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Abstract

We introduce SpiderCam, an FPGA-based snapshot depth-
from-defocus camera which produces 480x400 sparse
depth maps in real-time at 32.5 FPS over a working range
of 52 cm while consuming 624 mW of power in total. Spi-
derCam comprises a custom camera that simultaneously
captures two differently focused images of the same scene,
processed with a SystemVerilog implementation of depth
from differential defocus (DfDD) on a low-power FPGA. To
achieve state-of-the-art power consumption, we present al-
gorithmic improvements to DfDD that overcome challenges
caused by low-power sensors, and design a memory-local
implementation for streaming depth computation on a de-
vice that is too small to store even a single image pair. We
report the first sub-Watt total power measurement for pas-
sive FPGA-based 3D cameras in the literature.

1. Introduction

Jumping spiders accurately estimate distances using a brain
the size of a poppy seed. Their behavior suggests that they
use depth from defocus [49], aided by an eye that captures
pairs of differently-defocused images simultaneously across
layered retinas [33]. Inspired by their example, depth from
differential defocus (DfDD) is a computationally efficient
class of depth from defocus (DfD) algorithms that leverages
small changes in defocus [1]. While DfDD has been shown
to be more efficient than other DfD approaches in terms of
floating point operations (FLOPs) [41], it has not previously
been demonstrated in a real-world ultra-low-power system.

Low power depth sensing has instead been dominated
by stereo, with the most efficient FPGA-based prototypes
demonstrating 2-3 W of overall power consumption [45,
55, 65, 66]. Significantly, many existing works don’t mea-
sure real-world power consumption or report quantitative
real-world depth results (see Tab. 1). Instead, they bench-
mark on high-quality datasets like KITTI [11-13, 46] and
Middlebury [25, 59-62], and estimate the “core power” of
their algorithm alone. This ignores the power already ex-

pended through high-quality image sensors, I/O, and image
alignment. It also likely overestimates depth accuracy for
highly constrained systems, which may suffer from effects
like sensor noise, miscalibration, and small baselines.

We show, for the first time, a complete FPGA-based 3D
camera system operating under 1 Watt, and demonstrate a
working range of over half a meter on real scenes measured
on-device. Our camera captures simultaneous image pairs
through a beam splitter with sensors at different offsets, like
the eye of the jumping spider. In real time, our device
outputs sparse depth maps, filtered by measurement con-
fidence. Importantly, we demonstrate both the real-world
total system power (including both sensors) and the real-
world working range, on data with nonidealities from a
compact, snapshot, low-power camera.

The algorithmic challenges presented by our tight power
budget are threefold. First, the total operations are lim-
ited, even compared to previous DfDD methods, and we
can no longer ignore the relative cost of different floating
point operations (e.g., division can be 10x more expen-
sive than multiplication). Second, low-power FPGAs im-
pose tight resource constraints, requiring a memory-local
streaming approach with a limited spatial footprint. Third,
low-power sensors are small and noisy, requiring us to de-
velop an algorithm with improved robustness to both optical
aberrations and numerical errors. By combining a spider-
like camera design for compact simultaneous image cap-
ture, with a novel algorithm tailored to our low-power elec-
tronics, SpiderCam demonstrates the promise of defocus for
real-world low-power depth sensing.

2. Related Work

Depth imaging has been a major area of imaging research
for decades, with solutions spanning the accuracy, speed,
and SWaP-C (size, weight, power, and cost) tradeoff space.
Broadly speaking, depth imaging can be separated into two
categories: active and passive. Active techniques use a con-
trolled light source to improve signal quality [18, 26], like
LiDAR [7, 14] and structured light [14, 48, 51]. Reducing
the SWaP-C of active techniques is challenging due to their
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Name Type FPGA Resolution Core Power (W) Real-World Quantitative Results

