror. The wide-angle camera
provides a broad contextual view while the two telephoto
cameras dynamically point to any region of interest within
the wide field of view, delivering high angular resolution
stereo at point of attention.

FoveaCam Duo provides a better tradeoff between
coverage and resolution: Conventional equiangular stereo
assigns uniform angular sampling across the field of view, a
strategy Marr characterized as “luxurious memory capac-
ity” due to its inefficient allocation of sensing resources
[13]. Rather than increasing the total pixel budget, Fovea-
Cam Duo redistributes sensing resolution through foveation,
allocating stereo pixels where disparity sensitivity degrades
with distance. This targeted reallocation compensates for
the quadratic growth of depth error, enabling recovery of
distant structure while imaging nearby regions at lower but
sufficient resolution.
In summary, our contributions are:
§ 3.1 The hardware implementation of a novel foveated

stereo camera system combining a wide-angle ref-
erence camera with a stereo pair of MEMS-mirror-
steered telephoto cameras;

§ 3.2 A three-stage calibration pipeline rectifying foveated
images to a virtual pinhole projection model and a
performance evaluation by measuring its target local-
ization accuracy following a 3D trajectory;

§ 4.4 An analysis of the reciprocal visibility-stealth trade-off

governing standoff observation and simulated valida-
tion that multi-fovea pursuit increases target coverage
and survivability; and

§ 5 A self-supervised, foveation-aware stereo depth al-
gorithm demonstrating the integrity of disparity sig-
nal and improved quality in comparison to wide-
angle stereo.

2 RELATED WORK

Classic Computational Stereo Matching. Passive stereo vi-
sion estimates depth by triangulating corresponding points
across views. Semi-Global Matching (SGM) [14], [15] re-
mains one of the most widely used dense two-frame stereo
methods, approximating a global 2-D smoothness prior via
1-D paths to produce high-quality disparity maps. A funda-
mental limitation of classical stereo is the quadratic growth
of depth error with distance [16], such that even sub-pixel
matching precision yields large errors at long range when
angular resolution is low.
Learning-Based Stereo Matching. Deep learning has
replaced handcrafted costs with learned features and
end-to-end disparity regression. DispNet [17] introduced
correlation-based matching, while PSMNet [18] leveraged
3D cost volumes and multi-scale context for robustness.
Recent methods adopt iterative refinement strategies in-
spired by optical flow, with RAFT-Stereo [19] and IGEV-
style models [20], [21] achieving state of the art accuracy via
recurrent updates over dense correlation volumes. Hybrid
approaches incorporate monocular priors (Depth-Anything-
V2 [22]) such as MonSter [23], while foundation-style stereo
models [24] improve zero-shot generalization through large-
scale synthetic training. Despite these advances, learned
stereo remains limited by angular sampling: when distant
targets project to only a few pixels, disparity information
is irrecoverable, motivating hardware approaches that in-
crease angular resolution in regions of interest.
Foveated and Active Vision. Biological vision systems ad-
dress the resolution-bandwidth trade-off through foveation,
concentrating photoreceptors in a high-acuity fovea with
low-resolution periphery [25], [26], coupled with rapid sac-
cadic eye movements to redirect attention [27]. This princi-
ple inspired active perception in robotics, where sensors are
dynamically controlled to improve task performance [5], [7],
[28], [29], [30]. Conventional active stereo systems use pan-
tilt mechanisms [4], [6], [8], [31], [32], while MEMS mirrors
provide a compact, low-latency alternative via fast two-
axis beam steering [33], [34]. Recent MEMS-based foveated
cameras [35], [36], [37], [38] demonstrate this for monocular
depth and attention. Mao et al. [39] instead focus on aber-
ration correction via foveation, optimizing image quality
rather than increasing information through view steering.
Multi-Resolution and Hybrid Camera Systems. Hybrid
systems combine cameras to overcome single-sensor trade-
offs. Large arrays [40] and gigapixel systems [9] achieve
high-resolution wide-field imaging but are impractical due
to scale. Prior work extends MEMS foveation to multi-
object tracking [41] and adaptive depth sensing [42] using
wide-angle guidance. Our approach instead realizes stereo
foveated cameras with a wide-angle guide, enabling rapid
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TABLE 2: Optical performance and electrical actuation spec-
ifications of the FoveaCam Duo system.

