DirectFisheye-GS: Enabling Native Fisheye Input in Gaussian Splatting with
Cross-View Joint Optimization

Supplementary Material

A. Overview

Within the supplementary material, we provide:

¢ In Section B, we further elaborate on the motivation and
intent behind our current work;

* Section C provides the pseudocode for the KB-fisheye
model-based forward rendering and backward gradient
propagation algorithm mentioned in Section 3.2.2 of the
main text; We further provide an intuitive mathematical
analysis explaining why regions with strong distortion
tend to produce extremely anisotropic Gaussians men-
tioned in Section 3.3.

e In Section D, we present a comparative analysis of
Fisheye-GS, 3DGUT, SC-GS, and our method on the
Den-SOFT dataset, along with a more detailed evaluation
of the three approaches;

 In Sections E and Section F, we discuss the performance
of our method with larger batch sizes and its time effi-
ciency, respectively;

¢ In Section G, we address the limitations of this work.

Additionally, we include a supplementary video that

demonstrates the workflow and related visualizations, fea-

turing more qualitative comparisons, demonstrations in VR,
and more. Please see our video for details.

B. Reiterate Our Contributions and Insights:

1. KB Fisheye Model Integration: We are the first to intro-
duce KB-model-based rasterization and back-propagation
into 3DGS without replacing the efficient splatting with rel-
atively heavy ray-tracing. This eliminates the need for fish-
eye image pinhole/equivalent undistortion (3DGS/Fisheye-
GS), which will loss boundary pixels and sacrifice details
by simple bilinear-interpolation. Our method supports na-
tive fisheye inputs and thus laying the groundwork for hy-
brid reconstruction with different camera types.

2. Cross-View Joint Optimization (CVO): Our key in-
sight is that overlapping views from different cameras nat-
urally form a stereo setup, providing stronger 3D consis-
tency constraints. Although works like DBAREF also estab-
lish camera relationships, they mainly relies on feature over-
lap. For training explicit Gaussian primitives shared across
views, we argue that beyond feature overlap, angular diver-
sity is also crucial: Exploiting cross-view correlations can
significantly reduce ambiguity by optimizing not only the
shape of individual Gaussian but also the distribution of all
Gaussians in 3D space. To our knowledge, this idea is ab-
sent in concurrent 3DGS works. This implementation does

not rely on COLMAP, and if better methods (e.g.,VGGT)
can provide more robust and accurate feature matching in-
formation between cameras, these could also be used to fur-
ther improve camera graph accuracy and thus improve the
overall performance.

In summary, our work (i) introduces the KB projection
model for native fisheye input without sacrificing the ras-
terization’s advantages in 3DGS, and (ii) proposes CVO
for improving the overall reconstruction quality especially
around view-overlapping areas. Our method is orthogo-
nal to pinhole-based approaches and can be combined with
them to further improve performance.

C. Details of Forward Rendering and Gradient
Calculation Algorithm

Algorithm 2 Forward Rendering

Input: Gaussian parameters {;, X, ¢;, o;}Y |; camera
extrinsic W; camera intrinsic K
Output: Rendered fisheye image I
1: foreachi € [1, N] do
2 feam — Wl
3: 04 <+ Kannala-Brandt (arctanw>
4

Heam, =
Hp; < f(ﬂcam>0d)
model
S (W)X (W) T
end for
I < AlphaBlending(s,, 227, ¢, )
return /

> JF is the fisheye projection

® W

Algorithm 3 Backward Gradients Calculation

Input: Renderloss : L, camera extrinsic W,
camera intrinsic K
Output: Gradients of Gaussian parameters
1: for each i € [1, N] do
2 Ve, VE2P Yy, = Diff(L)
3 VD = (W) (VEP)(W Jp)
> Gradient propagation to 3D

4: Vu; < GradientPropagation(Vp,,,, W, K; Vc;; VJp)

> Gradient propagation to 3D & Chain rule
5: Vs;, Vr; < GradientPropagation(VX;)
> Chain rule to find derivatives w.r.t. scaling and
rotation
6: end for
return Vu, Ve, Vs, Vr
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Figure 7. Toy experiment showing that strong fisheye distortion
causes unstable and anisotropic Gaussian optimization near image
boundaries.

Here, we provide an intuitive mathematical analysis ex-
plaining why regions with strong fisheye distortion tend to
produce extremely anisotropic Gaussians during optimiza-
tion. We analyze Gaussian shape optimization by examin-
ing the gradients of the covariance matrix as an example.

As shown in Eq. (7), the fisheye projection Jacobian Jy
is a highly nonlinear function of the camera-space coordi-
nates (Z., Y, z¢), involving the distorted incident angle 6,
its derivative 6’,, and higher-order terms of the radial dis-
tance d and depth z.. These factors jointly induce view-
dependent scaling and anisotropy in the Jacobian, whose
structure varies significantly with the incident angle.

