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Domain Adaptation Object Detection
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§ Unsupervised Domain Adaptation
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v' Goal: Achieving good performance on the target domain.
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Figure 2. An overview of our Domain Adaptive Faster R-CNN model: we tackle the domain shift on two levels, the image level and the
instance level. A domain classifier is built on each level, trained in an adversarial training manner. A consistency regularizer is incorporated
within these two classifiers to learn a domain-invariant RPN for the Faster R-CNN model.
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Figure 3. Proposed Network Architecture. Our method performs strong-local alignment by a local domain classifier network and weak-
global alignment by a global domain classifier. The context vector is extracted by the domain classifiers and is concatenated in the layer
before the final fully connected layer.
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Figure 2: Overview of our SCL framework. More details please refer to Section 2.
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Figure 2. Overview of the proposed feature adaptation framework. We address the problem of domain shift on foreground regions by coarse-
to-fine scheme with the ART and PSA modules. First, we utilize the attention map learned from the RPN module to localize foregrounds.
Combined with multiple domain classifiers, the ART module puts more emphasis on aligning feature distributions of foreground regions,
which achieves a coarse-grained adaptation in a category-agnostic way. Second, the PSA module makes use of ground truth labels (for
source) and pseudo labels (for target) to maintain global prototypes for each category, and delivers fine-grained adaptation on foreground

regions in a category-ware mode.
Liotal = Laet + MLarT + A2Lpsa
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Algorithm 1: D-adapt Training Pipeline.

input : Source domain D, and target domain D,

number of iterations I’

output: Cross-domain object detector G

initialize the object detector Gt by optimizing with ﬁ‘fft;
fort < 1to T do

end

enerate proposals D and DY for each sample
g prop ’ t ;
in D, and D; by g

for each mini-batch in D™ and D)™ do

| train the category adaptor G*;
end

generate category label for each proposal in D}F;

.
generate foreground proposals ’Dig and D}
from DYP and CDE P .

for each mini-batch in DE” and Df-" do
| train the bounding box adaptor G™*;
end

generate bounding box label for each proposal in DE—E‘;
train the object detector G*' by optimizing with £;

- - ] E
HEATRALY | G-
/ <7 '37
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D; = {(X*. B, Y L) }iey XU is the image, BY is the bounding box coordinates, and Y? is the categories
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Figure 2: Category adaptation (best viewed in color). (a) The IoU distribution of the proposals from
Foggy Cityscapes. When we increase the confidence threshold from 0O to 0.9, undefined proposals
(proposals with IoU between 0.3 and 0.7) will decrease. (b) Proposals with lower confidence will
be assigned a lower weight in the adaptation. (¢) The discriminator D) is trained to separate the
source-domain proposals from the target-domain proposals for each class independently, while the
feature extractor F'°* is encouraged to fool D.

max L34, = Ey ~prow(c;) log[D(fs, 8s)] + Ex, prrw(ey) log[l — D(fi, g¢)]

D
1 cls gt clg
min B e pm Lor(G(E), yE) + AL,
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Figure 3: Bounding box adaptation (best viewed in color) Box adaptor has three parts: feature
generator "¢ , Tegressor G"™¢ and adversarial regressor G, . G} learns to maximize the target
disparity by moving two predicted boxes far from each other while " learns to minimize the target

disparity by making two predicted boxes overlap as much as possible.
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Stage 1: Source-domain pre-training

Stage 2: Category adaptation

Stage 3: Bounding box adaptation

Stage 4: Target-domain pseudo-label training

Stage 5: Repeat steps 2to 4 T times
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Table 1: Results from PASCAL VOC to Clipart (ResNet101).

aero bcycle bird boat bottle bus car cat chair cow table dog hrs bike prsn pint sheep sofa train tv  mAP

Source Only 356 525 243 23.0 200 439 328 107 306 11.7 138 60 368 459 487 419 165 73 229 320 278
[DAFaster [*]] |15.0 346 124 11.9 198 21.1 232 3.1 221 263 10.6 10.0 19.6 394 346 293 1.0 17.1 19.7 248 198
BDC-Faster [43] | 20.2 464 204 19.3 187 413 265 64 332 11.7 260 1.7 36.6 415 37.7 445 106 204 333 155 256
WST-BSR [27] |28.0 645 239 190 219 643 435 164 420 259 305 79 255 67.6 545 364 103 31.2 574 435 357