Specification Measurements
Optical
Field of View

Wide 25.6◦ × 19.4◦

Fovea 2.86◦ × 2.15◦

Angular
Resolution

Wide ∼55 px/◦

Fovea ∼502 px/◦

Eff. Aperture Fovea ≈ f/21.5

Steering Actuation Range 20◦ × 20◦

Extended FoV 22.9◦ × 22.2◦

MEMS
Actuation

Response Time <1 ms
Settle Time (Worst Case) <2 ms

Step Precision ∼0.08 px/step

redirection of a telephoto pair to provide on-demand high
angular resolution for depth estimation.
Robotic Motion Planning for Active Sensing. Swingler
and Ferrari [43] unify sensing and motion planning geo-
metrically, while Lu et al. [44] and Wei et al. [45] jointly
optimize motion and sensing for visibility-aware tracking.
FoveaCam Duo introduces MEMS-steered foveae as a low-
latency sensing degree of freedom, potentially reducing
reliance on platform motion to maintain visibility.

3 FoveaCam Duo: DESIGN AND CALIBRATION

3.1 System Design
The FoveaCam Duo system (Fig. 1) consists of three cameras
arranged on a horizontal baseline: a central wide-angle cam-
era and two telephoto cameras positioned symmetrically on
left and right side of the wide-angle camera, each equipped
with a MEMS mirror that steers the telephoto optical axis.
The telephoto component (Fig. 1) provides high angular
resolution within a narrow field of view θT that can be
dynamically directed to any region within the extended field
of view θW . Prior MEMS mirror imaging systems suffered
from ghost images caused by cover glass reflections [35],
[36], [41]. Proposed mitigations, including post-processing
and tilted cover glass, introduced artifacts of their own.
FoveaCam Duo eliminates the problem entirely by removing
the cover glass, using its semi-air-tight optical chamber
depicted in Fig. 1 (b) for equivalent protection.

As listed in Table 2, the telephoto cameras achieve ap-
proximately 502 px/◦, which is magnitudes higher than any
known stereo setup built for depth sensing. The values are
measured through a standard OpenCV checkerboard cam-
era calibration pipeline [46]. Additionally, Table 2 reports the
actuation performance specifications based on our measure-
ments on optical performance and product specifications
reported by the vendor of the MEMS mirrors.Derivation
of reported metrics and model numbers of the off-the-
shelf components used in FoveaCam Duo are listed in the
supplementary material.

3.2 Dual Fovea Calibration
Calibration of the FoveaCam Duo system proceeds in
three stages:
1) Intrinsic Calibration of the Wide-Angle Camera: The
central wide-angle camera serves as the angular reference
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Fig. 2: Extrinsic calibration setup. (a) The FoveaCam Duo sys-
tem is mounted on a pan-tilt platform that sweeps the
assembly through a grid of x and y angles. (b) Three ArUco
markers, one per camera, are placed at distance D and
spaced by the stereo baseline d. (c) Geometric diagram
showing the angular error δθ = |θC − θL| ≈ |θC − θR|
introduced by geometry.

(a) Left - Raw (b) L/R Diff - Raw (c) Right - Raw

(d) Left - Rectified (e) L/R Diff - Rectified (f) Right - Rectified

Fig. 3: Rectification of the foveated stereo pair. Top: raw im-
ages from the left and right foveated cameras and their red-
blue anaglyph difference. The anaglyph (b) reveals severe
misalignment. Bottom: after applying the angle-dependent
correction H(αx, αy), the rectified anaglyph (e) shows that
the left and right images are now well-aligned, with residual
red-blue separation visible only on the foreground Statue of
Liberty model due to its true stereo disparity.

for the entire system. We perform a standard intrinsic cal-
ibration [46] using a checkerboard to obtain the camera
matrix and distortion coefficients, from which we derive
a pixel-to-angle mapping. Specifically, for any pixel coor-
dinate (px, py) in the wide-angle image, we compute the
corresponding ray direction (αx, αy) relative to the camera’s
optical axis. This mapping is used in the subsequent extrin-
sic calibration stage to establish ground-truth poses for all
three cameras.

