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Abstract
FishSense Lite measures fish length from a single photograph using
a commodity dive camera and a laser pointer, a combination cheap
enough to put in the hands of recreational divers. Every part of
it is commodity except one: the camera intrinsics are calibrated
from a manufactured checkerboard, photographed underwater in a
pool, and training citizen scientists to do this reliably is hard. This
work removes that step. Modeling the flat port analytically lets the
camera be calibrated in air, and in air the calibration target can be a
structure of LEGO™ bricks, whose molded pitch needs no measure-
ment since they are famously precisely manufactured. Doing this
requires taking off the corrective lens the deployed system relies
on underwater, so we first establish what the bare flat port costs:
over the region a laser–camera rig can actually measure, the uncor-
rected length error is 1.2% at the median, an order of magnitude
below the free-field figure, because the port’s error enters range
and angular extent together and cancels in their product. The brick
calibration then disagrees with the checkerboard by 2.46% in focal
length and 112 px in the principal point, yet delivers fish lengths
that differ by 0.03 pp, because the intrinsics it misses are the ones
the measurement does not depend on. Every calibration the system
needs now runs on objects a diver already owns. The end result is
a low-cost fish measurement instrument that is readily available
and easily deployed by citizen scientists.
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1 Introduction
Monitoring open-water fish populations is essential for sustainable
management and for protecting one of the world’s most significant
protein sources. Three billion people worldwide rely on fish and
seafood for protein [9]. Fisheries assessment depends on fish length:
it informs weight and age distributions, and through these, stock
status [3, 14]. Obtaining this information at scale is a key challenge.

One commonmethod of quantifying fish populations is via catch-
and-release campaigns. However, these require significant human
resources; for example, the California Collaborative Fisheries Re-
search Program (CCFRP) used 1,700 volunteer anglers and the
crews of thirty-six vessels to capture 176,594 fish between 2007
and 2020 [11]. These measurement programs are also subject to
significant biases [15, 18] and introduce fish mortality issues, as fish
brought to the surface suffer barotrauma in air [13]. These programs
rely on commercial fishing vessels, which biases the collected data
near active commercial harbors and popular commercial fishing
sites [23].

To address barotrauma and regional blind spots, scientists have
turned to dive surveys to quantify fish populations [7, 20], leverag-
ing the large community of recreational divers (2.5 million in the
United States alone [1]). A key element of modern diver-assisted
fish population assessment is using underwater cameras to estimate
fish size, a significant improvement over the highly error-prone
human visual measurement [10, 12].

A recent example of diver-assisted fish measurement technology
is the FishSense Lite (FSL) underwater sensing platform [6]. FSL
consists of a commodity dive camera equipped with a laser pointer
on a 3D-printed mount. The diver points the laser at the fish and
takes a single photograph. The laser dot’s position in the image
gives the range, and the snout and tail-fork pixels, back-projected
to that range, give the length.

The FSL system is straightforward to operate once it is calibrated.
The system needs two calibrations. (1) The camera intrinsics de-
scribe the lens; they do not drift, so they are fitted once per camera.
(2) The laser extrinsics describe the laser’s position and direction
relative to the camera; they drift as the mount shifts, so we re-
fit them every dive from photos of a commodity dive slate. The
intrinsics are harder for citizen scientists to obtain because they
require photographing a manufactured checkerboard underwater
in a pool [6]. The waterproof calibration checkerboard costs ap-
proximately $300 USD [8]. Our proposed LEGO™ calibration target
costs approximately $20 USD and is readily available from LEGO™
stores online or in person.

