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Supplementary Material

In this supplementary material, we provide the follow-
ing contents: 1) more implementation details of datasets
(§A), 2) the class prompt design (§B), 3) the details of the
MaskCLIP* baseline (§C), 4) additional qualitative results
and analyses (§D).

A. Datasets

A.1. Semantic Segmentation
• OpenEarthMap [14] includes worldwide satellite and

aerial images with a spatial resolution of 0.25-0.5m. It
contains 8 foreground classes and one background class.
We use its validation set (excluding xBD data) for evalu-
ation.

• LoveDA [12] is constructed using 0.3m images obtained
from the Google Earth platform. It contains both urban
and rural areas. It contains 6 foreground classes and one
background class. We use its validation set for evaluation.

• iSAID [13] is manily collected from the Google Earth,
some are taken by satellite JL-1, the others are taken
by satellite GF-2. Its image data is the same as the
DOTAv1.0 dataset [69]. It contains 15 foreground classes
and one background class. We use its validation set for
evaluation, which is cropped to 11,644 images by default
(patch size=896, overlap area=384).

• Potsdam1 and Vaihingen2 are for urban semantic seg-
mentation used in the 2D Semantic Labeling Contest.
Their spatial resolutions are 5cm and 9cm, respectively,
and they contain 5 foreground classes and one back-
ground class. We use the validation set for evaluation
according to MMSeg’s3 setting.

• UAVid [8] consists of 30 video sequences capturing 4K
HR images in slanted views. We treat them as images
without considering the relationship between frames, and
the classes “static car” and “moving car” are converted
to “car”. Therefore, it contains 5 foreground classes and
one background class. We use its test set for evaluation,
which is cropped to 1020 images (patch height=1280,
patch width=1080, no overlap).

• UDD5 [2] is collected by a professional-grade UAV
(DJIPhantom 4) at altitudes between 60 and 100m. It con-
tains 4 foreground classes and one background class. We
use its validation set for evaluation.

• VDD [1] is collected by DJI MAVIC AIR II, including

1https://www.isprs.org/education/benchmarks/UrbanSemLab
2https://www.isprs.org/education/benchmarks/UrbanSemLab
3https://github.com/open-mmlab/mmsegmentation

400 RGB images with 4000*3000 pixel size. All the im-
ages are taken at altitudes ranging from 50m to 120m. It
contains 6 foreground classes and one background class.
We use its test set for evaluation.

A.2. Building extraction

• WHUAerial [5] consists of more than 220k independent
buildings extracted from aerial images with 0.075m spa-
tial resolution and 450 km2 covering in Christchurch,
New Zealand. We use its validation set for evaluation.

• WHUSat.II [5] consists of 6 neighboring satellite images
covering 860 km2 on East Asia with 0.45m ground reso-
lution. We use its test set (3726 tiles with 8358 buildings)
for evaluation. The original images are cropped to 1000
× 1000 without overlap.

• Inria [9] covers dissimilar urban settlements, ranging
from densely populated areas (e.g., San Francisco’s finan-
cial district) to alpine towns (e.g,. Lienz in Austrian Ty-
rol). It covers 810 km2 with a spatial resolution of 0.3m.
We use its test set for evaluation.

• xBD [4] covers a diverse set of disasters and geographical
locations with over 800k building annotations across over
45k km2 of imagery. Its spatial resolution is 0.8m. We
use the pre-disaster satellite data of test set for evaluation.

A.3. Road extraction

• CHN6-CUG [16] is a large-scale satellite image data set
of representative cities in China, collected from Google
Earth. It contains 4511 labeled images of 512 × 512 size
with a spatial resolution of 0.5m. We use its test set for
evaluation.

• DeepGlobe4 covers images captured over Thailand, In-
donesia, and India. Its available data cover 362 km2 with
a spatial resolution of 5m. The roads are precisely anno-
tated with varying road widths. We use the validation set
for evaluation according to the setting in [6].

• Massachusetts [10] covers a wide variety of urban, sub-
urban, and rural regions and covers an area of over 2,600
km2 with a spatial resolution of 1m. Its labels are gen-
erated by rasterizing road centerlines obtained from the
OpenStreetMap project, and it uses a line thickness of 7
pixels. We use its test set for evaluation.

• SpaceNet [11] contains 422 km2 of very high-resolution
imagery with a spatial resolution of 0.3m. It covers Las
Vegas, Paris, Shanghai, Khartoum and is designed for the

4http://deepglobe.org



SpaceNet challenge. We use the test set for evaluation
according to the setting in [6].

A.4. Flood Detection
• WBS-SI5 is a satellite image dataset for water body seg-

mentation. It contains 2495 images and we randomly di-
vided 20% of the data as a test set for evaluation.

B. Class prompt
We define the prompt for each class as Tab. 1. For single-
class extraction tasks, we define the background class as
a miscellaneous category independent of the foreground
class. This approach is reasonable for clustering and also
enhances performance for other methods.