2) Extrinsic Calibration with MEMS Voltage to Pointing
Angle: Extrinsic calibration maps mirror control voltages
(vx, vy) to pointing angles (αx, αy) of each foveated tele-
photo camera. We mount the system on a custom pan–tilt
platform (Fig. 2 (a)) and sweep predefined poses while
each of the three cameras tracks a dedicated ArUco marker.
Markers are placed as in Fig. 2 (b) (spaced by the stereo
baseline and aligned to the physical layout) so the angular
subtense to each camera remains approximately constant.
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Fig. 4: Target localization experiment and results. (a,b) Setup: a Statue of Liberty model is placed at slots along a 3D-
printed ∞-rail; a linear stage translates the center wide camera to form a virtual wide-angle stereo pair at identical
baseline. (c) Localization error at 5/10/15 m (lower is better), with wide-angle stereo degrading sharply beyond 10 m. (d–f)
Estimated trajectories for wide-angle “ ■ ” and foveated “ ● ” stereo; FoveaCam Duo preserves the ∞ shape throughout
while wide-angle fails past 10 m. Trajectories are centroid-aligned for display; mean drift is reported in (c). This confirms
the triangulation advantage of FoveaCam Duo through high resolution fovea to compensate for quadratic depth error.

The induced geometric error is quantified by

δθ = arctan
d− d cos(θ)

D ± d sin(θ)
(1)

and is negligible for D ≫ d (Fig. 2 (b, c)). We sweep a
9×9 grid of (vx, vy), so that at each position the wide-angle
camera observes its own marker and, using the intrinsic
pixel-to-angle mapping (Sec. 3.2), provides ground-truth
(αx, αy), while each foveated camera uses PID control to
keep its marker centered. We fit a 3rd-order polynomial
regression from stabilized driver voltages between (vx, vy)
and (αx, αy) and find its inverse:[

vx

vy

]
= K ·

[
α3
x α3

y α2
xαy αxα

2
y · · · 1.0

α3
x α3

y α2
xαy αxα

2
y · · · 1.0

]
(2)

[
αx

αy

]
= T ·

[
v3x v3y v2xvy vxv

2
y · · · 1.0

v3x v3y v2xvy vxv
2
y · · · 1.0

]
(3)

Reprojection results align well with ground truth, with
regression plots in both voltage and angular space in Sec. 3
of the supplementary material.

3) Foveated Image Rectification: Images from the MEMS-
steered telephoto optics exhibit angle-dependent affine dis-
tortion. For standard parallel-stereo processing, we rectify
each foveated image into a virtual pinhole camera whose
focal length matches the telephoto lens and whose optical
axis is parallel to the wide-angle camera (classical rectified
geometry). During calibration (Sec. 3.2), ArUco markers
provide correspondences to estimate an affine projection
H(αx, αy) that maps distorted foveated pixels to the virtual
pinhole frame at sampled mirror angles (αx, αy). Marker

geometry plus the wide-angle pixel-to-angle mapping yield
target corner locations. Assuming negligible nonlinear lens
distortion, a projective transform suffices (Fig. 3). Because
H varies with steering, we fit each entry Hij of the 3 × 3
matrix with a polynomial of (αx, αy) as

Hij(αx, αy) =
∑
m,n

c(ij)mn αm
x αn

y (4)

including cross terms to capture axis coupling. At runtime
we evaluate Eq. (4) to assemble H(αx, αy) and warp each
image, with the rectified left/right pair then forming a stan-
dard parallel stereo input for disparity and triangulation.
Detailed metrics are shown in the supplementary material.

3.3 Field Calibration Drift
While the MEMS mirror is highly repeatable with no mea-
surable hysteresis in operation, the voltage-to-angle map-
ping drifts over time, predominantly as translational drift
from thermal structural deformation, which is most notice-
abe upon relocation of the system. We apply two mitiga-
tions: we perform one-shot in-field incremental calibration
that corrects the linear term of the regression between
voltage and pointing angle (Sec. 3.2), cancelling most trans-
lational drift without repeating the full pan-tilt sweep; we
use metal structural reinforcement parts to reduce rotational
drift. Residual drift is absorbed by downstream preprocess-
ing and stereo model (Sec. 5).