Camera calibration makes FSL less of an easy-to-use citizen sci-
ence tool and requires extra effort from the diver. Recreational

https://orcid.org/0000-0002-2011-721X
mailto:ccrutchf@ucsd.edu
https://orcid.org/0000-0001-9062-5570
mailto:cschurgers@ucsd.edu
mailto:kastner@ucsd.edu
https://doi.org/XXXXXXX.XXXXXXX
https://doi.org/XXXXXXX.XXXXXXX


WUWNet ’26, 2026, Hong Kong, China Crutchfield et al.

divers do not own a calibration checkerboard, and underwater cali-
bration is another hurdle. Because intrinsics are fitted per camera,
every prospective citizen scientist must calibrate the lens before
their first dive. This calibration friction can significantly hinder
citizen scientist participation. Martin et al. [17] found that marine
users judge a project’s technical demands before joining, and that
participants may drop out preemptively over anticipated difficulties.

We propose an inexpensive replacement option using commod-
ity toy bricks, such as LEGO™ bricks, to build calibration structures.
They are molded to a published pitch, identical worldwide, and al-
ready present inmany households [19]. Unlike a printed board, their
geometry needs no extra measurements before it can be trusted,
and Baronti et al. [5] showed that a camera can be calibrated using
a structure built from commodity bricks.

Toy bricks cannot be used for underwater calibration. They trap
air, so an assembled target is buoyant. More importantly, an optical
barrier prevents calibration with an object that is not a flat surface.
A planar board sits at effectively one depth per view. At a fixed
depth, flat-port refraction is well-approximated by radial distortion
(Section 2). That is why calibrating a plane underwater works. A
three-dimensional target, however, spans multiple depths within a
single view, where the refraction varies with depth. A single radial
model cannot account for it.

Calibration with a commodity bricks-based target must there-
fore be performed in air. This impacts the rest of the system, and
most importantly, the corrective lens must be removed for both
calibration and data collection.

In the current FSL system, a corrective wet-mount lens accounts
for underwater distortion [4, 6]. It threads onto the housing’s flat-
port, and the gap between the two floods with water as it enters. Its
domed element cancels the refraction the flat-port would otherwise
cause, restoring the camera’s topside field of view. The correction
depends on water filling that gap. In air, the gap holds air; the as-
sembly is a different optical system, and a calibration taken through
it transfers nothing. The lens is made to flood and is not water-
tight; calibration in air with the lens holding water is not possible.
Calibrating dry means taking the optic off and modeling the bare
pane instead. We use Łuczyński et al.’s Pinax model [16] unchanged,
and investigate the implications of dry calibration on system-level
accuracy. The main objective of this work is to determine whether
the Pinax model, combined with commodity components for cali-
bration, provides the end-to-end accuracy required for underwater
sensing applications such as fish population measurement.

Specifically, our contributions are:

(1) A camera-intrinsics calibration procedure for an underwa-
ter laser–camera rig that runs in air on a target built from
commodity bricks. It combines the Pinax refraction model,
applied unchanged, with Baronti et al.’s brick target, and
removes the manufactured board and the pool session (Sec-
tion 5).

(2) Evidence that a bare flat-port, modeled with Pinax, can re-
place the corrective optic, so that a calibration taken in air
holds underwater across the whole frame, and that the bare
port’s cost to length is small over the region a laser–camera
rig can measure (Section 4).

(3) A self-contained test for whether a port model is working,
from the homography residual against field angle, needing
no reference object, no known pose, and no known scale
(Section 4).

(4) A characterization of what the brick target does and does not
settle: the focal-length ratio is far more stably recovered than
the absolute scale, and the calibration differences between a
brick target and a checkerboard do not reach the delivered
length (Section 5).

Our work shows that we can replace expensive, cumbersome
underwater calibration with cost-effective in-air calibration while
staying within error tolerances. The proposed in-air calibration
system makes citizen-science data-collection dives more accessible
to non-technical participants.

2 Background
A camera is normally treated as a single viewpoint (SVP) device:
every ray converges on one point in space. The pinhole model [21]
rests on that assumption, and so does nearly every calibration and
reconstruction method built on it.

