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Abstract

In visual–inertial odometry (VIO) systems, image read-
out and data movement between sensor and processor
are increasingly recognized as the dominant power bot-
tleneck, overshadowing on-chip computation. To address
this, we present ORBCam, a cross-layer sensor–estimator
co-design that eliminates image readout and directly gener-
ates motion-required feature measurements within the sen-
sor subsystem. Instead of exporting images or descriptors,
ORBCam transmits only quantized pixel coordinates and
flow measurements to the host. In system-level simulations
at 752 × 480 resolution and 100 FPS, ORBCam is com-
pared against a conventional image sensor consuming 7.88
mW for full-frame acquisition and transmission. ORBCam
reduces sensing power to 0.59 mW, achieving up to 13.3×
energy efficiency improvement while maintaining compara-
ble odometry accuracy.

1. Introduction & Related Work

Continuous ego-motion tracking is a key capability for
robots, AR/VR wearables, and always-on vision systems.
Visual–inertial odometry (VIO), which tightly couples cam-
era observations with high-rate IMU measurements, has be-
come one of the most practical and widely adopted solu-
tions [5]. However, deploying VIO on these platforms is
challenging under strict size, weight, and power (SWaP)
constraints while requiring motion estimation at tens to hun-
dreds of frames per second, making energy efficiency a crit-
ical concern. Extensive research efforts, together with ad-
vances in hardware acceleration, have significantly reduced
the arithmetic cost of visual–inertial estimation [1, 3, 12,
14]. However, in many resource-constrained systems, the
dominant energy consumption no longer comes from com-
putation, but from frequent image acquisition and the move-
ment of large volumes of pixel data from camera sensors to
processors.

A conventional VIO pipeline is illustrated in Fig. 1(a).

Figure 1. (a) Conventional VIO pipeline, where the camera ac-
quires full-resolution images and transmits the massive raw pixels
to the processor, which then performs original VIO estimation. (b)
ORBCam pipeline, where the sensor directly produces quantized
measurements without forming and transmitting images. Feature
extraction, matching, motion validation, and quantization are per-
formed within the sensor, and only compact quantized measure-
ments are transmitted to the host estimator.

Image frames captured by the camera sensor are first trans-
mitted to the host processor, where visual features (e.g.,
ORB keypoints and descriptors) are extracted and matched
across frames to establish correspondences. These visual
measurements are then fused with inertial data from the
IMU to estimate ego-motion. In this pipeline, a CMOS
image sensor (CIS) digitizes the entire pixel array through
ADCs, followed by ISP processing and high-bandwidth off-
chip transmission (e.g., MIPI CSI-2). As a result, all down-
stream processing relies on fully digitized images, leading
to substantial energy overhead from ADC conversion, mem-
ory access, and data movement. Prior work has shown that
data acquisition and transmission dominate sensor energy
consumption [7].

However, this design reflects a fundamental mismatch
between sensing and computation. While CIS is optimized
to produce high-quality images for human perception, mod-
ern VIO algorithms ultimately rely on sparse feature cor-
respondences across frames. Generating and transmitting
full-resolution images is therefore inherently redundant. Al-
though prior efforts have improved different stages of the



VIO pipeline, such as reducing computation [10], com-
pressing data [6, 13], or moving processing closer to the
sensor [3, 4], they still depend on full-frame acquisition.
Consequently, the dominant cost of pixel-level digitization
and transmission remains largely unchanged. Can task-
relevant features be generated directly within the sensor,
eliminating the image as an intermediate representation?
This motivates us to a paradigm shift in sensor design.

Building on this insight, we envision a machine-centric
camera for VIO, one that generates features (and their cor-
respondences), not images, to address sensing bottlenecks.
We present ORBCam, an algorithm-hardware co-design ar-
chitecture that restructures the sensing pipeline from the
ground up. Instead of digitizing full image frames, ORB-
Cam performs feature detection, description, matching, and
motion validation directly within a mixed-signal sensing ar-
chitecture, exporting only compact and quantized keypoint
correspondences. These measurements are then processed
by a quantization-aware VIO estimator (Fig. 1(b)). By
breaking the conventional full-frame sensing model, OR-
BCam reduces sensor energy and off-chip bandwidth while
preserving the information required for accurate motion es-
timation.

2. ORBCam: A Machine-Centric Visual Sen-
sor

We propose ORBCam, an ORB-based machine-centric
camera designed for ultra-low-power VIO, as illustrated in
Fig. 2(b)-(c).

2.1. ORBCam Architecture and Operation

Architecture overview. Fig. 2(c) illustrates the proposed
in-sensor ORB processing architecture, which integrates
three tightly coupled components: (i) a pixel array aug-
mented with per-pixel processing elements (PEs), where
each PE includes a sample-and-hold (S/H) buffer to latch
the pixel intensity for reuse and a modified single-slope
ADC (comparator) to perform in-pixel intensity evaluation.
(ii) shared row/column analog interconnect buses that en-
able data exchange and access among pixels along the same
row or column. (iii) a lightweight on-chip digital logic
unit, local memory, and a microcontroller to coordinate
PE/interconnect configuration, schedule comparisons, and
manage intermediate feature data and final matched outputs.
Compared to a conventional image sensor, newly added
components are highlighted in blue.