3.4 Target Vergence
Directing both foveae onto a target is a 3D problem: the two
telephoto axes must converge at the target depth, not merely
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Fig. 5: (a) Depth-binned change in AbsRel (∆ = FOV−MR)
on V-Kitti2 [47]. Far regions (blue), where high-resolution
patches are injected, show improved depth accuracy (∆ >
0), while near regions show slight degradation (∆ < 0)
(red). (b) Demonstration of quadratically increasing latency
as a function of input pixels in Depth-Anything-V2 [22].
While a monocular model, it is integrated as an interme-
diate step in many foundation stereo models [23], [24]. The
quadratic relationship motivates splitting depth computa-
tions into multiple streams for transformer architectures.

point in a shared 2D direction. Given a region of interest
on the wide-angle feed, we steer both foveae parallel to the
central ray, then iteratively verge them via normalized cross-
correlation template matching until the foveal views overlap
on the target. This closed-loop scheme requires no explicit
depth estimate and converges whenever the ROI contains
matchable texture.

4 THEORY AND ANALYSIS

Basic triangulation, Z = fB
d , shows that increased res-

olution improves disparity accuracy in foveated regions
(Sec. 4.1). With this factor in mind, our research is driven
by four intertwined observations:

1) Foveation can compensate for stereo depth uncertainty
that grows quadratically with distance (Sec. 4.1, Fig. 4).

2) Choosing where to foveate allows reallocation of pixels
from geometrically insensitive near regions to depth-
critical far regions, yielding large gains in far-field
accuracy with only minor degradation nearby (Sec. 4.2).

3) Distributing resolution across foveated regions reduces
the number of globally interacting tokens, reducing
quadratic cost of transformer stereo networks (Sec. 4.3).

4) Improved long-range perception expands the opera-
tional envelope for downstream robotics tasks such as
target localization, navigation, and planning (Sec. 4.4).

4.1 Disparity advantage in triangulation

Depth error from stereo triangulation is well known to grow
quadratically with distance: |δZ| = Z2

Bf |δd| [48]. Fovea-
Cam Duo compensates for this by dynamically increasing
the effective focal length at the region of interest, which
proportionally increases the observed disparity and reduces
depth uncertainty at range. We demonstrate such advantage
with a real-world target localization experiment.

To evaluate the depth estimation accuracy of Fovea-
Cam Duo, we designed a controlled target localization ex-
periment using a small Statue of Liberty model mounted
on a 3D-printed “∞”-shaped rail. The rail contains slots

at predefined positions, providing ground-truth target lo-
cations relative to its geometric center, and is placed at
standoff distances of 5 m, 10 m, and 15 m. As a baseline, we
compare against a conventional wide-angle stereo pair with
the same baseline and total field of view as the foveated
system’s steerable field of regard. For each stereo pair, the
target is localized via normalized cross-correlation template
matching, followed by sub-pixel refinement (up to 1

256 px) to
estimate disparity at the target center. Given rectified stereo
geometry, depth is recovered via standard triangulation.

Fig. 4(c) summarizes the resulting depth errors. At 10 m,
the wide-angle system degrades significantly as the target
occupies fewer pixels and disparity compresses toward
quantized values. In contrast, the foveated system maintains
larger disparities due to its ∼9× higher angular resolution,
resulting in substantially lower error. At 15 m, wide-angle
stereo fails entirely, with disparity approaching the noise
floor and the reconstructed trajectory no longer resembling
the ground-truth “∞” pattern. The foveated system contin-
ues to produce coherent depth estimates and successfully
recovers the characteristic trajectory shape.

4.2 Depth-Dependent Tradeoff Under Equal Bandwidth

For reallocation analysis, we construct two configurations
of FoundationStereo [24] on VKITTI2 [47] with equal total
pixel count: uniform medium resolution (MR) and a low-
resolution backdrop with 25% of pixels as high-resolution
foveal patches (FOV). To quantify the tradeoff between near-
field degradation and far-field improvement, we partition
the depth range into percentile bins ordered by increas-
ing ground-truth depth and compute metric differences
between foveated (FOV) and medium-resolution (MR) con-
figurations. For lower-is-better metrics, signs are flipped so
that positive values consistently indicate improvement.

We summarize this behavior using a Near-Far Tradeoff
Ratio T , the relative magnitude of far-field improvement
compared to near-field degradation (see supplementary
Sec.2 for full definition). Values T > 1 indicate that im-
provements in far regions outweigh losses in near regions.
Across all evaluated metrics, we observe T > 1 (AbsRel:
2.02, RMSE: 7.41, δ1: 3.28), demonstrating that modest
degradation in near regions corresponds to substantially
larger gains in far regions. Per bin AbsRel is visualized
in Fig. 5 (a). This supports reallocating resolution from
geometrically insensitive near-field areas to depth-critical
far-field regions, which FoveaCam Duo uniquely enables.