The SVP assumption does not hold underwater, complicating
underwater photography and camera calibration. A dive housing
presents a flat pane to the water, and rays crossing this pane bend
according to Snell’s Law of Refraction. The bend increases with the
angle between the ray and the pane’s normal, meaning rays at wider
angles suffer more distortion. There are two consequences of this.
Scene directions are compressed toward the axis, which magnifies
the image and narrows the field of view. More importantly, the
degree of the bend depends onwhere the ray crosses the pane, so the
rays no longer share an origin, violating the key SVP expectation.

Treibitz et al. [22] showed that a camera behind a flat-port, as
in a dive housing, is not an SVP system and that correcting it
requires a physics-based model of the interface. Agrawal et al. [2]
characterized such a camera as axial. An axial camera is one whose
rays intersect a line through the optical axis rather than a point.
Methods that assume a single center of projection do not apply to
it.

This leaves two options. The first is to restore the SVP in hard-
ware. A dome port, or a domed accessory lens mounted at the port,
presents a curved interface that rays cross near normal incidence,
so the camera behaves as a pinhole again. This is the principle of
the corrective lens FSL uses [4]. The second is to model the effect
of the pane. Łuczyński et al. [16] construct a virtual pinhole camera
from the port geometry and the water’s refractive index, a model
they call Pinax. Because the model is parameterized by the port
rather than fitted underwater, a calibration taken in air transfers to
the water. We implement their model in this work to support in-air
calibration with commodity parts.

The target is the other half of the problem. Zhang’s method [24],
which remains the standard procedure, fits intrinsics from several
views of a planar board. Zhang’s calibration method is used under-
water in practice, including by FSL [6], and it still serves behind a
bare flat-port. The planar calibration board sits at effectively one
depth per view, and at fixed depth the port’s error is absorbed by the
radial distortion terms the fit already estimates (Figure 1). The re-
sult is physically approximate but serviceable. A three-dimensional
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Figure 1: Length error against field position for a 0.3m fish at 2.0m. An in-water SVP fit, a single radial model, holds the error
to about 0.1% across the frame at the depth it was fitted for, which is why a planar board calibrates underwater. "Exact axial" is
the simulation’s camera model, so its error is zero by construction.

target has no such reprieve, because its features span depths within
one view, where the port’s error varies and a single radial term
cannot absorb it.

A board is nonetheless a fabricated object whose pitch must be
trusted before the calibration can be. Baronti et al. [5] proposed
commodity LEGO™ bricks in its place, exploiting a molded pitch
that is identical worldwide and needs no measurement. Their study
is terrestrial. In this work, we apply their findings to the in-air
calibration of an underwater camera.

3 System
We work with FishSense Lite [6], a handheld underwater fish mea-
surement device built from components recreational divers com-
monly own. The system consists of an OM System TG-6 in a PT-059
underwater enclosure. An attached waterproof laser pointer on a
printed mount is registered to the housing’s cold shoe, which places
the beam rigidly offset from the optical axis. The diver aims the
laser at a fish, frames the shot so the snout and tail-fork are visible,
and takes one photograph.

Each measurement depends on two calibrations. The laser ex-
trinsics drift, since the printed mount flexes and the cold-shoe
connection has play. They are re-fitted every dive from roughly ten
images of a duct-taped dive slate, an object divers already carry. The
camera intrinsics do not drift and are fitted once per camera. Ob-
taining them requires photographing a manufactured checkerboard
in a pool.

Length is calculated in two steps. The laser dot’s pixel position
encodes range, so intersecting the back-projected dot ray with the
calibrated laser ray recovers a metric depth. The snout and tail-fork
pixels are then back-projected through 𝐾−1, placed at the depth
calculated, and the length is calculated as the Euclidean distance
between them. Both steps consume the camera intrinsics 𝐾 , which
come from the camera calibration. Length is the product of a range
and an angular extent, and both are read through the same camera
and the same water. An error that scales the two together divides
out of the length, even when it is large in each. This cancellation
recurs throughout what follows.