Min Max On-Device Working Range Full System Power
Jin, 2014 [29] Stereo  Kintex-6 640x 480 1.93 2.67 none none
Raj, 2014 [30] DfD Virtex-4" 400400 0.46 0.58 0.77-0.80 m (0.5% err) 2 W + camera
Mattoccia, 2015 [45] Stereo  Spartan-7 640480 0.44 0.68 qualitative 25W
Ttofis, 2015 [65] Stereo Kintex-7 1280x 720 0.92 1.53 qualitative 2.8 W
Puglia, 2017 [55] Stereo  Zynq Artix 1024 <768 0.43 0.68 none 2W
Zhang, 2018 [69] Stereo Kintex-7 1920 1080 0.89 1.23 none none
Lu, 2021 [40] Stereo Kintex-7 1024 x 480 1.39 2.30 none none
Wang, 2022 [66] Stereo  Zynq US+ 1920x 1080 2.03 2.20 none 2.8 W + camera
Ours, normalized DfD Kintex-7 512x480 0.42 0.55 - -
Ours, actual DfD ECP5 480 x 400 0.24 0.31 0.45-0.97 m (10% err) 0.6 W
Luo, 2025 [42] DfD N/A 480360 N/A N/A 0.40-1.20 m (10% err) 49W

Table 1. Power consumption for passive FPGA-based depth imaging systems. “Core Power” numbers reflect only power consumed
by logic for depth computation on aligned images; I/O and sensor power are ignored. Power estimates are derived using vendor tools and
data from the corresponding works, normalized to a processing rate of 30 Mpix/sec across methods, see Sec. S8 for details. In addition
to SOTA power efficiency in core power estimates, we are one of the very few systems to report full system power consumption and real-
world depth performance (from noisy sensor captures rather than on existing datasets collected with large-baseline, high-power, pre-aligned
image pairs). Note that we report two estimates for our method: a “normalized” estimate that handles more pixels per second on a less
efficient FPGA for fairer comparisons with the literature, and a lower estimate reflecting the true parameters of our system. Additionally,
we include Focal Split (Luo, 2025) [42], which reports a similar method on a Raspberry Pi 5 with real-world depth and power performance.
T This work uses an Xilinx Virtex-2 FPGA, but due to vendor tool unavailability, we estimate power for the more efficient Virtex-4.

need for illumination sources [18, 28, 37, 57]. Passive depth
imaging systems, on the other hand, calculate depth images
without using special hardware to illuminate the scene, and
are the focus of this paper.

2.1. Monocular Depth Imaging

Estimating depth from a single monocular image is an ill-
posed problem and cannot be solved without extensive re-
liance on priors [8, 47]. In spite of this, dense, high-
accuracy results that run in real-time have been achieved
by using deep learning to leverage large datasets. Al-
though successful, these methods are ill-suited to space-
constrained mobile computing: they rely on deep neural
networks whose size [47] leads to computation and mem-
ory access energy costs which prevent the miniaturization
of systems that use them, even with state-of-the-art edge
TPUs [16, 50, 64]. If motion is introduced and a sequence
of frames is used for the monocular depth imaging problem,
it is no longer ill-posed and a broader class of both classical
and deep learning algorithms is admitted [44, 52]. Although
these methods yield high-quality results, their adoption in
mobile computing systems is limited due to their compute
and memory requirements [58, 63].

2.2. Depth from Stereo

Stereo vision is a passive depth imaging technique which
uses two simultaneously captured images of the same scene
with two different cameras spaced some distance apart [6].
By identifying translational differences in scene features be-
tween the two images. Stereo depth imaging systems are
primarily concerned with identifying stereo matches [21].

Stereo matching is extensively researched, with both classi-
cal and deep-learning methods attracting significant atten-
tion [21, 32, 54]. Although deep-learning based stereo vi-
sion systems have achieved good results [54, 71], their sig-
nificant compute and memory requirements rule out their
appropriateness for space and power constrained systems.
[71] compares 12 deep learning stereo vision methods, all
of which run on Nvidia graphics cards (consuming upwards
of 100 Watts [39]) and most of which run at only a few
frames per second.

Hardware accelerators for stereo matching. Classi-
cal methods for stereo matching involve evaluating the cost
of different pixel matches - a patch of pixels associated
with a region is compared with patches in other regions
and a minimal-cost matching is determined for each pixel
in the image. While searching the entire image typically
gives the best stereo matching results, to be computation-
ally tractable, most methods only perform a restricted local
search [21]. To make stereo depth cameras as compact and
low-power as possible, significant work has been done in
designing digital hardware to accelerate local stereo match-
ing using FPGAs or ASICs.