4.3 Token Reduction for FoveaCam Duo

Even under equal bandwidth, transformer-based stereo net-
works incur quadratic cost in global attention (Fig. 5 (b)):
for number of tokens N = HW

P 2 , the cost of a global
self-attention layer scales as C(N) ∝ N2, where P , H ,
and W are the patch size, image height, and image
width in pixels. FoveaCam Duo splits computation into a
low-resolution backdrop Nlow and multiple high-resolution
foveal streams Ni:

Ntotal = Nlow+
∑
i

Ni, CFOV ∝ N2
low+

∑
i

N2
i < CMR. (5)
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Fig. 6: Duality between visibility and stealth constraints.
(a) Equivalent observation capabilities. the observer must
either break stealthiness to observe the target, or fail to
observe the target to retain stealth. (b) Larger observer
detection range. An annular band exists where stealth and
visibility constraints are both satisfied. (c) δR-based inter-
pretation of feasible area with obstacles. The visible angular
spans θ1, θ2, θ3 determine the retained sectors, yielding the
same quadratic scaling in D2

max −D2
min after accumulation.

Quadratic convexity ensures independent streams reduce
unnecessary global interactions, lowering attention com-
plexity while reallocating resolution to depth-sensitive re-
gions. This principle applies to transformer-based stereo
architectures such as STTR [49], CREStereo [21], and IGEV-
Stereo [20], and models that integrate transformer-based
monocular depth estimators [23], [24].

4.4 Analysis of Reciprocal Visibility Constraints

FoveaCam Duo is inspired by the recurring strategy of crypsis
in natural vision: survive by seeing first, seeing clearly, and
seeing without being seen. Consider a predator in a mature
ecosystem. Its behavior can be interpreted as an implicit
optimization process balancing perception and exposure.
These ecological pressures map directly to several geometric
constraints. An observer (predator) that wishes to distin-
guish a feature of size St on some target i (prey). Given
a peak angular resolution θT , the distance between the
observer location A and the target location Ti must satisfy:

Di ≜ ∥A− Ti∥2 < Dmax,

Dmax ≜
St

2 tan( θT2 )
≈ St

θT
.

(6)

In order to minimize vigilance of the target, the observer
must keep a minimal distance Di > Dmin. Additional
environmental constraints on the observer’s location given
occluding obstacles and line-of-sight to multiple targets are
formalized in Sec. 4 of the supplementary material and used
in our simulation study.

4.4.1 Stealth v.s. Visibility Reciprocity
In the case when the target has the same or better detection
capability than the observer, i.e., the stand-off distance Dmin
is equal to or greater than the observer’s max detection dis-
tance Dmax, there exists no feasible location for the observer
to maintain stealth:

Dmax ≤ Dmin ⇒

{A | Dmin < ∥A− T∥ < Dmax} = ∅.
(7)

This relation reveals a geometric duality between visibility
capability and stealth: the visibility constraint imposes an

Fig. 7: A multi-target scene with a robotic observer located
within the obstacle-aware feasible region of two targets.
Line-of-sight rays from the agent to targets ❶ and ❷
visualize feasible observations, while interacting collision,
occlusion, and stealth v.s. visibility constraints carve annular
bands into disconnected sectors. The first map is full-size for
detail, with additional maps as thumbnails.

upper bound on standoff distance (D < Dmax) to preserve re-
solvability, while stealth imposes a lower bound (D > Dmin)
to avoid detection. Improving one objective tightens the
other, and when Dmax ≤ Dmin the feasible interval collapses
to the empty set.

Conversely, when the observer has a positive detection-
range margin (Dmax > Dmin), a non-empty feasible re-
gion emerges:

{A | Dmin < ∥A− T∥ < Dmax} ̸= ∅, (8)

allowing for effective observation without violating stealth-
iness. As illustrated in Fig. 6, this region is the annular band
between the two bounds Dmax −Dmin, and a larger margin
directly expands the navigable feasible area. In a 2D context,
navigable area Anav grows quadratically with this detection-
range margin: Anav ∝ (D2

max −D2
min).