In the baseline FishSense Lite system, hardware restores the
pinhole behavior. A wet-mount domed accessory lens threads onto
the housing’s flat-port [4], and the gap between the two floods
with water on entry, canceling the refraction the flat port would
otherwise induce. Flooding is a step the diver must perform: the lens
is removed underwater and refitted so water fills the gap, meaning
the lens does not return to the exact same position dive to dive. It
also means air can be trapped under the lens. These trapped air
bubbles can be a source of error in human-assisted laser calibration.
A bubble that occludes nothing important is recoverable. A bubble
over the laser dot costs a measurement, and one over a fish’s head
or tail leaves an annotator to infer the location. A bubble over the
dive slate during calibration is the worst-case scenario, because the
scale for the entire dive comes from those frames, and failure to
recover it means a lost dive. All of this is invisible at collection time,
and surfaces only when lengths are recovered from the survey.

The deployed system’s error budget bounds this work. It is held
to a 15% error budget on length, a design target set with fisheries
scientists [6], and every result here is measured against that bar.
The deployed system already operates within that budget [6]. Its
random error terms are calibration scale (2.4% standard deviation),
laser movement within a dive (2.2%), labeling (1.0% at 2m), and
frame count (1.3%), which combine in quadrature to 3.6%. Two
further terms only shorten a measurement: body depth (1.5% at
2m) and pose, the dominant controllable term. Foreshortening
scales as cos𝜃 , so framing within 15◦ of broadside holds pose to
3.4%. This paper adds one term, the bare flat-port, modeled with
Pinax (Section 4).

This added term is small even before correction. Left uncorrected
over the reachable region, the bare port costs 1.2% in length at the
median and 3.0% at the ninetieth percentile (Section 4). With Pinax
applied, the remaining terms this work introduces are the fresh-
water index assumption, which changes the delivered length by
0.02% at the median in salt water, and the brick calibration, which
delivers lengths within 0.03 pp of the checkerboard’s at the median
(Section 5). Treating even the uncorrected figure as a random term
and adding it in quadrature gives 3.8% at the median and 4.7% at the
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Figure 2: Homography residual against radial position, over 106 underwater frames of a planar board. An uncorrected pinhole
model leaves residual that grows with field angle, the signature an axial camera predicts. Under the analytic correction, the
residual is flat across the frame. The test uses only the board’s planarity. It requires no known pose, no known scale, and no
reference measurement. Residuals are in pixels.

ninetieth percentile, well inside the 15% budget. Sections 4 and 5
establish these figures.

The rest of the paper asks whether the deployed system’s margin
can absorb this added source of error.

4 Flat Port
Checking whether a camera model accurately describes the optics
usually means comparing against something concrete: a known
pose, a known scale, or a second instrument. A diver has none of
these, and each one brings its own error into the measurement it
is meant to validate. The test we use needs none of these baseline
measurements.

A plane imaged by a central camera maps to the image by a
homography, exactly. Zhang’s method rests on this. If the camera
is central under the model applied, some homography fits and
the residual sits at detection noise. If the camera is axial and the
model assumes otherwise, no homography fits, and the misfit is
worst where the axial behavior is worst, at large field angles. The
residual’s size says the model is wrong. Its growth with radius says
it is wrong in the way a flat-port is wrong.

Two models are under test. The uncorrected model is an in-air
pinhole calibration applied directly underwater, with no account of
the interface. The analyticmodel is Pinax [16], which builds a virtual
pinhole from the port’s geometry and the refractive indices on either
side of it. We take a 6mm acrylic pane of index 1.49 at a 1mm
standoff. These are nominal, not measured on our housing, and
the correction does not depend on them: through a plane-parallel
pane the glass terms cancel from Snell’s law, so the exit angle is
set by the field angle and the water index alone. Varying the pane
from 3 to 20mm, its index from 1.45 to 1.60, and the standoff from
0.5 to 30mm leaves the median homography residual at 0.363 px
throughout. The water index is the parameter that matters, and
we assume fresh water at 1.333 as these measurements were taken
in a fresh water pool. For each frame, we undistort the detected

corners of the checkerboard through the model under test and fit
a homography from the board’s corner grid to those points. The
grid is in meters; a homography absorbs scale, so the units are
immaterial. We fit by least squares; a robust fit would discard the
corners that carry the signal. What we report is the per-corner
reprojection residual.