ISWDAT 7] 202 485 326 337 385 543 37.1 18.6 348 583 17.0 125 338 655 616 520 93 249 541 49.1 38.1
MAF [18] 38.1 61.1 258 439 403 416 403 92 37.1 484 242 134 364 527 57.0 525 182 243 329 393 36.8

447 50.0 33.6 274 422 556 383 192 379 69.0 30.1 263 344 673 61.0 479 214 263 50.1 473 415

[SCL [45]]

CRDA [57] 2877 553 318 260 40.1 63.6 366 94 387 493 176 141 333 743 613 463 223 243 49.1 443 383
HTCN [5] 33.6 589 340 234 45.6 57.0 398 12.0 39.7 513 21.1 20.1 39.1 728 63.0 43.1 193 30.1 502 51.8 403
ATF [19] 419 67.0 274 364 41.0 485 420 13.1 392 751 334 79 412 562 614 50.6 42.0 25.0 53.1 39.1 421

Unbiased [ 5] 309 51.8 272 280 314 590 342 10.0 351 196 158 93 416 544 526 403 2277 28.8 378 414 336
D-adapt 564 632 423 409 453 7T7.0 48.7 254 443 584 314 245 47.1 753 693 435 279 341 60.7 64.0 49.0




| D-adapt(ICLR 2022) et (g

Adaptation between dissimilar domains

Table 2: Results from VOC to Comic
(ResNet-101). Oracle results are obtained by Adaptation from synthetic to real images
training on labeled data in the target domain.

Method [ bike  bird car cat dog prsn mAP Table 3' Slml(}k tO Cltyscapes'
Source Only | 325 120 21.1 104 124 299 197 Method | Backbone | AP on Car Adaptation between similar domains
DATaster [7T] | 311 103 155 124 193 390 212 ' _
SWDA [17] 364 218 298 151 235 496 294 Ganices Chile 34.6 Table 4: Results from Cityscapes to Foggy Cityscapes.
MCAR [54] 479 205 374 206 245 536 335 = . .
Tnstance Adap 395 177 265 273 224 484 303 DA-I*as.tf:r[.\]_ 38.9 Method |Backbonc |prsn rider car truck bus train mcycle beyele MAP
Global Adapt | 31.9 157 303 213 17.1 379 257 BDCFaster 1] 3.8 .
= 25.0 31.0 405 221 353 202 200 271 277
Oracle | 422 353 319 462 409 709 446 MAFLI¥] VGG-16 41.1 ADCFaster 1T | 264 372 424 212 292 123 226 289 275
Selective DA [01] 43.0 36.2 353 435 300 299 423 326 245 343
CDN [48] 493 Selective DA [61]| VGG-16 [33.5 38.0 485 265 39.0 233 280 336 338
HTON [51 475 DD-MRL* [25] 30.8 40.5 443 272 384 345 284 322 345
= CADA [20] 419 387 567 226 415 268 246 355 36.0
CFFA [5Y] 43.8 CRDA [+ ] 320 438 492 272 451 364 303 346 374
ATF [19] 42.8 34.0 469 52.1 308 432 299 347 374 386
CADA [20] 49.0 ATF ] 346 47.0 500 237 433 387 334 388 387
MeGA-CDA (83} 48 L 152 475 419 316 474 405 323 371 108
: ATCN= [0 32 475 479 316 474 409 323 3701 398
UMT* [10] 43.1 D-adapt 431 51.8 58.1 263 368 146 322 420 38.1
D-adapt 50.3 D-adapt* 449 542 617 256 363 247 373 461 413
Oracle | | 697 Oracle | |47.4 408 668 272 482 324 312 383 415
Source-only 33.8 34.8 39.6 186 279 63 182 255 256
Source-only 41.8 CADA [ 0] ResNetl01 [41.5 43.6 57.1 294 449 397 290 361 402
CADA [20] ResNetl101 51.2 D-adapt 42.8 484 568 315 428 374 352 424 422
D-adapt 51.9 D-adapt* 40.8 47.1 57.5 335 469 414 336 430 43.0

| Oracle | |44.7 439 647 315 488 440 310 367 432

Oracle 70.4
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Figure 4: Qualitative results on the target domain.
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