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1. Comparison with Existing TTA methods

Method Inference time
IBNNet [10] 73
DoSe (ours) 872
w/o Self-Distillation 324
w/o Exemplar-based Buffer 548

Table 1. Inference time comparison of DoSe framework on IBN-
Net [10] with different loss variants, Inference time values are in
seconds.

We compare the existing SOTA Test-time Adaptation
methods on the RefineNet [5] pre-trained model trained on
the source (daytime) dataset. Results are reported in Tab. 4.
We compare our proposed Do Se with existing TTA Adapta-
tion methods TENT [16], EATA [8], MEMO [19], SAR [9],
NOTE [3], RoTTA [18], MECTA [4], RATP [6], RMT [2],
MALL [12], ONDA [11], and CoTTA [17]. We consider
four adverse weather conditions such as fog, rain, night and
snow. We consider 10 iterations on ACDC-val [13] dataset.
Our DoSe outperforms existing TTA methods and improves
the performance of RefineNet [5] by 5.5% better mIoU in
the task of continual test-time adaptation.

2. Ablation study
2.1. Computational cost on C-Driving dataset

We analyze the computational cost of the proposed
DoSe framework, we consider the RefineNet [5] model and
adapt it to 100-overcast images from C-Driving [7] and per-
form continual test-time adaptation for 10 iterations. Re-
sults are reported in Tab. 3. Proposed DoSe framework
adapts to continually changing target environment faster
than existing SOTA method CoTTA [17].

Method Inference time
DeepLabv3+ ResNet101 [1] 110
CoTTA [17] 1080
DoSe (ours) 910

Table 2. Inference time comparison of DoSe framework on Re-
fineNet [5] on C-Driving dataset, Inference time values are in sec-
onds.

Method Inference time
DeepLabv3+ mobilenet V2 [14] 40
CoTTA [17] 350
DoSe (ours) 220

Table 3. Inference time comparison of DoSe framework on
DeepLabv3+ Mobilenet V2 [14] on SHIFT dataset, Inference time
values are in seconds.

2.2. Computational cost on SHIFT dataset

We analyze the computational cost of the proposed
DoSe framework, we consider the DeepLabv3+ mobilenet
V2 [14] model and adapt it to 100-Fog images from SHIFT
dataset [15] and perform continual test-time adaptation for
10 iterations. Results are reported in Tab. 3. Proposed
DoSe framework adapts to continually changing target en-
vironment faster than existing SOTA method CoTTA [17].

2.3. Computational cost - Loss function

We analyze the computational cost of the proposed
DoSe framework, with different individual components of
the total loss function. We consider SOTA DG method IBN-
Net [10] as our base pre-trained model. We took 100 im-
ages from ACDC-snow [13] and apply the total loss func-
tion with and without loss components. Results are reported
in Tab. 1.
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Time ‘ t ‘

Round |1 4 7 10 | All

Model+Method Fog Night rain snow | Fog Night rain snow | Fog Night rain snow | Fog Night rain snow | Mean

RefineNet [5] 559 42.6 442 215|559 426 442 215|559 42.6 442 215|559 426 442 215 | 41.1
e BN Stats Adapt 542 41.1 439 204 |53.7 40.7 437 20.2 |53.6 40.1 43.6 20.1 |53.4 39.8 435 199 | 395
e TENT-continual [16]|57.5 43.1 45.8 22.8 [53.8 42.7 429 213|514 412 426 21.1 |50.7 404 414 20.7 | 40.1
e EATA-continual [8] |57.8 44.9 46.4 21.7 |53.1 44.8 43.7 225|527 423 438 224 |51.1 41.8 424 228 | 40.8
e MEMO [19] 59.7 452 458 22.7 |54.8 457 44.8 23.7 |539 448 456 239|527 427 43.4 348 | 425
e SAR [9] 54.6 43.8 437 26.8 |559 45.6 463 249 |55.8 46.5 46.1 245|539 447 456 355 | 423
¢ NOTE [3] 52.1 39.7 40.1 27.8 [56.7 453 46.8 22.1 [55.1 445 444 245|537 428 443 34.1 | 42.1
e RoTTA [18] 50.8 389 403 259 [55.1 452 454 219 |54.8 442 445 24.1 509 43.1 445 347 | 415
e MECTA [4] 50.6 37.7 41.1 264|545 44.8 462 203 |53.7 44.8 44.7 23.7|50.6 42.8 43.6 32.8 | 41.1
e RATP [6] 51.1 383 409 259|539 43.7 459 21.1 527 43.6 444 229|519 432 442 334 | 413
e RMT [2] 524 389 40.6 25.1 |52.7 44.8 457 225 |52.6 445 453 234|529 422 43.1 345 | 414
e MALL [12] 535 39.1 45.1 265 |51.1 42.8 438 242 543 448 47.8 239 |53.7 442 43.1 362 | 422
e ONDA [11] 53.1 399 454 26.1 |51.4 42.1 43.1 248 |55.1 442 47.1 232|542 45.1 442 348 | 425
e CoTTA [17] 552 394 45.8 289|543 432 442 247 |56.6 455 47.5 243|553 46.7 462 37.1 | 43.6
e DoSe (ours) |57.4 41.6 46.4 30.2 559 458 48.8 26.1 |58.8 459 48.8 25.6(57.8 49.1 47.1 373 | 465

Table 4. Comparison of DoSe with existing TTA methods on pre-trained daytime model RefineNet [5]. The experiment setup is described
in the paper.

Time ‘ t ‘
Round ‘ 1 ‘4 ‘7 ‘ 10 ‘All
Model+Method ‘snow rain fog night ‘ snow rain fog night ‘ snow rain fog night ‘ snow rain fog  night ‘Mean
DeepLabv3+ ResNet101 [1]] 50.6 52.3 67.6 21.9 | 50.6 52.3 67.6 21.9|50.6 523 67.6 21.9|50.6 523 67.6 219 | 48.1
e DoSe (ours) 514 53.8 689 22.3 |53.8 543 69.6 23.8 |55.7 55.6 71.8 252|579 56.8 734 279 | 514

Table 5. Ablation study of Proposed framework DoSe using DeepLabv3+ ResNet101 [1] on ACDC [13] dataset with change in order of
sequence. The experiment setup is described in the paper.

(a) Input (b) TENT (c) CoTTA (d) NOTE

(e) Ground truth (f) MECTA (g) RATP (h) DoSe (Ours)

Figure 1. Comparison of our approach, DoSe, with existing SOTA Test-Time Adaptation methods.
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