Under the uncorrected pinhole model, the median residual grows
by a factor of 2.4 across the frame, from 0.55 px at the image center
to 1.35 px at 1250 px radius (Figure 2). Under the analytic correction
it does not grow, holding near 0.37 px throughout and varying by a
factor of 1.1 over the same span. The uncorrected model does not
reach that floor even on axis, where refraction is near zero. Part of
this is the global fit: refitted to the inner bin alone the uncorrected
residual falls from 0.55 to 0.39 px. It stays above the corrected model
even then.

That floor is consistent with corner-detection scatter: the cor-
rected model reaches it and the uncorrected one does not, so the
gap between 0.37 and the uncorrected model’s 0.55 to 1.35 px is
the port’s signature, well above the noise that would otherwise
mask it. The brick calibration of Section 5 gives the same result
under Pinax, with the residual climbing by a factor of 1.13 across
the frame against 1.11 for the checkerboard.

The port is therefore modelable, which leaves the question of
what it costs.

The figure usually quoted for an uncorrected flat-port is a free-
field bound: the worst length error anywhere in the frame. For a
300mm fish at 2m, uncorrected and ranged through the laser, the
error reaches 28.7% held horizontal and 36.3% at its worst orien-
tation, both at the frame corner. But the laser has to land on the
fish, which rules out most of the frame before any measurement is
taken.

The beam sits nearly parallel to the optical axis at a transverse
offset of |𝑂 | ≈ 104mm, so a fish that can be measured is near the
axis. The dot itself falls within arctan( |𝑂 |/𝑍 ) of the axis, which is
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Figure 4: Range from each camera model on real pool frames.
The uncorrected model reads 25.7% short of Pinax at the
median, against the 25% that water’s refractive index predicts.
The port’s range error is real and measurable, even though it
does not survive into the length.

5.9◦ at 1m and 1.2◦ at 5m. On 1,499 pool frames of fish models, 96%
of dots land between 0.40 and 0.65 of body length, so a 300mm fish
carrying the dot in that band reaches no further than 16.65◦ at 1m,
or 3.42◦ at 5m.

This is the cancellation of Section 3, and the flat-port is its first
instance. Figure 3 shows it directly: the uncorrected range runs
about 25% short across the whole working distance, while the length
it produces stays near zero error. The port’s error is almost entirely
common to range and angular extent, so it leaves the product nearly
untouched.

The short range is not a simulation artifact. Figure 4 shows it on
real pool frames: the uncorrected model reads consistently short of
Pinax, by the margin water’s index predicts. The error is there in
the range; it simply does not reach the length.

What survives the cancellation is small but not zero, and it is
worst near the frame edge. Figure 5 shows the residual length error
against field angle, with the reachable region shaded. Over that
region, at the worst bearing for each fish, it is 1.2% at the median
and 3.0% at the ninetieth percentile: a harder case than the held-
horizontal figure, and an order of magnitude below the free-field
maximum. The rig cannot take the measurement that maximum
describes.

The three curves in Figure 5 are three lenses spanning more than
a twofold change in focal length, and they are indistinguishable. The
error depends on field angle alone, so the correction is a property
of the port and carries to other lenses behind a flat pane.

