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Abstract

Images composed of 2D pixel arrays are the standard in-
put to computer vision algorithms, yet many underlying
computations can be distributed across pixels. Transmit-
ting raw, redundant, and noisy pixel data off the sensor
remains inefficient, motivating a shift toward focal-plane
sensor-processors that perform a significant part of the com-
putation directly within each pixel. We envision pixels syn-
thesizing higher-level signals locally, reducing downstream
load, and providing richer inputs for higher-level vision
tasks.

We propose a fully parallelizable form of visual odometry
and depth estimation across pixels, where sensor-processors
exchange information through Gaussian Belief Propagation
(GBP) to achieve consensus about camera motion and infer
depth from per-pixel photometric observations and a sur-
face normal prior. To maintain geometric stability during
optimization, we introduce a keyframe-like anchoring mech-
anism that regulates the effective baseline between frames,
enabling consistent motion and depth updates.

Our method is evaluated on realistic datasets, demon-
strating the feasibility of GBP-based pixel-level distributed
odometry and depth estimation with keyframe anchoring on-
sensor. Upon acceptance, we will release the code publicly
on GitHub by the camera-ready deadline.

1. Introduction
Mobile edge applications such as robotics and wearables
demand high frame rates, low latency, and minimal energy
consumption. A promising path to achieving all of these
is to move away from the separation of camera and pro-
cessor connected by video transmission, toward hardware
which combines visual sensing and processing in a single
unit. In the On Sensor Vision paradigm, processing is built
into the image sensor itself. Prototypes already exist, such as
the SCAMP series of vision chips [5, 8]. These implement
a Pixel Processor Array (PPA) design, where each photo-
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Figure 1. Most vision algorithms assume an off-sensor central
processor with access to all pixels. We instead present an algorithm
to track camera pose and estimate depth assuming that each pixel
has its own local processing capability with only local memory and
the ability to exchange messages with other pixels.

sensitive pixel has a programmable local processing capa-
bility, a set of memory registers, and the ability to exchange
information with neighbours. A PPA achieves maximum
performance when it uses only this local, pixelwise memory.

Despite the limited computational capacity of these chips,
impressive on-sensor capabilities such as feature extraction
and matching, object tracking, and small-CNN classification
have been demonstrated [6, 17, 24]. Research is now un-
derway to design the next generation of such chips. In this
paper, we focus on the fundamental vision competence of
local 6DoF motion estimation from a single camera — visual
odometry (VO) — and investigate how this could be achieved
with pixel-parallel computation suitable for near-future on-
sensor vision devices. Previous work using SCAMP for
VO/SLAM has performed feature extraction and matching
on-sensor [6, 17], but required frame-rate communication
with an external CPU to solve 6DoF motion estimation.

We propose an algorithm to achieve 6DoF VO estimation
with pure in-pixel computation. The key challenge is to
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Figure 2. Topology of the proposed factor graph. The right side
of the Image layer, related to camera pose estimation, follows a
sharded topology [1] extended to SE(3). The left side reconstructs
depth through normal-integration and photometric factors; for clar-
ity, all normal-integration factors except the one at row 1, column 1
are rendered semi-transparent.

achieve consistent estimates of camera motion, a global
property, across the distributed memory of a PPA. We argue
that a dense VO approach, where camera motion is estimated
alongside a full dense depth map, is actually easier to achieve
on a PPA than a sparse approach, because the continuity of
real scenes can be harnessed as local pixel-wise priors. We
formulate our approach as a distributed factor graph stored
across the whole pixel array, with variables at every pixel for
camera motion and scene depth. Identity factors synchronize
a global camera motion estimate across the array.

Related work. The closest works to ours explore whether
global geometric estimation can be achieved fully in-pixel.
BP-SF [23] investigates 6DoF visual odometry for RGB-
D sensors with a pixel-parallel model implemented on a
Graphcore IPU [15], while PixRO [1] studies in-pixel cam-
era rotation tracking and compares gridwise and hierarchical
communication structures. Both adopt factor graph and GBP
formulations similar to ours; we tackle the full monocular
6DoF VO and depth estimation problem. Surface normal
estimation is known to be achievable with local receptive
fields [2], justifying the assumption that a per-frame nor-
mal prior is available from a PPA. Normal integration [7]
recovers depth from a normal field, and we exploit its spatial
sparsity for pixel-level parallelization. Probabilistic graph-
ical models [3, 11] and GBP [18, 21] remain powerful in-
ference tools in resource-constrained settings. Unlike rota-
tion/translation averaging [9, 30] or hardware-accelerated
SLAM [4, 12], our work pursues pixel-level rather than
image-level parallelization.

