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In this supplement, we initially embarked on ablation ex-
periments to conduct different hyperparameter configura-
tions. In addition, we have unveiled a more expansive array
of examples derived from the dataset, accompanied by more
visualized results for comparison.

Additional Ablation Study

Within the context of the Location-aware Reflection Extrac-
tion (LRE) module, we conducted an ablation experiment to
scrutinize the effect of varying the number of deformable at-
tention blocks. As shown in Table 1, it was discerned that the
performance was suboptimal with a singular block, demon-
strating the least efficacy. Conversely, an incremental eleva-
tion in the number of blocks progressively enhanced perfor-
mance. Remarkably, the optimization reached its peak with
four blocks, beyond which the addition of further blocks
(such as increasing the number to 6) ceased to contribute
to any discernible augmentation in performance.

#Blocks \ IoUt  Accuracy BER| MAE]

1 0.795 0.896 10.16  0.103
2 0.798 0.897 9.91 0.101
4 (Ours) | 0.802 0.899 9.54 0.099
6 0.799 0.899 9.78 0.100

Table 1: Ablation analysis of the number of MDA blocks.

In Table 2, the results reveal that a single Temporal Trans-
former Block (TTB) and a single Spatial Transformer Block
(STB) exhibit the best performance. Intriguingly, an escala-
tion in the number of blocks (such as an increase to two)
does not culminate in a perceptible performance enhance-
ment, indicating a saturation point in the efficiency gains
achievable through this parameter.

In the original manuscript, the sequence is such that TTB
precedes STB (as represented in Table 3 by “TTB+STB”).
In this study, we opted to invert the order of these two blocks
(denoted in Table 3 as “STB+TTB”). The results of this al-
teration demonstrate that the permutation of the sequence
does not substantially influence the performance, signifying
the robustness of our model.

#Blocks ‘ IoUT  Accuracy? BER| MAE]

1 (Ours) | 0.802 0.899 9.54 0.099
2 0.798 0.898 9.94 0.102

Table 2: Ablation analysis of the number of TTB and STB
blocks.

Models | IoUT  Accuracyt BER| MAE]

STB+TTB 0.801 0.900 9.60 0.099
TTB+STB (Ours) | 0.802 0.899 9.54 0.099

Table 3: Ablation analysis of the order of TTB and STB
blocks.

Additional Visual Results

In this section, additional insights are provided into our
VGSD-D dataset, along with the comparison with state-of-
the-art techniques. Fig. 1 displays more examples of daily
scenes. Meanwhile, Fig. 2 illustrates how our method stands
against leading approaches in the following areas: salient ob-
ject detection (MINet (Pang et al. 2020)), video salient ob-
ject detection (UFO (Su et al. 2023)), semantic segmentation
(SAM (Kirillov et al. 2023)), video shadow detection (SC-
Cor (Ding et al. 2022)), video mirror detection (VMD (Lin,
Tan, and Lau 2023)), glass detection (GlassNet (Lin, He, and
Lau 2021), PGSNet (Yu et al. 2022)).

In the second scene of visual results of Fig. 2, a particu-
larly challenging case is illustrated, where the boundaries of
the glass are not distinctly delineated, rendering the iden-
tification of the corresponding glass area based solely on
the edges unfeasible. Our methodology adeptly capitalizes
on the reflection information from the glass surfaces across
various images within the video sequence, yielding more ac-
curate glass surface segmentation results.
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Figure 1: Visual display of several proposed Video Glass Surface Detection dataset examples.
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Figure 2: Qualitative comparison of selected state-of-the-art methods and our approach.
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