Most hardware stereo matching accelerators work off of
the same fundamental principle - two images are streamed
in at the same time from two image sensors. Part of the im-
age is stored on-chip in the FPGA and a census transform is
used to implement semi-global matching [24, 40]. Ttofis et
al. pre-filters images using edge filters to make the match-
ing task easier [65]. Zhang et al. reduces hardware overhead
by using alternate transformations for cost calculation [69].
Puglia et al. uses a dynamic programming inspired algo-
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Figure 1. Method overview. Our camera uses a beam splitter and a pair of differentially-defocused low power sensors to observe the same
scene with an offset depth of field. Our algorithm processes these images to produce depth maps thresholded by confidence.

rithm to adapt the problem to a systolic array, allowing for
an efficient solution [55]. While most of these works evalu-
ate their implementations entirely in simulation on existing
datasets, Mattoccia et al. demonstrated the real-world effi-
cacy of these techniques by implementing a working, com-
pact stereo depth camera [45]. Example depth maps from
their device appear dense and accurate, but no quantitative
metrics are reported so the working range cannot be evalu-
ated.

2.3. Depth from Defocus

Depth from defocus (DfD) estimates scene depth by analyz-
ing image defocus [53]. Traditional DfD approaches rely
on computationally intensive convolution and deconvolu-
tion operations, resulting in high computational complex-
ity [38, 67, 70]. Raj & Staunton [30] implement an effi-
cient rational-filter-based DfD algorithm [56] on an FPGA,
reporting high real-world depth accuracy (0.5% error) but
over a very small working range (77-80 cm from the cam-
era). Their system power is reported as 2 W, but this does
not include sensor power or account for sequential rather
than snapshot capture.

Our method falls into the DfDD class of algorithms [2—
4,19, 20, 41, 42]. Although DfDD has been shown to re-
quire dramatically fewer FLOPs than rational filter meth-
ods [41], its potential for low-power hardware implementa-
tion remains unexplored. To date, the lowest reported power
consumption for a real-time DfDD sensor is still approxi-

mately 5 W [42].

3. Method

Our camera uses a beam splitter and two low-power sensors
to create a differential defocus signal that is processed into
a depth map on a low-power FPGA. Similar to the optical
design of Focal Split [42], one sensor is placed slightly far-
ther from the beam splitter (see Fig. 1), resulting in an off-
set depth of field. Typical of differential defocus methods
[1-4, 19, 20, 42], comparisons Ia of brightness at corre-
sponding pixels can be compared to spatial variations V21
to cheaply reveal scene depth Z at each pixel. Here, we si-
multaneously collect differentially defocused images I; and
1>, which are subtracted for /a and averaged before the spa-
tial derivatives in V2. Then,

Z(z,y) =V(z,y)/W(z,y),
Viz,y) = aVQf(x,y),
W(x,y) = bV(x,y) - INA(:L‘vy)a

6]

where a and b are calibrated camera parameters discussed
in Sec. 3.6 and I can refer to the original image, its spatial
derivatives, or downsampled versions of the same [19]. In
natural scenes, depth cues are sparse but their presence and
quality are visible in image data, allowing us to compute
confidence for each depth estimate. In practice, several I
variations are used to densify and robustify the output depth
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map, with a joint depth estimate thresholded by a joint con-
fidence metric for the final depth map.

We introduce novel improvements to the camera and al-
gorithm design before describing an efficient hardware im-
plementation that enables 1.8x power savings over SOTA
for the computation alone and 3.3X power savings over
SOTA when measuring power consumed by the entire sys-
tem operating on real hardware.

3.1. Camera design

Our overall camera design follows Focal Split [42], with a
few changes to accommodate the smaller size of the low-
power sensors (HMO0360 [23], which have a 12X power re-
duction vs. sensors in [42]). As shown in the system pho-
tograph in Fig. 1, a 3D-printed enclosure connects each low
power sensor to a lens on the beam splitter. In contrast to
[42], each sensor has its own lens, resulting in a FoV of
9.4° horizontal x 7.9° vertical (vs. 5.8° x 4.3° for [41]).
A 10 mm achromatic lens was selected to strike a balance
between a decent FoV and tolerable optical aberration. We
provide a detailed parts list and DIY guide for assembling
and calibrating our prototype in the supplement.

3.2. Algorithm

Our algorithm, outlined in Fig. 1 and Algorithm 1, pro-
cesses the images in several stages. First, a preprocessor
applies a subpixel-accurate homography to correct for slight
misalignments expected in camera assembly, followed by
optional denoising by spatial filtering. The images are
summed for the average image I, and differenced for the
change image Ia. For each of two image scales, V and W
of Eq. (1) are computed for I € {I,I,1,}. Each I con-
tributes a separate hypothesis (V;, W;) in parallel, which
are partially summed before the latency buffer aligns the
pixel streams across scales. The joint depth and confidence
computation solves for depth and confidence from all 6 es-
timates at each pixel with a novel method described below.
Finally, a novel spatially-varying confidence threshold is
applied, producing the output depth map.