2. Method
2.1. Direct Visual Tracking: Centralized Baseline
We consider a calibrated camera undergoing 6DoF motion
in a static scene. Given a source image Is and a target
image It, we seek the relative pose µ[0:6] ∈ SE(3) and a
source-view log-depth µ[6] jointly explaining their photo-
metric differences. In high frame-rate tracking, we perform
direct iterative photometric alignment over the overlap Ω(µ):

µ∗ = argmin
µ

∑
p∈Ω(µ)

ρ(∥Is[p]− It[W(p;µ)]∥)2 , (1)

where ρ is a robust cost and W(p;µ) =
π
(
K exp(µ[0:6])K

−1π−1(p, exp(µ[6]))
)

is the stan-
dard warping [20, 23]. Optimizing Eq. (1) assumes globally
accessible memory — the centralized setting we use as a
later baseline.

2.2. Distributed Formulation with a Gaussian Fac-
tor Graph

We formulate dense VO and depth estimation as a Gaus-
sian factor graph [11] describing the probabilistic relation-
ship between variables v ∈ V and factors f ∈ F , with
p(V) =

∏
i fi(Vfi). Each pixel stores its local variables,

and factor information is stored at the pixels at either end of
the connection, so that marginal estimates can be obtained
via Gaussian Belief Propagation (GBP) using only local
computation and message passing. Figure 2 illustrates the
factor graph topology for one timestep. At each pixel pi we
store a stacked variable µi ∈ ⟨SE(3),R⟩, with µi,[0:6] a local
estimate of global camera motion and µi,[6] a log-depth up
to scale. Our model uses the following factors.
Photometric factors. Decomposing Eq. (1) into per-pixel
terms:

Ei
D(µi) =

1
2ρ

(
∥Is[pi]− It[W(pi;µi)]∥ΛD

)2
. (2)

Each pixel reads the photometric value at its warped location
in the target image assuming its own pose estimate; on real
PPAs, this uses local routing between neighboring pixels.
Prior factors. A per-pixel prior on camera pose and log-
depth stabilizes early iterations and propagates motion conti-
nuity across timesteps: Ei

P (µi) =
1
2∥µi □− µ̂i∥2ΛP

.
Camera motion identity factors. These encourage the per-
pixel motion estimates to agree on a single global value:

Ei,j
R (µi,[0:6], µj,[0:6]) =

1
2∥µi,[0:6] ⊟ µj,[0:6]∥2ΛR

. (3)

These factors sync a global variable and can in principle
take any connection pattern. We use a hierarchical sharded
pattern matching PixRO [1], which achieves good global
pose estimates with few GBP iterations.
Normal integration factors. To reconstruct smooth
dense depth, we exploit a per-pixel surface-normal prior —
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Figure 3. Estimated pose error across frame rates, as a function of the deviation of the target camera pose from the keyframe. As the frame
rate decreases (larger inter-frame motion), the convergence basin shrinks and error grows. However, higher frame rates exhibit diminishing
returns (cf. framerates 10 vs. 5), consistent with observations in event-based vision [13].
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Figure 4. The proposed pixel-parallel method against the centralized baseline (IRLS with Gauss–Newton).

which is estimable from local information [2] — following
BINI [7]:

Ei>j
Nx

= 1
2

∥∥∥(µi,[6]−µj,[6])+
nx

ñz

∥∥∥2
ΛN

,

Ei>j
Ny

= 1
2

∥∥∥(µi,[6]−µj,[6])+
ny

ñz

∥∥∥2
ΛN

,

(4)

where (nx, ny, ñz) is the local normal in image-plane coor-
dinates [7].

2.3. Iterative Gaussian Belief Propagation
We use GBP to obtain marginals via fully distributed com-
putation with analytic Gaussian message updates [1, 18, 19].
Since the variables are nonlinear, we linearize around the
current mean µ̄ on the composite manifold, write v = µ̄ □+

µ̄ξ
with the Lie-algebra element µ̄ξ treated as Euclidean [25],
and alternate message passing and belief updates follow-

ing [10, 22], with a Huber robust loss and covariance weight-
ing [10].