The above derivation treats Dmax and Dmin as hard
boundaries, but in practice the observer’s own depth esti-
mate for Di carries some uncertainty ∆Znear, inflating the
stealth bound to give the effective navigable area

Anav ∝ D2
max − (Dmin −∆Znear)

2. (9)

By increasing angular resolution, FoveaCam Duo expands
the annular band from both sides: Dmax grows outward
with increased range while a longer focal length shrinks
Dmin as ∆Znear decreases. Traditional stereo is limited as
it can only increase Dmax at the expense of either field of
view (telephoto lenses) or bandwidth (high resolution image
sensors). A full derivation of ∆Znear is given in Sec. 5 of the
supplementary material.

4.4.2 Introduction of Obstacles
For a deterministic or known map, obstacles only attenuate
the per-radius visible angular span and leave the quadratic
scaling intact as shown in Fig. 6, with the proportionality
constant absorbing obstacle complexity. The full derivation
is given in Sec. 6 of the supplementary material.
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Fig. 8: Proof-of-concept real experiment using a toy scene.
Left: physical scene with a target and obstacles on a tiled
floor. Right: top-down schematic showing both simulation
predictions (shaded green regions) and real-world observa-
tions (dots); floor-tile corners define a grid of agent positions
verified in experiment. Blue dots denote successful observa-
tion, gray denotes failures. The validation results agree with
the feasible area predicted by the simulator.

To quantify how the reciprocal range margin translates
into success rate in a stochastic or unknown environment,
we compute the probability of a successful observation
over a random agent location for a fixed target location.
We model obstacle centers as a homogeneous 2D Poisson
process [50], [51] with per-unit-area occupancy probability
p ∈ [0, 1]. This results in an equivalent Poisson rate of λ
is λ = − ln(1 − p) ≥ 0. An obstacle of radius ro blocks a
sightline whenever its center falls within distance ro of the
segment AT . For a sightline of length d = ∥A − T∥, the
swept blocking corridor has area

Ablk(d) = 2rod+ πr2o. (10)

Under the Poisson assumption, the number of obstacle
centers in this corridor is Poisson-distributed with mean
λAblk(d), so the probability that no obstacle intersects AT is

P
(
AT is clear

)∣∣∣
d

= P

(
d∏
0

N(Ablk(δd)) = 0

)

= e−λAblk(d) = (1− p)
Ablk(d).

(11)

We now take A to be uniformly distributed over the map do-
main Ω with area |Ω| and define a successful observation as
an agent placement that simultaneously satisfies both stand-
off bounds and has a clear line-of-sight to T . By averaging
the joint event (in-range and unblocked) over Ω, converting
to polar coordinates centered at T , we find the overall
success probability as a function of fovea range Dmax:

Psucc(Dmax) =
2π

|Ω|

∫ Dmax

Dmin

(1− p)
Ablk(r) r dr. (12)

Finally, differentiating under the integral sign with respect
to the upper limit Dmax yields a strictly non-negative sen-
sitivity, confirming that extending visibility range strictly
improves the probability observation:

dPsucc

dDmax
=

2πDmax

|Ω|
(1− p)

Ablk(Dmax) ≥ 0, (13)

with the full derivation in Sec. 6 of the supplementary mate-
rial. Even in the presence of randomly distributed obstacles,
increasing the visibility range Dmax monotonically increases
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Fig. 9: Mean feasible navigable area as a function of
detection-range ratio Dmax/Dmin for multi-fovea and single-
fovea configurations, averaged over 10 randomized maps.
Both curves exhibit the predicted quadratic growth; the
multi-fovea system’s ability to track multiple targets yields
a progressively larger feasible region (hatched gap).
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Fig. 10: Mean coverage rate Rcov over one circumnavigation
loop for multi-fovea and single-fovea agents at varying
detection-range ratios Dmax/Dmin, averaged over 10 ran-
domized maps (error bars: ±1σ). The multi-fovea agent’s
ability to track multiple targets simultaneously yields sub-
stantially higher coverage, with the gap widening as the
ratio increases.

the probability of successful observation. In the next section,
we verify this property through simulation.