During  back-propagation  (Algorithm  3),  the
3D covariance gradient is given by V3 =
(WJg)T(VE2P)(WJy), indicating that the nonlin-
ear Jacobian introduced by the fisheye model directly
modulates the covariance update. In regions with large
distortion (i.e., large incident angles), the Jacobian exhibits
strong view-dependent anisotropy, leading to unbalanced
gradients across views. In contrast, near the image center
the Jacobian smoothly degenerates toward the pinhole case,
resulting in more stable and nearly isotropic optimization.

We further illustrate this effect with a toy experiment
(Fig. 7). Three spheres with identical radii are rendered
into multiple fisheye images and fitted using three Gaus-
sian primitives. The results show that the central Gaus-
sian preserves isotropic scale during optimization, whereas
the peripheral Gaussian (blue) is pulled by nonlinear, view-
dependent gradients, leading to unstable optimization and
extreme shape deformation.

These analysis helps explain the optimization instability
observed near fisheye image boundaries.

D. More Quantitative and Qualitative Com-
parison Results & Analysis

We present test-view comparison results on the FisheyeN-
eRF dataset in Table 8 and additional qualitative com-
parisons on the Den-SOFT dataset in Fig. 9, together
with further analysis of the performance differences among

3DGUT

Figure 8. Toy experiment illustrating the behavior of our method
and 3DGUT at fisheye image boundaries. We place a blue sphere
in 3D space and render multi-view fisheye images as ground truth.
Reconstruction results using 3DGUT and our method are shown
above. Our method achieves more accurate fitting near the im-
age boundaries and avoids mosaic-like artifacts, while 3DGUT ex-
hibits degraded geometry under strong distortion.

Fisheye-GS, 3DGUT, SC-GS, and our method.

Fisheye-GS requires preprocessing to convert raw fish-
eye images into ideal equidistant fisheye projections as
ground truth. For datasets with more severe distortions, this
preprocessing leads to greater information loss (e.g., visible
black borders and reduced effective resolution, stretching-
induced loss of high-frequency details). As a result, al-
though Fisheye-GS may obtain slightly higher numerical
scores in some cases (e.g., Table 1), qualitative results
(Fig. 5 and the supplementary video) better reflect the
reconstruction quality, showing noticeable degradation in
high-frequency details.

Among the remaining methods, 3DGUT is the closest
to ours in performance. For a fair comparison, we fol-
low the same six ScanNet++ scenes used in 3DGUT (Ta-
ble 2). On two compact and highly reflective indoor scenes
(IDs: 0a5c013435 and d415cc449b), 3DGUT slightly out-
performs our method, which is consistent with its ray-based
formulation that is more robust to localized lighting and
specular effects and is not the primary focus of this work.
In the other scenes and datasets, however, our method con-
sistently achieves higher reconstruction quality.

Although both DirectFisheye-GS and 3DGUT adopt
similar nonlinear projection models, their approaches tar-
get fundamentally different goals. 3DGUT augments 3DGS
with ray tracing via the Unscented Transform (UT), es-
timating projected Gaussian’s mean and covariance using
seven sigma points. This sampling-based formulation im-
proves robustness in light-intensive or reflective scenes,
but under strong fisheye distortion, particularly near im-
age boundaries or on datasets with larger distortion such
as Den-SOFT, this limited sampling may fail to capture lo-
cal anisotropy. As a results, the estimated covariances may
vary discontinuously across neighboring pixels, leading to
blurred details, and mosaic-like artifacts (see Fig. 5, Fig. 9,
and Fig. 8, supp.video 2:43, 2:58...).

In contrast, our analytic Jacobian formulation propagates
Gaussian covariance through the Kannala—Brandt fisheye
model in a continuous manner, enabling more stable co-



Table 8. Per-scene results of our method and related state-of-art works on the FisheyeNeRF [12] Dataset (Test View). ** Fisheye-GS still
need to pre-process data before training.