3.3. Joint Depth Estimation

Previous DfDD methods [19, 20] have combined multiple
per-pixel depth estimates { Z; (x, y) } with softmax weighted
by a per-pixel, per-estimate, dynamically computed confi-
dence {C;(x,y)}:

> e Z(x,y)
Z(x,y) = = - : 2
Zi eCi(z,y)

While successful in densifying and robustifying output
depth, this expression is impossible to compute under our
resource constraints. Efficient softmax hardware implemen-
tation is an active area of research; without cutting-edge

Algorithm 1 The SpiderCam Algorithm. This DfDD al-
gorithm achieves SOTA power efficiency with memory lo-
cality, effective use of efficient kernels, and robustness to
the elevated noise levels of low-power sensors.

1: Input: images I, Is, calibrated parameters
({ao, ceey aN,l}, {bo, ceny bel}, {(,:.}()7 ...,W(ngl)},
Cthreshv Zminy Zmax)

2: Output: depth map Z(z,y)

3: Iype ¢ denoise(l; + homography(ls))/2

4: In < denoise(l; — homography(ls2))/2

5: VW, VW, WW <[ ]

6: VWL WW, «+ [ ]

7. for scalein {0,1,..., N — 1} do

8  Iigp < laplacian(lyye)

9:  for din {none, d;, 9, } do

10: V.push(ascare X deriv(ligp,d))

11: W .push(bseqre X V[—1] — deriv(la,d))
12:  end for

13:  for i in {scale x 3, scale x 3 + 2} do

14 VW.push(w x V[i] x W[i])

1s: WW.push(w; x W[i] x W[i])

16: VW/i] +~ upsample(VWI/i, scale)
17: WW/i] - upsample(WW]i], scale)
18:  end for

19:  Iype < downsample(Lype, 1)

20:  Ip « downsample(/a,1)

23: end for

24: C « sum(VIW,)
25: Z < divide(C, sum(WW,))
26: Z[C < Cipresh Or 00t Zppin < Z < Zmaz) < null

optimizations, the softmax operation would consume more
FPGA resources than the entirety of some configurations of
our system [15, 27]. Instead, we compute a joint depth es-
timate from 6 estimates 7 (based on 2 scales x 3 derivative
orders) using calibrated weights w; as

Zi ini(xa y)W%(‘Tv y)
Zi WiWi(xﬂ y)2

Note that Eq. (3) requires only a single division, which is
important because division costs as much as 10 additions
in our setting. Improvements to the working range due to
this joint estimation can be seen by comparing to the green
curve in Fig. 3a and the small blue icons in Fig. 4.

Z(z,y) = 3)

3.4. Confidence Estimation

Because triangulation cues are sparse in natural scenes,
a per-pixel confidence score is needed to exclude non-
informative image regions where Eq. (1) will provide in-
correct output. Previous DfDD methods have used more
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expensive [19, 20] or less accurate [4 1, 42] confidence met-
rics. We show that a cheap and effective confidence com-
bining across estimates ¢ at each pixel is:

This simple sum enables us to robustify and densify our
measurements across estimates as in [19, 20] without the
added expense of their more complex per-pixel estimates or
the softmax-based combination previously used. In com-
parison to the estimator used in [41, 42], we report an in-
crease in working range of Scm (See Fig. S6). We note that
as the numerator of our depth estimation, calculating C' re-
quires no additional computation. Low confidence regions
will occur when texture is unavailable (so V o< V2T is close
to zero) and unstable divisions (when W and therefore the
denominator W2 is close to zero).

3.5. Calibration

Our depth computation requires a handful of calibrated pa-
rameters, specifically a and b from Eq. (1), {w;} in Eq. (3)
and Eq. (5), and thresholds Cipresh, Zmin, Zmaz applied to
the output. Each depth estimate uses a and b, which physi-
cally correspond to

a=-A% b=(p—1/s), (6)

for aperture diameter A, lens optical power p, and lens-to-
sensor distance s [42]. While these parameters could be
derived directly camera measurements, we instead optimize
them for depth performance. Calibration of {w;} is also
data-driven. We collect a real-world calibration dataset by
placing a plane with printed texture at 56 known depths,
evenly spaced from 0.24m to 1.36m, and optimize the pa-
rameters using mean absolute depth error as the loss func-
tion. To improve accuracy, we only compute the loss on the
10% most confident pixels in each radial region for each im-
age pair to prevent overfitting to noise. Finally, we establish
confidence thresholds for each radial zone to maximize the
working range, see Sec. S10 for details.