4.4.3 Simulation-Based Quantitative Analysis

As shown in Fig. 7, collision, occlusion, and line-of-sight
constraints remove contiguous angular sectors, yielding
disconnected and non-convex feasible regions. The robotic
agent is coupled with explicit line-of-sight rays to targets 0
and 1, illustrating feasible observations under clutter while
other directions are blocked by obstacles. To empirically
validate this behavior, we run simulations across 10 ran-
domly generated maps, each with independently sampled
obstacle layouts and target positions, and report results
averaged over all scene instances. The total navigable area
where at least one target was reachable as a function of
the maximum detection range Dmax was averaged across
the 10 randomized maps. As shown in Fig. 9, the relation
consistently follows the quadratic dependence on detection-
range margin derived in Sec. 4.4.1 and Sec. 4.4.2.

Next, we simulated a robotic agent as shown in Fig. 7.
The agent circumnavigated the perimeter constrained by the
resolution, stealthiness, and line-of-sight constraints defined
in Sec. 4.4. The coverage rate Rcov is defined as the integral
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of the number of reachable targets along one loop:

Rcov =

∮
N
(
A(t)

)
dt (14)

where N
(
A(t)

)
is the number of targets satisfying all visi-

bility constraints from the agent location A(t) at normalized
time t ∈ [0, 1]. For a multi-fovea agent N counts all si-
multaneously visible targets, while for a single-fovea agent
N ∈ {0, 1}. We repeated the loop simulation on each of
the 10 randomized maps and report the mean and standard
deviation in Fig. 10.

To validate the feasibility analysis against physical re-
ality, we reproduced a scaled-down scene with a target
and a small set of obstacles on a tiled floor (Fig. 8), using
floor-tile corners as a predefined grid of agent positions. At
each grid point, FoveaCam Duo recorded whether the target
was observable under the same constraints used in simu-
lation. The successful (blue) and failed (gray) observations
align with the simulator’s predicted feasible area (shaded
green), confirming that the simulation faithfully reflects real-
world geometry.

5 STEREO SIGNAL VALIDATION VIA SELF-
SUPERVISED RECONSTRUCTION

COnvergent stereo geometry introduces a correspon-
dence structure that differs fundamentally from the rec-

tified, wide-baseline settings assumed by modern learned
stereo systems. In particular, convergent telephoto imaging
produces signed, view-dependent disparities arising from
non-parallel optical axes, violating the epipolar consistency
and monotonic disparity assumptions exploited by foun-
dation stereo models [20], [23], [24]. In contrast, classical
multiview stereo methods are typically designed for wide-
baseline capture with strong viewpoint diversity, where
sufficient parallax enables robust correspondence aggrega-
tion [52]. In telephoto convergent configurations, however,
viewpoints become tightly clustered with weak effective
parallax, yielding disparity signals that fall outside the
regimes these methods are designed to handle.

To ensure the integrity of stereo disparity in a domain
where existing methods are not applicable, we implement
a self-supervised transformer-based stereo framework. We
decouple correspondence learning from imaging geometry
by operating on rectified virtual pinhole views, enabling
consistent epipolar reasoning despite non-parallel cameras.
Self-supervision in combination with a foveated dataset
allows us to produce stable correspondence signals where
standard stereo and multiview methods degrade.

5.1 FoveaCam Duo Dataset
To support research on foveated stereo and high-resolution
depth estimation, we release a raster-scanned dataset cap-
tured with FoveaCam Duo containing approximately 2K
foveated stereo image pairs. For each scene, we steer the
foveated cameras through a dense grid of pointing angles,
with the left and right foveas converged at the approximate
average scene depth. At each grid position, we capture syn-
chronized wide-angle and foveated image triplets, resulting
in dense angular coverage of each scene at both wide-angle
and telephoto resolutions.

Le
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Fig. 11: Visualization of one collected scene of the raster-
ized dataset. For each scene, a wide-angle shot is captured
alongside 81 pairs of foveated images. Here we show the
left fovea image capture, the anaglyph between the left and
right fovea image, and the wide-angle capture.

A subset of scenes includes multi-viewpoint captures.
In these sequences, we mount FoveaCam Duo on a custom
portable linear rail and translate the entire camera system
along the x axis to five positions (−300mm, −100mm,
center, +100mm, +300mm). At each rail position, the full
raster scan is repeated, yielding five complete scans per
scene. This dataset is structured to enable controlled evalua-
tion of foveated stereo geometry and may serve as a basis for
deriving depth estimates via wide-baseline triangulation.
Example scenes are shown in Fig. 11.

