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015 1. Semantic Side-Path 069
016 We adopt ResNet50 [7] with multi-grid method [3] as our semantic side-path and train it on the collected semantic an- 070
017 notations as we mentioned in the main paper. Here we provide more details about the collection procedure of the semantic 071
018 annotations. 072
019 To train the semantic side-path, we have collected 4,746 training samples containing pixel-wise semantic annotations for 073
020 the large-scale mirror detection dataset, PMD [9]. We choose to collect the semantic annotations of PMD dataset [9] for the 074
021 following considerations: 075
022 076
023 * Diversity. The diversity of PMD dataset [9] is much higher than MSD dataset [15] according to the statistics reported 077
024 by Lin et al. [9]. It indicates that more complex scenes and common objects are captured in the images, which 078
025 definitely involves stronger semantic associations between objects. We believe that this undoubtedly can enhance 079
026 model’s robustness as more cues are exposed by exploring the semantic associations. 080
027 081

* Lower the expense. Since PMD dataset [9] is collected from six public datasets [19, 20, 13, 2, 14, 12, 1], while most

gzg of then.l [19, 20, 13, 2, 14, 12]. contain pixel-v&./is.e semantic annotations. As a result, we can lower our expense by g:§
630 extracting the semantic annotations from the existing datasets. 083
031 However, we notice that different datasets may involved different categories. For example, COCO dataset [10] contains 085
032 80 object categories and 91 stuff categories, while ADE20K [19, 20] has up to 3K object categories, which may cause 086
033 inconsistent problems if use these labels without any pre-process. As a result, we manually unified the categories across 087
034 different datasets and, at the end, we have manually selected the top 24 classes mainly based on the frequency of occurrence 088
035 as foreground and regarded the other classes as background. So, there are totally 25 classes in our semantic annotations set. 089
036 Figure 1 presents one example. It can be seen that the semantic annotations may be inaccurate when encountering mirrors, 090
037 for example, the reflected person is not considered as a part of mirror. Fortunately, the semantic maps usually expose rich 091
038 contexts and our method can handle the complex cases successfully by exploiting semantic knowledge and associations. We 092
039 post more results in Figure 2. 093
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051 Figure 1. Semantic Annotations, GT and our model’s predictions. 105
052 106
053 107



CVPR CVPR

#1159 #1159
CVPR 2022 Submission #1159. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

108 162
109 163
110 164
111 165
112 166
113 167
114 168
115 169
116 170
117 171
118 172
119 173
120 174
121 175
122 176
123 177
124 178
125 179
126 180
127 181
128 182
129 183
130 184
131 185
132 186
133 187
134 188
135 189
136 190
137 191
138 192
139 | - 193
140 - - = 194
141 195
142 196
143 ' 197
144 198
145 ‘ K ‘ k. r A i 199
146 1 200
147 | 201
148 : 202
149 203
150 : 3 ! : F' ' | ¢ 204
151 o : M ' | M 205
152 ' P ' 4 ' 206
153 207
154 Input Semantic Annotations GT SP ours 208
155 mirror @M wall [l door MEMSsink | person countertop M towel [ light M ceilling floor mmm window cabinet 209
156 N toilet WM bed M shelf mwchair WEE painting I car M curtains mm plant pm cat tv EEroad M sky [ background 210
157 211
158 Figure 2. Semantic Annotations, GT and our model’s predictions. 212
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216 2, More Visual Results 270
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218 2.1. Mirror Detection Results of images from internet 272
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267 321
268 Figure 3. Visual comparison on images from internet. In general, our model can be more robust in real-world scenes. 322
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Figure 4. Visual Comparison on PMD [9]. 430
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2.2. Mirror Detection Results of images from datasets

GloRe [5] PSPNet [17]
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22? 3. Statement and Acknowledgement :Z:
542 3.1. Licenses of Assets 596

4 . . . . . . . . . .. 7
242 PMD dataset [9]. Since the images in PMD are collected from six public datasets, all the images inherit their original 228
sa5 datasets’ licenses. The annotations of PMD are licensed under a BSD 3-clause License and only be used for non-commercial 599
. purposes. We access to this dataset via https://Jjiaying.link/cvpr2020-pgd/. 500
47 MSD dataset [15]. You may access to the content of license adopted by this dataset in https://github.com/ 601
. Mhaiyang/ICCV2019_MirrorNet. The name of license is not clear. 602

RGBD dataset [11]. We access to this dataset via ht tps://mhaiyang.github.io/CVPR2021_PDNet/index,
549 . .. ’ . 603
where you may find the "Terms and Conditions” for this assets.

2:3 Image§ from internet. We collect some examples from inter.ne't to evgluate our model. We collect these images manually gg:
s5o by searching some keywords on Google. We try our best to avoid involving any personal data. 506
553 3.2. Protection on Personal Data/Human Subjects 607
Zg: We highly respect the privacy of personal data/human subjects. This work involves a number of images, which raise a risk Zgg
556 of privacy leak. We carefully check our materials and may use blur technique to protect the privacy of personal data/human 610
557 subjects. 611
558 3.3, Others 612
559 613
560 We will release our code and results once the paper is accepted. 614
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