3.6. Spatial Variation

The optics available for the compact size of our low-power
sensors create noticeable spatial variation in defocus due
to Petzval field curvature [22] and other nonidealities. Be-
cause of this, performance suffers if we hold our a, b,
and thresholds to constant values across the image sensor.
We improve performance by allowing calibrated parame-
ters to vary for 16 separate radial zones of equal width.
Since the pixels arrive in order in the pixel stream, we are
able to track the radial locations of each pixel without hav-
ing to actually buffer the (x,y) information alongside each

pixel value. By comparing a streaming value to thresholds
on squared radial distances (to avoid the expensive square
root operation), we can dynamically update the values
of ({ao, [EES) aN—l}; {bo, ceey bN—l}a Cth,resh; Zmina Zmam),
see in detail Sec. S1.5. Note that w; values do not vary
spatially. Accounting for spatial variation results in a larger
working range (Fig. 3a) and better calibrated depth for each
radial region (Fig. S4) with only a small increase in core
power (Fig. 4).

3.7. Efficient Hardware Implementation

FPGA size and resource utilization strongly affects sys-
tem power consumption - larger FPGAs have higher static
power dissipation. In order to make our system as efficient
as possible, we designed our hardware to fit inside the Lat-
tice ECP5 LFE5U-85F FPGA. By using a smaller FPGA,
the benefits of our efficient algorithm implementation are
realized in power savings.

We also had to restrict our memory use to achieve low-
power operation. Low-power FPGAs have extremely lim-
ited memory budgets. Due to the high energy cost of
data movement, extending their memory by using off-chip
DRAM incurs a prohibitively high energy cost [17]. The
LFE5U-85F does not have enough on-chip memory to hold
both frames at once. Adding enough storage to buffer
both frames without moving to a larger, more power-hungry
FPGA would require the use of external DRAM, raising
power consumption and incurring depth map latency. This
means that we must process our depth maps with a data
streaming model, where the data locality of the DfDD algo-
rithm enables significant power savings. Additionally, we
developed a hybrid fixed and floating point architecture that
supports the high dynamic range of natural scenes while
minimizing per-pixel memory cost.

3.7.1. Multiscale compute within fixed memory budget

Our robust depth algorithm requires upsampling in two of
its computations: estimating V2I with a Laplacian pyra-
mid, and merging downsampled estimates into our multi-
scale joint estimation.

Downsampling a streaming image is straightforward, but
naive upsampling requires buffering a prohibitive amount
of the image. We develop a specialized streaming upsam-
pler using zero-interleaved kernels that reach a larger effec-
tive receptive field without increasing arithmetic operations.
This both decreases the number of lines buffered and fixes
the memory use to be independent of image height. See
Sec. S4 for details.

3.7.2. Efficient Kernels

We minimize FPGA power and memory costs by using ker-
nels that are small, have integer coefficients that are powers
of two, and are linearly separable. This, respectively, mini-
mizes the number of lines buffered, converts multiplication
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Figure 2. Captured images and depth maps computed on-device. Note the handling of continuous depths (vs. disparity levels), reflective
textures, and transparent objects that active sensing would struggle with, as well as objects in motion due to snapshot capture.

to bit-shifting, and reduces convolution costs by a factor of
kernel width. We use box, Gaussian, and derivative ker-
nels in the preprocessing and per-scale computations, with
our largest kernel being a 5-tap Burt-Adelson Gaussian fil-
ter [9]. See Sec. S2.1 for details.

3.7.3. Hybrid Fixed Point with Efficient Floating Point

Fixed point arithmetic is cheap in hardware, but limits the
dynamic range of values that can be represented accurately.
Most vision applications require floating point, which is sig-
nificantly more expensive. We reduce this cost by identify-
ing preprocessing steps that can be computed in fixed point
without loss of accuracy, then switching to an efficient float-
ing point implementation that maximizes accuracy within a
constrained memory footprint.