FisheyeNeRF

Globe

Rock

Cube

Flowers

Heart

Chairs

Average

SSIMT PSNRT LPIPS| SSIM{ PSNRT LPIPS| SSIM{ PSNRT LPIPS| SSIM{ PSNRT LPIPS| SSIM{ PSNRT LPIPS| SSIM{ PSNRT LPIPS| SSIM{ PSNR{ LPIPS|
Fisheye-GS** | 0.7942 23.4159 0.2667 0.7539 24.4696 02575 0.7826 24.4171 0.2948 0.6843 21.5505 0.2901  0.7843 23.6402 03108 0.6540 18.6131 0.4262 0.7422 22.6844 0.3077
3DGUT 0.7790  24.0800 0.3420  0.7320 24.1400 0.3130 0.7630 243140 0.3690 0.6550 21.3070 0.3690  0.7730 23.6490 0.3930 0.8520 24.6950 0.3070  0.7590 23.6975 0.3488
Self-Cali-GS 0.7443 221169 04273  0.6799 22.2834 04777 0.7414 224269 04573 0.5868 19.5231 0.5212 0.7907 22.3154 03788 0.7710 20.9594 0.3535 0.7190 21.6042  0.4360
Ours 0.7937 24.0818 0.2423 0.7480 24.5222 0.2495 0.7755 244438 02758 0.6826 21.7037 0.2776 0.7798 23.5701 0.2899 0.8620 25.0001 0.2185 0.7736 23.8870  0.2589

Table 9. Cross-view joint optimization (CVO) under pinhole inputs of Tanks & Temples [ 18] Dataset.
drjohnson playroom train truck
Method SSIMT PSNRtT LPIPS| SSIM{T PSNRT LPIPS| SSIM{T PSNRT LPIPS| SSIM{T PSNRT LPIPS|
3DGS 09012 29.4539  0.2448  0.9027 30.0726 0.2482  0.8093 22.3197 0.2171  0.8780 25.6492  0.1576
3DGS +random select  0.8975  29.4017 02434 09009 30.0162 0.2453  0.8182 22.3985 0.2031 0.8824 25.8986 0.1484
3DGS + CVO 0.9024 29.5530 0.2413  0.9083 30.3675 0.2466  0.8250 22.7337 0.2010 0.8872 259716 0.1466

Table 10. Performance comparison with varying batch sizes on
Scene:Ruziniu in Den-SOFT dataset.

Batchsize PSNR LPIPS Time (min) APSNR/ATime
1 23.7717  0.2232 38.87 -
2 24.0154 0.2139 62.43 1.0344%
3 24.1583  0.2102 89.83 0.5215%
4 242262 0.2077 129.52 0.1711%
5 24.2896  0.2051 160.92 0.2019%

variance updates under large distortion. Combined with the
CVO strategy, our method achieves sharper edges, smoother
a-blending, and better cross-view geometric consistency,
showing generality and effectiveness even in dataset like
Den-SOFT (Table 3, Fig. 9), which exhibits more severe
distortion, larger spatial coverage, and more challenging in-
the-wild conditions (complex lighting, occlusions).

Finally, while numerical metrics between the two meth-
ods can be close in some scenes, qualitative results in our
figures and videos show that our method preserves finer
structures and sharper boundaries, further demonstrating
the effectiveness of DirectFisheye-GS.

E. About Larger Batch-Size

In our experiments, the top-batchsize (defined in Line.332)
is set to N = 2. Increasing N improves performance, but
it also significantly raises the training time. For example,
when N = the number of training images, the view selection
strategy becomes irrelevant. We computed the trade-off be-
tween performance gain and training time for top-batchsizes
N = 1—5 over 30k iterations as shown in Table 10.

While increasing N results in better performance, the
most significant improvement happens when moving from
N=1—2—shifting from monocular to stereo supervision.
This transition is conceptually important.

Table 11. Comparisons of computational costs for methods sup-
porting native fisheye inputs. All methods are evaluated on a single
NVIDIA A100 GPU.

Method Ours 3DGUT Self-Cali-GS
Training-Time (h) 0.395  0.404 3.333
Rendering-Speed (FPS) 77 55 31

F. Computational Cost

We compare our method with two approaches that support
native fisheye input (others require preprocessing). Us-
ing the ScanNet++_8d563fc2cc scene as an example, our
method achieves both the best reconstruction quality (refer
to Table 2) and computational efficiency as shown in Ta-
ble 11.

G. Limitations Discussion

A primary limitation is that CVO’s performance gain is not
significant under complex lighting conditions. While it ben-
efits optimization of view-dependent attributes (SH) of the
same Gaussian, further modeling of complex effects like re-
flection and refraction is needed under the Splat-paradigm.
More precisely model complex reflectance and anisotropy,
advanced view-dependent modeling(e.g.,light reflection di-
rection modeling) would be valuable future work.

Another promising work is that CVO uses multi-view
feature correspondences (from COLMAP) to group over-
lapping views. It improves reconstruction in most areas
and does not degrade performance in sparse-texture regions.
However, truly super-challenging zones are already difficult
for 3DGS, calling for improved representation and semantic
constraints, which we leave for future work.
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Figure 9. Qualitative comparison on Den-SOFT [47] dataset. Our method achieves the best results in both indoor and outdoor large-scale
scenes.
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Figure 10. Qualitative comparison of ablation studies on cross-view joint optimization (CVO) with fisheye or pinhole camera inputs.
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