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Table 17: Information on the evaluation benchmark datasets and the CA-CDD coarse label source datasets. * denotes that the
initially coarse, category-restricted change annotations are refined to produce category-agnostic change maps. ** indicates that
all images have been preprocessed and cropped to a resolution of 512x512.

Dataset Study Site Number of Image Pairs | Image Size** | Resolution | Evaluation Task
WHU-CD [28] Christchurch, New Zealand 660 (Test) 512 X 512 0.3 m Building CD
LEVIR-CD [12] Texas, U.S. 512 (Test) 512 X 512 0.5m Building CD
DSIFN [77] Xi'an, China 48 (Test) 512x 512 | 0.03-1m | Land-cover CD
CLCD [46] Guangdong, China 120 (Test) 512 X 512 0.5-2m | Land-cover CD
SECOND [70] |Hangzhou, Chengdu, Shanghai, China 1694 (Test) 512 x 512 0.5-3m Semantic CD
SC-SCD [64] Longwen, Zhangzhou, China 322 (Test) 512 x 512 0.5m Semantic CD
SECOND [70] | Hangzhou, Chengdu, Shanghai, China 2968* (Train) 512 x 512 0.5-3m Semantic CD
JL1-CD [49] Multiple regions in China 1000* (Train) 512 % 512 |0.5-0.75 m | Land-cover CD
CNAM-CD [20] 23 SLNAs [80] 1000* (Train) 512 x 512 0.5m Land-cover CD
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Figure 11: Visual comparison between CA-CDD category-agnostic change labels and the original coarse labels. We have improved
the limited category range of the original labels. At the same time, we have refined the coarse-grained range annotations in the
labels to fine-grained annotations. The 712y markings in the figure represent the refinements we made to the original labels.
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Figure 4: Category-Agnostic Change Head (CACH). Bi-temporal image features are extracted and processed through feature
differences fusion and difference query modules to obtain calibrated discrepancies, which are then concatenated across multiple
dimensions via our residual upsampler to produce the final category-agnostic change map.
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I Experiments

Table 1: Performance comparison on binary OVCD datasets. 7 and i denote the M-C-I and I-M-C configurations of Dynam-
icEarth. * denotes the variants implemented with SegEarth-OV3 (SegE-OV3 for short). The best and the second-best results are,
respectively, marked in BOLD and in underline. Except for Kappa, all results are expressed in percentage (%).

Method Identifier Comparator b e, sl CLED
F1¢ TIoU® Kappa | F1¢ IoU° Kappa | F1¢ IoU° Kappa | F1¢ IoU® Kappa
PCA_KMeans [9] / KMeans [9] 1433 7.72 0.0846 | 996 5.24 0.0116 3548 21.57 0.1865 | 18.42 10.14 0.0780
CVA [6] / CVA Match [6] 7.17  3.72 0.0023 | 9.27 4.836 0.0017 | 27.88 16.20 0.0142 | 13.39 7.17 0.0017
DCVA [3] / CVA Match [6] |20.55 1145 0.1537 | 13.85 7.44 0.0507 | 38.52 23.85 0.1758 | 20.81 11.62 0.0918
UCD-SCM [63] SAM OTSU [53] 32.13 19,14 02792 | 3236 1930 02734 |40.13 25.10 02443 | 23.31 13.19 0.1522
AnyChange [79] SAM Latent Match [79] | 28.13 16.37 0.2330 | 32.68 19.53 0.2672 | 39.19 24.37 0.2280 | 31.96 19.02 0.2342
AnyChange* [79] |SegE-OV3 |Latent Match [79] | 69.25 52.96 0.6790 | 72.27 56.58 0.7043 | 54.69 37.64 0.4798 | 27.55 15.98 0.2276
Inst-CEG [39] APE CEG [39] 62.54 4549 0.6074 | 63.29 4630 0.6084 | 31.81 1891 0.2430 | 6.76 3.50 0.0020
Inst-CEG™ [39] SegE-OV3 CEG [39] 71.35 55.46 0.7016 | 70.62 54.58 0.6912 | 47.21 30.90 0.3985 | 10.09 5.32 0.0648
DynamicEarthy [38] SAM2 DINOv2 [52] 57.35 40.20 0.5541 | 46.43 30.23 0.4242 | 54.35 37.32 04741 | 23.833 13.52 0.1916
DynamicEarthi [38] APE DINOv2 [52] 75.85 61.09 0.7488 | 69.70 53.50 0.6789 | 26.42 15.22 0.2260 | 14.97 8.09 0.1382
DynamicEarth* [38] | SegE-OV3 DINOv2 [52] 79.66 66.20 0.7879 71.97 56.21 0.7031 | 39.30 24.45 0.3423 | 38.16 23.58 0.3535
Seg2Change SegE-OV3 CACH (ours) |86.18 75.72 0.8562|78.72 64.91 0.7742|58.56 41.40 0.5075|47.89 31.48 0.4239
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Figure 6: Open-vocabulary building and land-cover change detection examples. In each group: images at T1 (I'), T2 (I?), labels,
the results of DynamicEarth and our Seg2Change. Color rendering:
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Table 2: Performance, computational resource usage, and inference time cost comparison on semantic OVCD datasets. GPU
memory usage and inference time are evaluated on a pair of bi-temporal remote sensing images ([ 2, 3,512, 512]).