2.4. Keyframe-based Tracking Strategy
Direct photometric tracking has a limited basin of conver-
gence, but the PPA setting permits very high frame rates
and therefore small inter-frame motions. However, if that
motion becomes excessively small, rotation and translation
become hard to disambiguate. We therefore adopt a local
keyframing strategy: the reference frame is kept as a fixed
keyframe for a number of steps, while the target frame is
updated incrementally, and 6DoF poses are always estimated
relative to this keyframe (Sec. 3.1).

3. Experiments

All steps of the GBP algorithm are parallelized with JAX
as a GPU simulation of a future on-pixel-array imple-
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Figure 5. (a) Depth reconstruction of our method vs. converged BINI [7] at various translational baselines. (b) Camera-pose evaluation with
various structural priors.

mentation, run on a desktop with an RTX 4090 GPU.
We generate sequences of 128×128 images from the
Replica dataset [26] (office {0,1,2,3} from iMap [27]/NICE-
SLAM [28]), upsampled by 10× using ScLERP [14] to
simulate the small inter-frame baselines expected at PPA
frame rates. Translation and depth are evaluated after
aligning their scale with ground truth via L2 minimiza-
tion. Unless stated otherwise, we use GT surface nor-
mals as the local prior and set (σD, σP , σR, σN , thuber) =
(5×10−3, 1, 4×10−4, 10−3, 400) at the leaf level, halving
σP and σR at each higher shard level of Fig. 2.

3.1. Analysis on Keyframe-based Tracking

Along each upsampled Replica trajectory we sample 10
keyframes per scene; for each, we extract GT normals as
the prior for Eq. (4), and treat the subsequent 300 frames
as sequentially-updated target frames for Eq. (2), running
100 synchronized GBP iterations per frame. Per-pixel pose
estimates are averaged into a single estimate and propagated
as the next frame’s initialization.

We analyze why keyframe–frame optimization is essen-
tial by varying the target update frequency. Fig. 3 compares
the original protocol (framerate 10) against updating every
two frames with 2× iterations (framerate 5) and every fifty
frames with 50× iterations (framerate 0.2). The x-axis is the
geodesic distance of the GT relative pose from the keyframe;
y-axis is relative translation/axis-angle rotation error. At
framerate 0.2, the method settles at suboptimal solutions
far more often — target updates cannot be too infrequent.
Framerates 10 vs. 5 show diminishing returns, a limit that in
real sensors is accentuated by reduced SNR from shorter ex-
posures. Tracking is hardest at both extremes: small motion
makes translation and rotation hard to disambiguate, and
large motion shrinks the usable visual overlap.

3.2. Pixel-Parallel vs. Centralized Optimization

We compare our GBP-based method against the centralized
baseline of Sec. 2.1, solved as IRLS with Gauss–Newton. As
shown in Fig. 4, the centralized method converges faster and
more accurately, as expected — but only under per-iteration
access to all pixels. Our method accesses pixels locally,
offering an alternative where global access is prohibitively
expensive.

3.3. Photometrically Guided Normal Integration
and Prior Ablation

We compare our method against pure normal integration
without photometric guidance [16, 29]. When initialized
with BINI’s converged depth, our method achieves sub-
stantially higher depth quality (Fig. 5a): photometric cor-
respondences extend normal-integration reconstruction be-
yond the object level by pulling apart the two sides of depth-
discontinuous boundaries, with a translation sweet-spot anal-
ogous to Sec. 3.1. We also evaluate PixVOD with various
structural priors (Fig. 5b): GT depth is best, as expected,
while DSINE [2] normals give quality close to GT normals
aside from a slightly reduced basin — showing that our
method generalizes to practical normal estimators.

4. Conclusion
We present the first per-pixel distributable algorithm for
jointly optimizing camera pose and depth, in which each
pixel-processor infers global image properties using only its
own measurement, a local geometric prior, and messages ex-
changed with neighbors. Our keyframe-based tracking strat-
egy is effective in the typical PPA regime of high frame rates
with small inter-frame changes, and the analysis of its oper-
ating range offers insights for the design of next-generation
pixel-parallel vision chips.
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