5 Calibration
With the port modeled, the camera can be calibrated in air, and
the target no longer has to be a printed plane. We calibrate the
intrinsics from a structure of commodity LEGO™ bricks, molded to
a published pitch that needs no measurement. The laser extrinsics
already come from a dive slate every dive. The camera intrinsics
now come from bricks at home, and no specialized manufactured
object is needed.

The detector finds brick faces in each frame and matches them
to the known model (Figure 6). From 21 views we fit the intrinsics
and one radial distortion term from a generic starting point, using
nothing from a board; higher-order terms are not stable on this
capture. Against a checkerboard calibration of the same camera,
the brick result differs by 2.46% in focal length and 112 px in the
principal point.

The two parameters are not equally well pinned. Absolute focal
length trades against target distance: a larger object farther away
images the same, and a shallow object shot over a narrow range of
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69 brick faces found; 30 matched to the model (magenta), 39 not (gray)

Figure 6: The detector on one raw frame of the brick target:
69 brick faces found, 30 matched to the model. Matched faces
supply the image-to-model correspondences the calibration
is fitted from.

poses does not break that trade strongly. Across random subsets of
the views the focal length varies with a standard deviation of 2.6%,
and removing any single view shifts it by −1.4 to +1.0 percentage
points (Figure 7). That reflects the capture. A checkerboard cannot
recover absolute scale from its images either; it takes scale from
the known square size, the way the bricks take it from the known
pitch. The focal-length ratio does not trade against distance, and
its standard deviation across the same subsets is 0.33%.

The ratio is better conditioned than the scale, but this capture
does not fully observe it either. The two calibrations disagree on it
by 0.75%, and the disagreement lies almost entirely in a direction
the images have no leverage on. Scaling the target model along its

depth axis by ±1.5% moves the recovered ratio across the whole
board-to-brick span while the fit residual stays flat: the data cannot
distinguish those solutions. The brick pitch itself, fixed at 9.6mm,
is not in question, but with none of the views rolled and their poses
spanning only about 15◦, the anisotropy that separates 𝑓𝑥 from 𝑓𝑦
is barely seen. This is why the ratio, though far tighter than the
scale across subsets, cannot yet be trusted over the checkerboard’s
on this data.

The delivered length does not inherit the scatter, because a focal
error cancels. The laser is fitted through the same intrinsics the
length uses, so a scale error shrinks the fitted range by the factor
it inflates the angular extent, and length is their product. We can
see how much cancels by decomposing the checkerboard-to-brick
difference and applying each part on its own to the same frames. The
2.46% scale error costs 0.018 pp. Anisotropy and centering do not
cancel, at 0.129 and 0.159 pp applied alone with the checkerboard’s
distortion. The brick calibration as a whole delivers 0.027 pp at
the median; the parts measure larger because the checkerboard’s
higher-order distortion terms do not suit the brick intrinsics.

A single decoy frame shows the cancellation directly. In one
pool frame of the calipered 312.5mm target, the laser dot falls
at pixel (1944, 1070). Back-projected through the Pinax-corrected
brick calibration and triangulated against the per-dive beam, it
gives a range of 𝑍 = 1.085m. The snout and tail-fork, labeled at
(2229, 1325) and (1292, 751), are back-projected through the same
calibration and placed at that depth; the distance between them is
308.0mm, within 1.5% of the caliper. Through the checkerboard
calibration the range is 1.113m, 2.5% longer, and the length is the
same 308.0mm, because the range and the angular extent change
together.