Meihod GPU Memory Inference SC-SCD SECOND
Usage (GB) | | (ms/sample) | | mF1¢ mloU° mOA mKappa | mF1° mloU° mOA mKappa
UCD-SCM [63] 9.46 (100%) | 3225(100%) | 12.06 651 8595 00619 | 1463 840 7861 0.0795
AnyChange [79] 6.59 (69%) | 3988 (124%) | 1651 932 78.27 0.1056 | 19.54 1184 7607 0.1252
AnyChange* [79] | 10.15 (107%) | 2683 (83%) | 16.64 948 88.06 0.1192 | 21.30 1381 77.97 0.1492
Inst-CEG [39] 14.95 (158%) 5672 (176%) 6.90 3.68 9440 0.0551 | 1782 1046 9280 0.1604
Inst-CEG* [39] 7.08 (75%) 2928 (91%) 23.57 1435 9449 0.2139 | 2935 1840 93.62 0.2670
DynamicEarthf [38] 7.33 (77%) 5035 (156%) | 29.11 17.97 91.37 0.2532 | 3751 23.58 91.88 0.3297
DynamicEarthi [38] | 15.33 (162%) | 6784(210%) | 919 516 95.25 0.0877 | 2217 1372 9376  0.2109
DynamicEarth* [38] | 11.19 (118%) | 2892 (89%) | 19.87 1147 9503 0.1804 | 2543 1524 93.83  0.2286
Seg2Change 6.08 (64%) 1521(47%) | 35.68 23.22 95.82 0.3385 | 42.89 29.08 95.17 0.4045
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Figure 7: Open-vocabulary semantic change detection examples. In each group: images at T1 (I'), T2 (I?), labels, the results of
DynamicEarth and our Seg2Change. Color rendering: . , "Tree", ; L ;
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Table 3: Investigation on the impact of the proposed CACH

components on the WHU-CD and DSIFN datasets.

Components in CACH

WHU-CD

DSIFN

The Effectiveness

of Difference Modules in CACH

FMM BDFM EDQA ResUp

F1° IoU® Kappa

F1¢ IoU® Kappa

7 X X X

69.68 53.47 0.6870
78.10 64.06 0.7732
84.18 72.68 0.8354
86.18 75.72 0.8562

49.65 33.02 0.3581
53.22 36.26 0.4758
55.57 38.47 0.4966
58.56 41.40 0.5075

v v X X

v v v X

v v v v
The Effectiveness

of Backbone Features in CACH

Shallow: {Fy, Fz, Fs, Fs}
Deep: {Fe, Fs, Fo, F11}

Comb1: {F;, Fy, Fg, Fip}
Comb2: {F,, Fs, Fg, F;;}

78.13 64.12 0.7736
81.41 68.64 0.8069
82.92 70.82 0.8224
86.18 75.72 0.8562

4978 33.14 0.4780
24.35 37.32 0.5318
55.93 38.82 0.5390
58.56 41.40 0.5075

The Effectivene

ss of Loss Functions in CACH

Change Map Loss (L)
+ Upsample Loss (Lyps)
+ Unchanged Loss (Lgim)

84.31 72.88 0.8371
85.58 74.79 0.8500
86.18 75.72 0.8562

52.69 3577 0.7593
55.32 38.24 0.4942
58.56 41.40 0.5075
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