Timing diagram. Fig. 2(a) illustrates the steady-state
execution pipeline. Within each frame period, ORB pro-
cessing consists of FAST detection, descriptor generation,
matching, outlier rejection, and measurement quantization.
These stages are triggered after exposure and precede data
transmission. The quantized measurements are transmitted

to the backend for motion estimation using a quantization-
aware VIO estimator. Once the pipeline is filled, ORB pro-
cessing of frame t is executed in parallel with the exposure
of frame t+1. Since processing latency is shorter than ex-
posure time, feature extraction and matching are effectively
hidden behind exposure latency. As a result, the steady-
state frame rate is primarily bounded by exposure rather
than computation.

2.2. ORB Feature Extraction
2.2.1. FAST Detection and Orientation
For each candidate pixel, ORBCam performs FAST detec-
tion followed by orientation estimation using lightweight
mixed-signal operations. The FAST engine (red box in
Fig. 2(c)) scans as a sliding window across the pixel ar-
ray and evaluates the standard 16-point FAST circle around
each center pixel. For FAST evaluation, the intensities of
the 16 surrounding pixels are first sampled onto their per-
pixel comparator local capacitor (Caz1). The center pixel
intensity (IC), stored in the S/H buffer, is then broadcast
through the row/column analog interconnect buses to enable
capacitive differencing with each ring sample. This forms
the analog intensity differences (Ii − IC), which are then
evaluated by a programmable comparator against thresholds
±T . The comparator generates two 16-bit binary masks
corresponding to the brighter and darker tests. These masks
are forwarded to the digital logic unit, which performs a
circular contiguous run-length test with length 9. For pixels
satisfying the FAST criterion, ORBCam estimates the key-
point orientation using a hardware-efficient approximation.
Instead of full moment computation, we derive a pseudo-
gradient from four axis-aligned samples: gx = I5− I13 and
gy = I1− I9. The signs and relative magnitudes of (gx, gy)
are quantized into one of eight discrete orientation bins,
which are used to steer the subsequent rBRIEF descriptor
generation. Finally, the digital logic performs score-based
selection and enforces a minimum spatial separation to re-
tain a stable set of keypoints for subsequent descriptor con-
struction and matching.

2.2.2. Binary Descriptor Generation
For each detected keypoint, a 256-bit rBRIEF descriptor
is constructed from pairwise intensity comparisons within
its local neighborhood. rBRIEF represents a feature us-
ing binary comparisons between selected pixel pairs, which
makes it particularly suitable for hardware implementation
based on comparator operations. To achieve rotation in-
variance, the sampling pattern is rotated according to the
quantized orientation estimated in the previous stage. In-
stead of performing rotation every time, ORBCam precom-
putes rotated sampling patterns for eight orientation bins
and stores them in a look-up table (LUT). Given the key-
point’s orientation bin, the corresponding set of pixel in-
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Figure 2. ORBCam architecture and execution flow. (a) Timing diagram of the ORBCam visual processing pipeline. (b) System overview
of the ORBCam-based VIO architecture. ORBCam performs in-sensor feature extraction without full-frame image readout. Digital logic
unit conducts descriptor matching, state-free outlier rejection, and measurement quantization before off-chip transmission. The processor
receives only quantized visual measurements Bk(z), which are fused with IMU propagation in a quantization-aware estimator. (c) In-
sensor ORB processing architecture with augmented pixel array and digital logic unit. Newly added components are highlighted in blue.
Circuit design of per-pixel processing element enabling local storage and intensity comparison.

dex pairs is fetched from the LUT. The descriptor bits are
then generated through sequential pairwise comparisons.
For each pair, the two pixel voltages are routed through
the row/column interconnect buses to the shared PE com-
parator (green points in Fig. 2(c)), which performs a single
binary comparison result. After generating all 256 bits of
the descriptor, the resulting descriptors are written to local
memory together with the keypoint coordinate and then for-
warded to the matching engine.

2.2.3. Feature Matching and Motion Validation

After descriptor construction, ORBCam performs fea-
ture matching and motion validation to produce compact
motion-consistent measurements for the backend estima-
tor. These operations are implemented in the on-chip digi-
tal logic unit using fixed-point arithmetic and minimal con-
trol logic, introducing negligible area and latency overhead.
Matching is based on 256-bit Hamming distance, computed
via parallel XOR and a popcount adder tree, with sym-
metric cross-check to retain only mutually consistent cor-
respondences. Outlier rejection employs a state-free flow-
consistency gate: a chi-square test on per-match optical
flow fi against the frame-level mean and covariance (f̄ ,Σf ),
combined with a maximum-displacement bound. Surviv-
ing matches are differentially quantized and transmitted
as compact measurements to the quantization-aware VIO
backend.

