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In the supplementary materials, we present comparative
detection results and visualization analysis for our frame-
work (ILLUME) and the state-of-the-art [4].

1. Additional Detection Examples

We present additional comparative detection results in
Figure S1 for the state-of-the-art and ILLUME. The de-
tection results are shown on the target domain (Foggy
Cityscapes) [0] for the weather adaptation task. We can
see the improved detection performance using our frame-
work. The instances are successfully detected even in ex-
treme weather conditions (foggy weather) as compared to
state-of-the-art where most of the instances remain unde-
tected due to domain gap between source (Cityscapes) [1]
and target data (Foggy Cityscapes) [0].

In Figure S1, we can see instances such as train and per-
son that are successfully detected using [ILLUME. As can be
seen in the first row of the figure, where the train instance
(right side of image) is correctly detected using ILLUME,
while state-of-the-art misses it. Also, in the third row, we
can see that state-of-the-art fails to detect multiple bicycle
instances as compared to our detection results where multi-
ple bicycles (on the left of the image) are detected success-
fully. Similarly in other comparative examples in the figure,
we can see that most instances like persons or cars remain
undetected in the state-of-the-art results mostly due to do-
main gap (foggy weather); in contrast, they are correctly
detected using ILLUME. This proves the effectiveness of
our method (ILLUME) to improve detection performance as
it focuses on enhancing important instances in the images.

2. Visualization Analysis

In Figure S2, we present a detailed qualitative visual-
ization analysis of the enhanced features using our method
(ILLUME) compared with state-of-the-art. We use target
samples from the Foggy Cityscapes dataset [6] (weather
adaptation task) for this analysis. These features are the

transformed features, which are the output of the detection
backbone network. A clear comparison can be seen be-
tween state-of-the-art and ILLUME. Our method correctly
highlights important instances in the image, like car or bike
which are missed by [4]. As seen in the second and third
rows, many instances are missed in the feature maps of
state-of-the-art, or inaccurately highlighted or enhanced, as
seen in the first row. In contrast, our methods enhances
the objects of interest as required, and hence does not miss
them. The enhanced features depict the effectiveness of our
method to transform features such that only important in-
stance features would be considered by Faster R-CNN [5]
to learn domain-invariant features essential for alignment.
In our paper, we also perform similar visualization analy-
sis for two different domain adaptation tasks: (1) Weather
Adaptation (Cityscapes [1] to Foggy Cityscapes [0]); and
(2) Dissimilar Domain Adaptation (Pascal VOC [2] to Cli-
part [3]), in Sections 4.4 and Figure 3. It is worth noticing
that visualizations for both source (Cityscapes) and target
(Foggy Cityscapes) instances are similar irrespective of the
domain gap, as shown in Figure 3 of our main paper. These
results also corroborate the claim of our method’s effective-
ness in aligning the instances well with improved enhance-
ment of the feature maps — thereby improving detection per-
formance.

References

[1] Marius Cordts, Mohamed Omran, Sebastian Ramos, Timo
Rehfeld, Markus Enzweiler, Rodrigo Benenson, Uwe Franke,
Stefan Roth, and Bernt Schiele. The Cityscapes Dataset for
Semantic Urban Scene Understanding. In Proceedings of the
IEEE Conference on Computer Vision and Pattern Recogni-
tion (CVPR), June 2016. 1

[2] M. Everingham, L. Van Gool, C. K. I. Williams, J. Winn, and
A. Zisserman. The Pascal Visual Object Classes (VOC) Chal-
lenge. International Journal of Computer Vision, 88(2):303—
338, June 2010. 1

[3] Naoto Inoue, Ryosuke Furuta, Toshihiko Yamasaki, and Kiy-
oharu Aizawa. Cross-Domain Weakly-Supervised Object De-

WACV
#1217

054
055
056
057
058
059
060
061
062
063
064
065
066
067
068
069
070
071
072
073
074
075
076
077
078
079
080
081
082
083
084
085
086
087
088
089
090
091
092
093
094
095
096
097
098
099
100
101
102
103
104
105
106
107



WACV WACV
#1217 #1217
WACYV 2022 Submission #1217. 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 i
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
145 199
146 200
147 201
148 202
149 203
150 204
151 205
152 206
153 207
154 208
155 209
156 210
157 a) State-of-the-art b) Ours (Illume) 211
158 Figure S1. Comparative Detection Results: Improved detection performance can be seen using our method (ILLUME), compared to 212
:gz state-of-the-art [4] that fails to detect instances like train in first row, bicycles in third, and persons or cars in other. 2:2
161 215



WACV WACV

#1217 #1217
WACYV 2022 Submission #1217. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

216 270
217 s 271
218 1 272
219 2 273
220 274
221 275
222 276
223 277
224 278
225 279
226 280
227 281
228 282
229 283
230 284
231 285
232 286
233 287
234 288
235 289
236 290
237 291
238 a) Target samples b) Ours (Illume) c) State-of-the-art 292
239 293
240 Figure S2. Visualization Analysis : Visualizations of transformed features using our ILLUME method that enhances important instances 294
a1 §uccessfully. On the other hand, the st.ate—of—the—art [4] inaccurately highlights instances as seen in the top row, as well as misses important 295
249 instances as seen in the second and third rows. 296
243 297
244 298
245 tection Through Progressive Domain Adaptation. In Proceed- 299
246 ings of the IEEE Conference on Computer Vision and Pattern 300
247 Recognition (CVPR), June 2018. 1 301
248 [4] Shuai Li, Jiangiang Huang, Xian-Sheng Hua, and Lei Zhang. 302
249 Category dictionary guided unsupervised domain adaptation 303
250 for object detection. In Proceedings of the AAAI Conference 304
on Artificial Intelligence, volume 35, pages 1949-1957, 2021.
251 1,2,3 305
252 [5] Shaoqing Ren, Kaiming He, Ross Girshick, and Jian Sun. 306
253 Faster R-CNN: Towards Real-Time Object Detection with Re- 307
254 gion Proposal Networks. IEEFE transactions on pattern anal- 308
255 ysis and machine intelligence, 39(6):1137-1149, 2016. 1 309
256 [6] Christos Sakaridis, Dengxin Dai, and Luc Van Gool. Seman- 310
257 tic Foggy Scene Understanding with Synthetic Data. Inter- 311
258 national Journal of Computer Vision, 126(9):973-992, 2018. 312
259 1 313
260 314
261 315
262 316
263 317
264 318
265 319
266 320
267 321
268 322
269 323