Figure 8 shows this end to end. Run through the same correction
on the same twelve pool frames, the brick and checkerboard cali-
brations deliver median lengths of −2.66% and −2.67%, a difference
of 0.03 pp. A calibration that disagrees with the checkerboard by
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Figure 7: Calibrated parameters across random subsets of the views, each plotted as its difference from the checkerboard
calibration. Left, the absolute focal length varies with a standard deviation of 2.6% across subsets (−12.0 to +2.6%); right, the
focal-length ratio 𝑓𝑥/𝑓𝑦 varies by 0.33% (−0.01 to +2.05%). The two are recovered from the same images, so the difference is one
of conditioning: absolute scale trades against target distance and is weakly pinned by a shallow object over a narrow range of
poses, while the ratio does not trade against distance and is fixed about eight times more tightly.
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Figure 8: Delivered length from the brick and checkerboard calibrations, run through the same correction on the same 12
frames of the calipered 312.5mm decoy, with the laser beam fitted on the pool checkerboard session for both. The calibrations
differ by 2.46% in focal length and 0.75% in 𝑓𝑥/𝑓𝑦 , yet the lengths they deliver differ by 0.03 pp at the median and 0.23 pp at
worst (Bland–Altman 95% limits of agreement −0.23 to +0.11pp).

2.46% in focal length and 112 px in the principal point delivers, for
this measurement, the same answer. The intrinsics the brick target
gets wrong are the ones the measurement does not depend on.

6 Limitations
This capture leaves two questions open. The first is the focal-length
ratio: the brick and checkerboard calibrations disagree on it by
0.75%, and, as Section 5 shows, this capture barely constrains the
direction that disagreement lies in, so we cannot yet say which
is closer to the sensor’s true ratio. Neither possibility reaches the
delivered length.

The absolute focal length is weakly conditioned for the same
reason: it trades against target distance, and this capture is shallow

and narrow in pose. The known brick pitch supplies scale regardless,
as a board’s known square size does, so the length is unaffected.
The end-to-end agreement in Section 5 is measured on one decoy
at ranges from 0.80 to 3.04m, where the brick and checkerboard
lengths agree to within −0.23 to +0.11 pp (95% limits of agreement).
The scale part of the calibration difference nearly cancels at any
target size or range, since it shrinks the fitted range by the factor
it inflates the angular extent. The anisotropy and principal-point
parts do not cancel, and their effect depends on where the fish sits
in the frame; this decoy samples field angles up to 19.8◦.

Our evidence is one camera in one housing, calibrated against
one build of the target and validated on pool frames. The water
index is assumed fresh, matching the pool; the deployment corpus
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is salt water, where the index is marginally higher. In simulation,
with laser ranging, using the fresh index in salt water changes the
delivered length by 0.02% at the median and 0.2% at most over the
reachable region.

7 Conclusion
FishSense Lite measures fish from a single photograph, using gear
a recreational diver already owns. The one part that did not fit
was calibration: the camera intrinsics came from a manufactured
checkerboard, photographed underwater in a pool. This paper re-
moves that step by modeling the flat-port analytically, which lets
the camera be calibrated in air, where the target can be built from
commodity bricks. The system’s calibrations now run on objects a
diver has: bricks at home, a dive slate at the dive site.

Taking the corrective optic off costs little. The analytic model de-
scribes the bare port well: its homography residual stays flat across
the frame, while the uncorrected model’s grows toward the edge.
And over the region a laser–camera rig can actually measure, the
uncorrected error runs 1.2% at the median, an order of magnitude
under the free-field maximum. It is small because the port distorts
range and angular extent together, and length is their product, so
most of the error divides out.

The LEGO™ brick calibration does not match the checkerboard
exactly. It differs by 2.46% in focal length and 112 px in the principal
point, and its focal-length ratio, though far better conditioned than
its absolute scale, we do not yet trust over the checkerboard’s. None
of this changes the length the system reports. The same cancellation
that bounds the port’s cost bounds this one: a focal error fitted
through the beam’s own geometry nearly divides out, and the two
calibrations deliver lengths that differ by 0.03 pp at the median.

The correction depends on the flat-port alone, so it carries to
other lenses behind a flat pane. Two things it does not remove: the
laser calibration still drifts and is re-fitted each dive, and the water’s
refractive index is assumed fresh, which in simulation changes the
delivered length by 0.02% at the median in salt water. Both aside,
every calibration the system needs now runs on commodity objects.
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