5.2 Architecture
We adopt a transformer-based stereo architecture adapted
to the rectified foveated setting. The left and right images
are first rectified and roughly aligned to reduce large global
offsets. Features are extracted using a pretrained encoder,
and a monocular depth prior is computed from the left
image. These representations are fused using a transformer
with bidirectional attention between left and right features,
and gated conditioning on the monocular prior and camera
geometry. The final representation is decoded into a dispar-
ity prediction. Further implementation details are provided
in the supplementary.

5.3 Training Objective
The model is trained using a combination of photometric
reprojection, monocular prior, and smoothness losses:

L = λphoto Lphoto + λprior(t)Lprior + λsmooth Lsmooth. (15)

The photometric term enforces consistency under 3D
reprojection, while the prior term provides scale and
shift-invariant supervision from a frozen monocular depth
model. The prior weight is annealed to zero during train-
ing, encouraging the model to rely on stereo cues. This
formulation is intended to promote geometrically consistent
correspondences rather than optimize for absolute metric
accuracy.

5.4 Training and Evaluation
The model is trained in a self-supervised manner using
the objective above. We evaluate performance using pho-
tometric reprojection error, which serves as a proxy for
correspondence quality. We compare against a foveated
monocular baseline (Depth-Anything-V2) and fine-tuned
stereo models. Monocular predictions are aligned per scene
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Fig. 12: Comparison between monocular prior [22], wide-angle traditional stereo stereo [24], and our self-supervised stereo
method. Top two rows show left and right foveal crops, the third row shows the aligned monocular depth prior [22],
the fourth row wide-angle foundation stereo [24], and the bottom row shows our stereo predictions. Despite having
no access to full monocular training data, our method leverages stereo cues to recover high-frequency scene details,
sharper boundaries, and more accurate depth variation, particularly in regions with thin structures, occlusions, and low
texture, where the monocular prior tends to oversmooth. Although noisier than comparisons due to a lack of priors, our
unsupervised method locks on to real stereo features in the world demonstrating the integrity of stereo correspondence.

using scale and shift. As shown in Table 3, our method
reduces reprojection error relative to both monocular and
adapted stereo baselines. We also ablate against different
implementations of the monocular loss, showing the value
of annealing over training and the model’s lack of reliance
on the prior alone.

Notably, fine-tuned IGEV fails to produce stable out-
puts, indicating that the limitation arises from geometric
mismatch rather than model capacity. Qualitative results
(Fig. 12) show that our method recovers fine-scale structure
that is oversmoothed or missing in monocular predictions,
despite having no access to large-scale supervised data.

These results suggest that meaningful stereo cues are
preserved in the foveated convergent setting when the
learning formulation accounts for its geometry.

While photometric reprojection error is used as our
primary metric, this evaluation serves as a proxy for cor-
respondence quality rather than a definitive measure of
metric depth accuracy. To provide additional validation, we
perform a limited metric comparison on a subset of scenes
using wide-baseline stereo reconstruction as reference, ob-
serving consistent depth alignment (see supplementary).
These results suggest that the recovered disparities are
metrically meaningful, though comprehensive ground-truth
evaluation is left for future work.

6 CONCLUSION

We presented FoveaCam Duo, a foveated stereo camera sys-
tem that overcomes the fundamental trade-off between an-
gular resolution and field of view in conventional stereo.

TABLE 3: Quantitative comparison using mean photometric
reprojection error.

Method Mean Photo. Error ↓
Mono-Fovea (aligned) 0.0410
Fine Tuned IGEV 0.0415
Ours (full strength prior loss) 0.0856
Ours (no prior loss) 0.0480
Ours 0.0354

Our three-stage calibration pipeline ensures parallel epipo-
lar lines, facilitating the detection of stereo cues. Localization
experiments demonstrate that FoveaCam Duo maintains ac-
curate at distances which wide-angle stereo completely fails.
We also produce a novel architecture for foveated stereo
trained using self-supervision on real world data, improving
depth quality over wide-angle stereo. We showed that con-
ventional stereo pipelines are fundamentally mismatched
to foveated imagery, and developed a dedicated foveation-
aware approach to achieve accurate long-range depth.
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