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Abstract

Nine known disparity values can support either a constant surface or a more flexible local fit. Across 48
eligible tiles in two Middlebury scenes, an affine fit reduced held disparity MAE from 2.8826 to 2.0986
pixels and three-view mean RGB error from 20.9466 to 19.0452 channel levels. The average gains
concealed exceptions: four tiles worsened geometrically, six worsened photometrically, and eight had
opposed change directions across the two outcomes. Better fitting of sparse geometry therefore needs
separate evaluation beyond the anchors and on the appearance measurement it is intended to support.

Executed sparse-geometry comparison on two static Middlebury scenes. Source reference disparity supplies privileged
anchors; no learned depth or camera-motion transfer method is evaluated.
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Nine Disparity Anchors, Two Local Models: Geometry and
Appearance Beyond the Fitting Points

> Executed sparse-geometry comparison on two static Middlebury scenes. Source reference disparity
supplies privileged anchors; no learned depth or camera-motion transfer method is evaluated.

Abstract

Nine known disparity values can support either a constant surface or a more flexible local fit. Across 48
eligible tiles in two Middlebury scenes, an affine fit reduced held disparity MAE from 2.8826 to 2.0986
pixels and three-view mean RGB error from 20.9466 to 19.0452 channel levels. The average gains
concealed exceptions: four tiles worsened geometrically, six worsened photometrically, and eight had
opposed change directions across the two outcomes. Better fitting of sparse geometry therefore needs
separate evaluation beyond the anchors and on the appearance measurement it is intended to support.

1. Spending observations and spending parameters

Sparse geometric observations can be used in several ways. A simple representation may average them
into one local disparity value, while a more flexible representation can fit a spatial trend. The number of
supplied observations can remain identical even though model complexity changes. A resource
comparison should therefore distinguish the observation budget from the number of fitted coefficients and
from the later cost of evaluating the representation.

We ask whether an affine disparity fit improves held geometry and multi-view photometric agreement
over a constant fit when both receive the same nine disparity anchors per image tile. The question has two
endpoints because a geometrically better approximation need not produce lower encoded-image error in
every tile. Texture, occlusion, interpolation, and the distribution of geometric residuals can affect the
relationship between those measurements.

Meng, 2026 addresses scale-calibrated camera-motion transfer through a gauge-invariant parallax
number. That focus motivates examining how a limited local geometry representation behaves when used
across view separations. Our experiment is narrower: two elementary disparity models receive known
source anchors and are evaluated on static released views. We do not calculate the target parallax number,
transfer a camera trajectory, or run its model.

The study separates a guaranteed training property from the actual held findings. An affine least-squares
model contains the constant model as a special case, so its anchor squared error cannot be larger when
fitted successfully. That property does not guarantee lower absolute error at unobserved pixels. Nor does
it guarantee that a warp based on the fit yields a more faithful image measurement. Both downstream
comparisons must be calculated.

2. Local geometry as a measurement device

The public scenes and disparities come from Middlebury's structured-light stereo work (Scharstein and
Szeliski, 2003), within the broader stereo correspondence evaluation framework of Scharstein and
Szeliski, 2002. These resources provide a controlled setting with real image texture and known reference
geometry. They do not represent a random sample of driving scenes, moving subjects, or the conditions of
a generated-video evaluation.

Multi-view geometry explains why correspondence and depth assumptions matter to image alignment
(Hartley and Zisserman, 2004). Reconstruction pipelines such as COLMAP organize substantially richer



geometric estimation (Schonberger and Frahm, 2016). Here we avoid fitting a complete reconstruction
system. The affine surface is a linear function of reference-image coordinates in disparity units; calling it
an affine disparity fit does not assert that a physical three-dimensional plane has been recovered.

Bundle adjustment and sparse optimization address global geometric estimation questions beyond this
local approximation (Triggs et al., 2000; Lourakis and Argyros, 2009). Camera-pose estimation also
requires its own measurements and model, as illustrated by EPnP (Lepetit et al., 2009). We estimate none
of those quantities. The view-separation multiplier is fixed by the captured rectified-view arrangement,
leaving the comparison focused on how the same nine disparity values are represented spatially.

Anchor placement is another distinct design question. Sensor selection and placement can be optimized
for an information objective (Joshi and Boyd, 2009; Krause et al., 2008). Our anchors are fixed on a
regular grid rather than selected adaptively from full disparity or image error. The experiment
consequently compares model forms at one observation layout; it does not establish that the nine locations
are optimal or that acquiring them would have equal physical cost.

Learned monocular depth methods such as MiDaS and self-supervised depth estimation concern how
geometry is inferred from observations (Ranftl et al., 2019; Godard et al., 2018). In this analysis, the nine
anchors are taken from provided reference disparity. Their information is deliberately privileged and their
acquisition uncertainty is unmeasured. Results should not be interpreted as the performance of a
predicted-depth pipeline simply because both outputs use disparity units.