3. Experimental Results
3.1. Experimental Methodology
Hardware configuration and evaluation methodology.
ORBCam is designed in a standard 65-nm Complemen-
tary Metal-Oxide-Semiconductor (CMOS) process, consis-
tent with current commercial image sensor technology [11].
The digital logic unit is described in RTL and synthesized
using a Synopsys/Cadence Electronic Design Automation
(EDA) flow, while on-chip memory is emulated using syn-
thesized SRAM blocks. The pixel array adopts a conven-
tional 4-T active pixel sensor (APS) design with additional
circuitry to support in-sensor feature extraction, and the En-
ergy and latency are estimated using circuit-level analyti-
cal models derived from prior studies [8, 9]. These models
account for pixel array readout, mixed-signal processing,
ADC operations, SRAM accesses, and off-chip I/O trans-
mission.

Baseline. We compare ORBCam against a conven-
tional CMOS image sensor (CNV-CIS) baseline that cap-
tures and transmits full-resolution image frames. To ensure
a fair comparison, both systems operate at a resolution of
752 × 480 and a frame rate of 100 FPS under the same
technology assumptions. For off-chip communication, we
assume a four-lane MIPI CSI-2 interface operating at 1.2
Gbps per lane.

3.2. ORBCam Results
We evaluate ORBCam across three feature budgets, while
both ORBCam and the CNV-CIS baseline operate at 100
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Figure 3. ORBCam evaluation results under 5-bit measurement
quantization. (a) ORBCam energy breakdown. At a feature bud-
get of 256, ORBCam achieves 13.3× energy efficiency compared
with a conventional image sensor (CNV-CIS). (b) ORBCam la-
tency breakdown. At the same feature budget, ORBCam achieves
a 2.2× speedup compared with CNV-CIS. (c) Per-frame com-
munication bandwidth comparison. ORBCam reduces per-frame
communication by up to 927.6× compared with CNV-CIS.

FPS. Fig. 3(a) presents the detailed energy breakdown. The
ORBCam energy savings primarily stem from two archi-
tectural factors: (i): The conventional pipeline digitizes
(ADC) and transmits (MIPI) all pixels per frame. ORBCam
removes full-frame ADC conversion and high-bandwidth
pixel transmission, transmitting only compact quantized
feature coordinates. (ii): Most feature detection and com-
parison operations are performed in the analog domain,
avoiding energy-intensive digital computation and memory
accesses. These results demonstrate that moving feature ex-
traction into the sensor fundamentally shifts the energy bot-
tleneck. At a budget of 256 features per frame, ORBCam
consumes only 0.59 mW, achieving a 13.3× improvement
in sensing energy efficiency compared with the CNV-CIS
baseline. Fig. 3(b) shows the latency breakdown across dif-
ferent stages. Since ORBCam significantly reduces both
processing latency and transmission time, the system is no
longer limited by computation or I/O but instead by the ex-
posure time of the image sensor. Fig.3(c) compares the per-
frame data size under different visual front-end representa-
tions. For the conventional CIS pipeline, which transmits
full-resolution images with 8-bit encoding, the communi-

ORBCam adopts a 256-feature budget with 5-bit quantization.
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Figure 4. Comparison between conventional image sensor and
ORBCam.

cation cost reaches hundreds of kilobytes (KB) per frame.
In contrast, ORBCam transmits only compact multi-bit mo-
tion measurements, resulting in a substantially smaller data
size per feature. At a feature budget of 256, ORBCam
achieves up to a 927.6× reduction in communication band-
width compared with the CNV-CIS baseline.

3.3. VIO Performance

We compare our quantization-aware VIO system — which
integrates ORBCam outputs with measurement quantiza-
tion and a quantization-aware state estimator against a
VIO Baseline that uses the original CNV-CIS front-end
with the standard VIO pipeline. To evaluate whether
the proposed sensor-side ORB front-end preserves estima-
tion performance, we report VIO accuracy on the EuRoC
MAV [2] benchmark under two representative back-ends:
an MSCKF-style filter and a sliding-window SLAM esti-
mator. For each sequence, we report the average Absolute
Trajectory Error (ATE), expressed in degrees for orientation
error and meters for position error. As shown in Fig. 4, the
proposed system achieves accuracy on par with the baseline
across both back-ends, demonstrating that the quantization-
aware design incurs minimal estimation degradation while
enabling significant reductions in sensor-side data through-
put.

4. Conclusion

This paper presents ORBCam, a machine-centric sensing
architecture that directly generates quantized sparse ORB
feature measurements instead of full-resolution images. By
tightly co-designing sensing and feature extraction, ORB-
Cam eliminates redundant pixel-level acquisition and trans-
mission, substantially reducing front-end energy consump-
tion. Furthermore, the sensing architecture is jointly op-
timized with backend VIO algorithms to enable efficient
end-to-end feature-based processing. Experimental results
on the EuRoC dataset demonstrate that ORBCam achieves
comparable motion estimation accuracy to conventional
image-sensor-based pipelines.
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