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Supplementary Materials

Appendix A Optimization

The final loss function used for LumenGSLAM optimization is a weighted sum of
photometric, depth and tissue-consistency terms:

L = λphoto Lphoto + λdepth Ldepth + λtissue Ltissue, (A1)

where λphoto, λdepth, and λtissue are scalar weights controlling the relative contribution
of each term.

The photometric loss enforces consistency between the rendered image Ĉ(u),
obtained from the Gaussian map, and the corresponding ground-truth RGB frame
C(u) from the selected keyframe. It combines a pixel-wise L1 term, promoting accurate
color alignment, with a Structural Similarity (SSIM) term that captures perceptual
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similarity by comparing local luminance, contrast, and structural patterns:

Lphoto =
∑
u

[
0.8 |Ĉ(u)− C(u)|+ 0.2

(
1− SSIM(Ĉ(u), C(u))

)]
, (A2)

where λssim controls the relative contribution of the SSIM component.
The depth loss compares the rendered depth map D̂(u) with the ground-truth

depth D(u). A pixel-wise Huber loss is adopted, behaving quadratically for small
residuals and linearly for large ones, thereby increasing robustness to outliers and
sensor noise:

Ldepth(D̂(u)−D(u)) =

{
1
2 (D̂(u)−D(u))2, if |D̂(u)−D(u)| ≤ 0.2,

0.2 |D̂(u)−D(u)| − 1
2 (0.2)

2, otherwise.

(A3)
The tissue-consistency loss, adapted from [1], promotes local similarity among

neighboring Gaussians in terms of albedo ai, roughness ri, and base reflectivity F0,i,
by penalizing deviations from their mean values across all N active Gaussians:

Ltissue =

N∑
i=1

(ai − ā)2 +
N∑
i=1

(ri − r̄)2 +
N∑
i=1

(F0,i − F̄0)
2. (A4)

Appendix B Timing analysis

Table B1 reports the runtime analysis of all the considered online approaches. The
reported values account for the entire processing pipeline of each method, including
tracking, mapping, optimization, and rendering stages whenever applicable.

For the proposed LumenGSLAM, we provide results both with and without the
PBR module, which represents the most computationally demanding component of
the pipeline. This comparison allows us to explicitly quantify the overhead introduced
by physically-based rendering. We expect that a more efficient PBR implementation,
achieved through direct integration into the CUDA-based rasterizer, could significantly
reduce the computation time and further improve runtime performance.

Additionally, it is worth noting that all evaluated methods achieve a rendering
speed higher than 100 FPS, ensuring real-time visualization performance across all
configurations.
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Table B1: Runtime performance comparison across online
methods.

Method Runtime Performance (s/frame)

OnlineEndoTrack 2.00
MonoGS (online) 0.91
GaussianSLAM 1.70
EndoGSLAM 0.50

LumenGSLAM (without PBR) 0.70
LumenGSLAM (with PBR) 1.40

Fig. B1: Qualitative tracking results on C3VD (first row), C3VD (every 5) second
row and SCARED (last row). GT trajectory is shown in green, LumenGSLAM (PnP)
in red, LumenGSLAM (Ph) in blue, GaussianSLAM in purple, MonoGS in cyan, and
EndoGSLAM in yellow.
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Fig. B2: Qualitative Rendering results on trans t2 c and sigmoid t2 a sequences of
C3VD on the first 2 rows and d1 key1 and d6 key3 of SCARED in the last two rows.
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