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3D Gaussian Splatting with Self-Constrained Priors
for High Fidelity Surface Reconstruction

Supplementary Material

1. Implementation Details

We follow 3DGS [2] in experimental setting. We adopt
the same optimization schedule to train 30000 iterations
with Adam optimizer and start from randomly initialized
Gaussian attributes. The TSDF grid f* is updated every
5000 iterations up to iteration 20000. The bandwidth scal-
ing is set to 1,0.5,0.25 in each updated f?, respectively.
We enable Lgcp at 10000 iteration and use a decision
threshold 6° = 0.3 on f? to label Gaussians for Lgcp. All
experiments run on a single NVIDIA RTX 4090 GPU.

2. Optimization Details

Rendering Losses. During rendering optimization, we su-
pervise the learning of 3D Gaussians using a unified image
reconstruction loss Lrgp, which comprises three compo-
nents: a MAE loss L4 g that constrains pixel-level differ-
ences, a SSIM loss Lggras that preserves structural consis-
tency, and a NCC loss L ¢ ¢ that enforces multi-view con-
sistency. Together, these terms enable the model to achieve
accurate color reconstruction, maintain structural fidelity,
and ensure geometric consistency across views.

Lrgp = (1 - 6)LJMAE(Ugt7 Upred) + ﬁLSSIM(Ugh 'UpTed)

+ (1 - LNCC’ (Ur(hr)a Un(Hrmhr))) 3

(D
where (3 is the balance weight. vy and vp,.q denote the
ground-truth and rendered views, respectively. v, and v,
represent the reference and target views. h, is the homo-
geneous pixel coordinate in the reference view, and H,.,, is
the corresponding homography matrix.
Signed Distance Inference for 3D Gaussians. As de-
scribed in Sec. 3.1, unlike previous methods that fit an
implicit field from Gaussian points, we predict the signed
distance for each Gaussian point ¢; = [z, y;, 2;] using the
implicit prior ft. We efficiently interpolate the distance us-
ing trilinear interpolation,

ft(qi) = ap + a1x; + asy; + asz; + aqx;Y;
+ asTiz; + acYizi + arx;Yizi,

2

where {ag,...,a7} are the interpolation weights of the
TSDF grid vertices surrounding g;.

3. More Comparisons and Results

In this subsection, we conduct additional ablation studies on
the DTU dataset under the default parameter settings and

provide more visual results and comparisons on both syn-
thetic and large-scale scene datasets.

Effect of Opacity Constraint Threshold. We analyze the
effect of the opacity constraint threshold 4% on splitting 3D
Gaussians into on-surface and off-surface subsets. Specifi-
cally, we add noise to surface points to evaluate the accuracy
of f* under different thresholds. We set 6¢ to 0.7, 0.5, 0.3,
and 0.1, respectively. As shown in Fig. 1, a lower value of
d* makes Gaussians more sensitive to be classified as off-
surface points, while the higher ones relaxes the threshold
but decreases the supervision accuracy. We further visual-
ize the Gaussian classification results of f* under different
settings. When &° is set to 0.1, most on-surface points are
incorrectly labeled as outliers. In contrast, f t tends to label
outliers as surface points as §* is higher than 0.3. To balance
robustness and accuracy, we set §° to 0.3 by default.

Visual Comparisons on NeRF-Synthetic. = We provide
additional comparisons in Fig. 2. compared with implicit-
field-based approaches (GS-Pull [4] and GS-UDF [3]),
our method reconstructs more complete surfaces in open-
surface scenarios. In contrast to TSDF based methods
(QGS [5] and PGSR [1]), our approach leverages geomet-
ric priors to better preserve edge structures and reduce out-
liers and truncation artifacts on the boat hull or plate. Our
method also recovers local details in scenes with complex
textures. We further provide serial rendering visualization
and evaluation in our video.

Visualization on DTU. We also present qualitative results
on the DTU dataset in Fig. 3. As shown in Fig. 3, our
method recovers more accurate surfaces in regions with
complex geometric topology and maintains consistency
across various open scenes.

Visualization on TNT and Mip-NeRF 360. We further
validate the geometry inference and novel view rendering
performance for our method on large-scale scenes (TNT
and Mip-NeRF 360) in Fig. 4 and Fig. 5. As shown in
Fig. 4, our method recovers accurate geometric structures
in both complex indoor and outdoor environments. More-
over, we produce high-fidelity rendered views under low-
texture regions and challenging lighting conditions in Fig. 5.

4. Optimization Terms Explanation

Mean Absolute Error (MAE). SSIM evaluates the percep-
tual similarity between two views considering contrast and
structure. Given the ground-truth view vy, and the predicted
View vUpred, the MAE loss computes the average absolute
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Figure 1. Effect of Opacity Constraint Threshold.

085 pixel-wise difference and is formulated as, 6. Video 107

086 Lvag(Vgt, Vpred) = |Vgt — Upred- 3) We provide a video containing the visualizations on all 108
NP f 1 ials. 1

087 Structural Similarity (SSIM). SSIM evaluates the percep- datasets as a part of our supplementary materials 09

088 tual similarity between two views considering luminance,

089 contrast, and structure. Given the ground-truth view vy; and

090 the predicted view vp,q, the SSIM is defined as,

(Q,Ugt,upred + Tl)(QO'gt,pred + TQ)
/J’gt + luzgn“ed + Tl)(agt + J]?)red + T2) ’

LSSIM('Ugta Up'r‘ed) = (

091 4)
092 where jig; and fi,cq are means, o, and o7, ; are the vari-
093 ances, 0g¢ pred 1S the covariance between vg¢ and vVpreq, 11
094 and 75 are constants.

095 Normalized Cross-Correlation (NCC). NCC measures
096 the linear correlation between two views after removing
097 their mean intensities. Given the ground-truth view vy, and

098 the predicted view vpyq, the NCC is defined as,

N (1) (1)
. (% 1% (% Upre
LNCC (’Ugt7 Upred) Z’L_l( gt gt)< pred L d)

B N (i N (i
\/Zi=1(v§? - /l’gt)z\/Zizl(vgr)ed = Hpred)?

)

099 5)
100 where 1 is the pixel index and NV is the total number of pix-
101 els. jig: and fiprq denote the mean intensities of all pixels
102 in vy and vp,eq, TESpectively.

103 5. Codes

104 We provide a demonstration code as a part of our supple-
105 mentary materials. We will release the source code and data
106 upon acceptance.



CVPR CVPR

CVPR 2026 Submission #. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

GS-Pull GS-UDF PGSR Ours

3 ]

Figure 2. Visual Comparisons on NeRF-Synthetic Dataset.
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Figure 3. Visual Compg{isons on DTU Dataset.
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Figure 5. Rendering Visualization on Mip-NeRF 360 Dataset.
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