Specifically, the homography and preprocessing stages
are implemented in fixed point. The homography only re-
quires a small number of lines to be buffered since the affine
transformation is small. In the preprocessing step, our care-
fully selected filters do not require bit trimming, avoiding
quantization issues. Due to the high dynamic range of our
images, after these stages, the results are converted to float-
ing point before computing [, and Ia.

On the floating-point side, we save FPGA resources by
dropping subnormal number support and using FP16 in-
stead of FP32. Removing subnormal number support makes
multipliers and dividers nearly as inexpensive as fixed-point
arithmetic, with only a small additional cost for exponent
handling. Our adders still require the variable shifters and
priority encoders associated with floating-point arithmetic,
but some of the surrounding logic is simplified by remov-
ing subnormal handling. The primary reduction in resource
usage for our floating-point adders comes from using half-
precision (FP16) representation. See Sec. S3 for details.

3.7.4. Data Readout

Our system outputs 8-bit depth maps over a parallel port,
similar to how an image sensor outputs its data. To read the

results of the depth computation from the camera, we use
an FTDI FT232H parallel-to-USB interface chip. Our com-
munication speed is limited to 8MB/s by the design of the
ECP5 development board that our prototype system uses,
meaning that in-situ our system can output depth maps at
a maximum of 32.5 FPS. Alternatively, for data collection
and demonstration, we can read out image pairs or one im-
age with its respective depth map at a slower rate. Without
these I/O limitations, our core computation could run up to
140 FPS on ECP5 and up to 300 FPS on Kintex-7.

4. Results

Depth maps of real scenes computed on-device are shown in
Fig. 2, along with corresponding sensor images. Our com-
puted confidence excludes low-signal regions, returning ac-
curate depth estimates around scene texture. Note that our
method can gracefully handle scenes with multiple depths,
including continuous (a), discontinuous (b), and reflected
(c) depths. Our sparse depth maps gracefully handle over-
lapping transparent objects (d), our passive method easily
handles bubble wrap (e) even though it is transparent, re-
flective, and non-rigidly deformed, and our snapshot cam-
era returns accurate depth even in the presence of significant
motion blur (f). Additional scenes and videos are provided
in the supplement.

We characterize the performance of the system us-
ing front-parallel textured planes across densely-sampled
depths, and define the working range (WR) as the set of
depths for which | Zest — Ztrye| < 0.1 Ziyye, with our de-
vice achieving a working range of 0.45-0.97 m. Accuracy of
on-device computation (purple dots) shows good agreement
with off-device computation (purple and all other lines) in
Fig. 3a. Off-device computation is slightly more accurate
because it is performed fully in 32-bit floating point for con-
venience and fairness in comparing across algorithms.

In comparison to our method (offline) with a working
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tools and evaluate working range and MAE from 0.4m to 1.0m of-
fline on images collected by our hardware prototype. Adding com-
putational components improves accuracy while increasing power
cost. Our algorithm is shown with the purple star.

range (pale purple highlight) of 0.43-0.99 m, the Focal Split
algorithm [42] (green) has a working range of only 0.60-
0.83 m on the challenging low-power camera data. Spatial
variation is a major contributor to this improvement, as re-
moving it (blue) drops our working range to 0.51-0.82 m.

Next, to explore the effect of confidence on sparsity
and accuracy, Fig. 3b shows the MAE and WR for depth-
and scene-varying confidence thresholds set to enforce a
fixed sparsity across each depth map (gray levels). Our
method, repeated in purple for reference, takes a fixed con-
fidence threshold that naturally loses density (100% - spar-
sity, dashed purple) at the edge of the WR. Note that fixed
thresholds result in different error/density trade-offs than
enforced sparsities, highlighting the need for computation-
ally inexpensive, well-calibrated confidence estimation as
an area for future research. Fig. 3¢ shows the size of the
working range across enforced sparsities.

4.1. Resource Utilization and Power Consumption

DfDD core power and size. To evaluate the efficiency of
the SystemVerilog DfDD implementation itself, we synthe-
sized multiple configurations of the DfDD core depth com-
putation. Even though our physical system is implemented
with a Lattice ECP5 FPGA, for the sake of this specific re-
source usage comparison, we synthesized our design for
the more widely-used Xilinx 7-Series FPGA architecture,
which is widely compatible across the literature. Resource
utilization results can be seen in Fig. 5, details in Sec. S8.
Each FPGA has a limited number of lookup tables (LUT),
registers (REG), and block RAM (BRAM) with which a
circuit design can be implemented. A smaller design con-
sumes less resources and can fit on smaller FPGAs, allow-
ing for lower power consumption and better system minia-
turization. We also took these utilization numbers and used
vendor tools to estimate power consumption, comparing our
system’s power consumption with similar work Tab. 1.
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systems in the literature. “DS” and “SS” denote evaluation at 2 and 1 scales, respectively.