3. A common anchor grid and an explicit retained cohort

The source contains two static nine-view scenes, cones and teddy. We use im2 as the reference and divide
each 375-by-450 image into a five-by-six grid of nonoverlapping 75-by-75 tiles, producing sixty
candidate tiles. Source disparity is decoded by dividing its stored values by four. Positive reference values
define valid geometry for the present measurement.

Within every tile, the nine anchor locations form a regular three-by-three grid with local row and column
indices 12, 37, and 62. All nine must have valid source disparity. No anchor is moved to a favorable
nearby location when it is invalid. This requirement excludes ten candidate tiles. Every remaining tile
must also provide at least 1,000 valid nonanchor geometry pixels for held evaluation.

Photometric comparisons use three fixed target views, indices zero, four, and eight. A tile is retained only
when each target comparison contains at least 1,000 common nonanchor pixels whose constant and affine
sampling coordinates are both in bounds. Two further tiles fail this joint view requirement. The final
cohort has 48 tiles: 21 from cones and 27 from teddy. It is therefore a selected cohort with unequal scene
contributions, not the complete image area or an equal-scene average.

The in-bounds requirement is part of what the image comparison measures. In the least-covered retained
tile-view cell, common pixels are about 24.46% of that tile's valid nonanchor geometry pixels. We do not
infer full-tile appearance quality from such a cell. Saved pixel counts make the coverage boundary visible
alongside the conditional error difference.

For the constant model, all tile coordinates receive the mean of the nine anchor disparities. The affine
model fits an intercept, a horizontal coefficient, and a vertical coefficient by ordinary least squares on the
same nine observations. Image coordinates are centered at 37 and divided by 25 for numerical scaling.
Those transformations do not add geometry observations or turn the comparison into an
equal-parameter-budget experiment.



The linear algebra uses the local NumPy and SciPy libraries (Harris et al., 2020; Virtanen et al., 2020).
Full rank is checked for the three-column fitting design, and fitted anchor squared error is checked against
the nested constant fit. Numerical linear algebra and floating-point considerations remain relevant to these
checks (Higham, 2002; Goldberg, 1991). No coefficients are quantized or rounded before prediction, and

no runtime benchmark is performed.

The withholding operation is analytical rather than physical. We possess the released disparity array but
expose only the nine declared values to each fit. Remaining positive values become evaluation targets. A
real sparse sensor could have noisy, delayed, or strategically located observations instead, and the fixed
grid might intersect different surfaces. Those effects are not estimated by the current calculation.
Similarly, the supplied disparity values have their source encoding and resolution; treating them as the
reference for a paired comparison does not establish error-free physical depth. The fitted policies and
uncertainty summaries remain conditional on that captured reference resource.

4. Two held outcomes on their own scales

The geometry outcome is absolute disparity error averaged over all valid nonanchor pixels in a retained
tile. Anchor pixels are excluded from this score, preventing a lower fitting residual from being reported as
held performance. The full source disparity is used only as the held target outside those nine locations; it
does not refit either model or choose its coefficients.

For a target view k, the horizontal sampling coordinate subtracts predicted disparity multiplied by (k-2)/4.
Vertical coordinates remain the reference rows. Bilinear interpolation samples each encoded RGB
channel, and its absolute difference from the reference image is averaged over the common valid mask.
We perform no color calibration, occlusion certification, or conversion to a perceptually uniform color
space.

The three target-view errors are averaged equally within a tile, and tiles then receive equal weight. The
resulting endpoint differs from a pooled error over all valid pixels or views. It describes three-view mean
photometric error for the retained tiles, not a guarantee about the largest error at any pixel. No predicted
disparity is clipped; none of the retained affine held predictions happens to be negative in this execution.
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Figure 1. A fixed nine-point geometry budget feeds nested constant and affine fits. Nonanchor disparity error and
paired common-pixel image error are evaluated separately before tile-level contrasts are summarized.



Two intercept-only regressions estimate affine-minus-constant differences across the 48 tiles. Model 1
concerns disparity MAE in pixels; Model 2 concerns the tile's three-view mean RGB error in encoded
channel levels. Both use HC3 standard errors and t47 intervals, with no controls or fixed effects.
Intercept-only R-squared is zero and should not be read as a diagnostic of the local surface fits.

Robust variance estimation addresses heterogeneous row variation (White, 1980), while dependence
requires its own assumptions (Cameron and Miller, 2015). Adjacent tiles share scene content, acquisition
conditions, and boundaries. HC3 does not resolve that spatial dependence, and two scenes provide
insufficient replication for broad across-scene inference. The reported intervals are conditional working
summaries for this selected tile cohort, rather than certified population coverage or uncertainty for future
camera-motion transfer.

Table 1. Paired tile-level mean changes, N=48, HC3 standard errors and t47 confidence intervals. Models contain an
intercept only. Geometry and image outcomes use different units and different masks; neither regression estimates a
causal effect on physical scene quality.

Model Term Estimate (SE) 95% CI N
Ml Mean outcome/contrast ~ -0.7840 (0.1063) [-0.9979, -0.5702] 48
M1: fit R-squared = 0.0000 - - 48
M2 Mean outcome/contrast  -1.9013 (0.3657) [-2.6371, -1.1655] 48
M2: fit R-squared = 0.0000 - - 48

Model labels: M1 = Affine minus constant held disparity MAE; M2 = Affine minus constant three-view
mean encoded-RGB MAE.

5. Average improvement without local domination

Mean anchor squared error falls from 15.907504 under the constant fit to 7.427132 under the affine fit.
This decrease follows the nested least-squares objective and describes the provided fitting points. The
held geometry comparison is separate: mean nonanchor disparity MAE falls from 2.882589 to 2.098567
pixels. Model 1 estimates -0.784022 pixels, with standard error 0.106297 and interval [-0.997865,
-0.570180].

Mean three-view RGB error falls from 20.946577 to 19.045241 encoded channel levels. The Model 2
difference is -1.901336, with standard error 0.365746 and interval [-2.637121, -1.165550]. Those
magnitudes show the benefit in the declared image-error unit. They are not percentages of perceptual
quality, a video-generation score, or a measure of driving safety.

The affine fit improves held geometry on 44 tiles and worsens it on four. It improves the photometric
endpoint on 42 and worsens it on six. Eight tiles have opposite signs of change across geometry and
appearance. Thus the aggregate improvements do not make the endpoints interchangeable, and the richer
fit does not dominate at every retained location.

This distinction fits the broader measurement concern that a proxy and its intended construct need
separate validation (Carroll et al., 2006). The scale of an outcome also constrains its interpretation
(Stevens, 1946). Disparity pixels and encoded RGB levels cannot be combined into an unspecified
improvement index without choosing a tradeoff rule. We retain two tables of paired outcomes in the
analysis records rather than selecting whichever favors a particular tile.



Method-comparison reasoning emphasizes inspecting differences on their actual scales (Bland and
Altman, 1986). The eight opposed signs are one concise manifestation of disagreement, but they do not
identify its mechanism. Occlusion, texture gradients, mixed-depth structure, interpolation, and
view-dependent image changes are plausible contributors. None is separately measured well enough here
to attribute the local failures to a single cause.

6. Appearance agreement is not a perceptual verdict

Structural similarity evaluates image structure in a way different from raw channel error (Wang et al.,
2004). Learned perceptual similarity provides another representation of image differences (Zhang et al.,
2018), and DISTS combines structural and textural considerations (Ding et al., 2020). FSIM uses feature
similarity for image-quality measurement (Lin Zhang et al., 2011). These alternatives clarify what the
present endpoint omits; none is computed in this experiment or used to choose a favorable reporting
metric.

The image sampling also compares captured views of static scenes rather than newly rendered views. A
method could lower the measured reference-to-target RGB error while still producing visible artifacts in a
generated image. Conversely, a geometric improvement at an occluded point need not make the sampled
target color agree with the reference. These limitations prevent translating a lower photometric number
into a claim of perceptually superior synthesis.

One source of generalization optimism would be choosing anchor layouts, view subsets, or tile exclusions
after inspecting the comparative losses. Validation structure should reflect the intended transfer question
(Roberts et al., 2017), and model-selection bias can arise when evaluation outcomes guide such choices
(Varma and Simon, 2006). Here the grid, three views, and minimum pixel counts define the calculation;
exclusions are based on available geometry and paired sampling support, not on whether the affine error is
favorable.

Influential tiles and selected scene composition still matter (Cook, 1977). A tile near a depth discontinuity
can behave differently from a tile dominated by a smooth surface. The current study preserves the failures
but does not fit and validate a classifier for predicting them. Building a reliable gate that decides when to
use the richer representation would require another development and held evaluation design.

7. What the equal-anchor comparison establishes

Dataset records retain the sixty candidates, twelve exclusion reasons, nine observed anchors per retained
tile, fitted coefficients, view-level errors, and paired regression inputs. Documentation supports
understanding those roles and source restrictions (Gebru et al., 2021); reusable provenance supports
locating and interpreting the saved calculations (Wilkinson et al., 2016). The richer representation uses
more coefficients, so its benefit should not be described as free computation or an equal-storage gain.

At this fixed sparse observation budget, an affine disparity fit improves both held geometry and average
image alignment in the selected two-scene cohort. Four geometric failures, six photometric failures, and
eight cross-outcome direction conflicts qualify that result. The substantive answer is therefore conditional:
added spatial flexibility helps on average here, while training fit alone cannot establish where it helps or
whether its image-error gain corresponds to the broader camera-motion and perceptual tasks that
motivated the comparison.
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