Power consumption of hardware camera. Critical to
our work is the construction of an actual hardware camera
capable of producing depth images in real-time at over 30
FPS. Our hardware camera consisted of two HM0360 low-
power image sensors in a custom optical setup (as described
in Sec. 3.1) connected via a custom interposer PCB to a
commercially available Lattice ECP5 evaluation board [35]
equipped with a LFESUMS5G-85F FPGA [36]. In order to
reduce power consumption, some modifications were made
to the evaluation board. A summary of these modifications
can be found in Sec. S9.1. To measure power consump-
tion, we powered the camera entirely by an Otii Arc power
profiler and operated it under normal conditions, record-
ing natural scenes, integrating average power consumption
over 5 seconds. Our results are shown across configurations
in Tab. S6. Significantly, our full algorithm consumes only
624 mW at 32.5 FPS and 399 mW at 9 FPS, 3.3 - 5x less
power than the lowest full system power reported in the lit-
erature [55], which runs at 30 FPS.

Total system power measurements in Tab. S6 are higher
than core power estimates in Tab. 1 and Fig. S5 because
the physical hardware system also includes: two image sen-
sors and image homography and cropping logic, I/O cir-
cuitry, and the evaluation board which contains several un-
used components and introduces inefficiencies in, e.g., volt-
age converters.

4.2. Accuracy Across Restricted Power Budgets

We analyze ablations of several subcomponents in terms of
both depth performance, evaluated by working range and
depth MAE over 0.4 m to 1.0 m (computed off-device),
and core power consumption (estimated for the ECP5 from
manufacturer’s tools). Fig. 4 provides an overview of these
trade-offs. Adding spatial variation in calibrated parame-
ters improves working range and reduces MAE (see corre-
sponding square-circle pairs). As expected, the accuracy
among well-calibrated (i.e. spatially varying) methods goes
according to the number of separate estimates used in the
depth map: the best has 6 (purple star: 2 scales, 3 deriva-
tives), the next best has 3 (small purple circle: 1 scale, 3

derivatives), the next best has 2 (large blur circle: 2 scales,
1 derivative), and the worst has only 1 (small blue circle: 1
scale, 1 derivative). Adding derivatives is cheaper in terms
of power consumption than adding image scales, though we
note that the relative cost appears more extreme in estimates
of core power than the true relative difference in the over-
all system, since peripheral power costs dominate and will
be constant across methods. Specifically, in comparing our
method with the next best option (single scale, multideriva-
tive, shown by the purple circle), we estimate a core power
difference of 311 vs. 214 mW for a roughly 32% differ-
ence, but when running the hardware prototype at 32.5 FPS
we measure the full systems’ wall power at 624 vs. 489 mW
— only a 20% difference (dropping to an 11% difference at
9 FPS, see Tab. S6). At a high level, this study indicates
the potential of our method to provide depth estimates for
a range of power constraints through appropriate computa-
tional trade-offs.

5. Conclusion

We present SpiderCam, the first sub-Watt FPGA-based pas-
sive 3D camera. Featuring snapshot capture with compact
off-the-shelf optics, low-power sensors, a robust and effi-
cient new DfDD algorithm, and a System Verilog implemen-
tation on a low-power FPGA, we demonstrate a working
range of 52 cm at 32.5 FPS in real time on real data with
a full-system wall power of 624 mW. We have character-
ized the power/accuracy trade-offs of several variations of
our system, and identified improvements in optics and con-
fidence estimation as immediate future directions for sys-
tem improvement. Significant gains in power consumption
could be pursued by moving from an FPGA to an ASIC,
which typically results in 5-20x power savings depend-
ing on design details [31, 43]. Our sparse and somewhat
noisy depth estimates offer exciting possibilities as control
signals for embedded/edge applications like wearables and
robotics, which will require further research and develop-
ment. An immediate direction for future work is the integra-
tion of our outputs with efficient depth-completion pipelines
like [72] and increasing the FoV of our system.
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