C. MaskCLIP* (Baseline)
Drawing inspiration from the hierarchical architecture of
Vision Transformers [3, 7, 15], we divide the ViT into four
stages to leverage the transition from local to global atten-
tion patterns. We extract attention maps from the middle
layers (2nd, 5th, 8th, 11th) of each stage to form a multi-
level attention composite, denoted as AttnM . This com-
posite is then integrated with the attention map of the final
layer, Attn, which is modified according to the SegEarth-
OV [6] setting: its FFN is removed, and attention weights
are derived from the sum of query, key, and value self-
similarities. The final fused attention, Attn′, is computed
as a weighted sum with a coefficient λ:

Attn′ = λ ·Attn + (1− λ) ·AttnM . (1)

In the experiment, λ was set to 0.6. We report in Tabs. 2
and 3 the impact of varying λ, as well as the effect of re-
moving AttnM from the framework in Tabs. 4 and 5.

D. Qualitative Results
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Table 1. The prompt class name of the evaluation datasets. indicates multiple prompt vocabularies for one class.

Dataset Class Name

OpenEarthMap background, {bareland, barren}, grass, pavement, road, {tree, forest}, {water, river}, cropland,
{building, roof, house}

LoveDA background, roof, road, river, barren, forest, agricultural

iSAID {background, grass, agriculture, water, forest, road, building, barren, urban}, boat, industrial cylindrical
storage tank, baseball diamond, tennis court, basketball court, ground track field, bridge, large vehicle,
small vehicle, helicopter, swimming pool, roundabout, soccer ball field, plane, harbor

Potsdam {road, parking lot}, building, low vegetation, tree, car, {clutter, background}
Vaihingen impervious surface, building, low vegetation, tree, car, clutter

UAVid background, building, road, car, tree, vegetation, human

UDD5 vegetation, building, road, vehicle, background

VDD {background, barren}, exterior, road, grass, car, roof, water

WHUAerial {forest, vegetation, bareland, river, road, vehicle}, building

WHUSat.II {forest, vegetation, bareland, river, route, vehicle}, building

Inria {tree, vegetation, bareland, river, paved road, vehicle}, building

xBD {background, forest, vegetation, bareland, river, paved road}, building

CHN6-CUG {background, forest, vegetation, barren, water, building, vehicle, basketball court, agriculture, urban,
rangeland, cropland}, road

DeepGlobe {background, forest, vegetation, barren, water, building, vehicle, agriculture, urban, rangeland, crop-
land}, road

Massachusetts {background, forest, vegetation, barren, water, building, vehicle, urban, rangeland, cropland}, road

SpaceNet {background, forest, vegetation, barren, water, building, vehicle, agriculture, urban, rangeland, crop-
land}, road

WBS-SI {background, forest, vegetation, barren, agriculture, urban}, water

Table 2. Comparisons of mIoU on different datasets.

Method OpenEarthMap LoveDA iSAID Potsdam Vaihingen UAVid img UDD5 VDD Average

Baseline (w/o AttnM ) 31.87 30.09 18.43 43.15 21.60 37.66 42.36 42.20 33.42
Baseline (w/ AttnM ) 32.46 31.58 18.17 44.49 19.94 37.20 42.17 42.54 33.57
Ours (w/o AttnM ) 41.35 37.89 19.29 49.20 31.36 45.92 46.54 47.95 39.94
Ours (w/ AttnM ) 41.95 39.33 20.08 49.99 31.37 46.40 46.86 50.29 40.78

Table 3. Comparison of Foreground IoU on different datasets.

Method WHU Aerial WHU Sat.II Inria xBD pre CHN6-CUG DeepGlobe Massachusetts SpaceNet WBS-SI Average

Baseline (w/o AttnM ) 45.09 17.00 40.52 34.27 27.30 14.13 8.04 19.07 48.98 28.27
Baseline (w/ AttnM ) 45.76 15.17 37.26 31.40 29.12 14.68 8.42 19.83 52.57 28.25
Ours (w/o AttnM ) 55.07 31.85 53.66 41.01 35.67 18.02 11.84 23.47 59.40 36.67
Ours (w/ AttnM ) 58.54 39.35 55.65 41.34 40.00 19.85 12.16 24.02 61.38 39.14



Table 4. Performance comparison with different λ values across multiple datasets.

Setting OpenEarthMap LoveDA iSAID Potsdam Vaihingen UAVid img UDD5 VDD

λ = 0.0 41.35 37.89 19.29 49.20 31.36 45.92 46.54 47.95
λ = 0.2 41.82 38.19 19.73 49.78 31.15 46.12 46.71 48.23
λ = 0.4 42.09 38.90 19.97 49.93 30.62 46.14 46.82 49.31
λ = 0.6 41.95 39.33 20.08 49.99 29.73 45.60 46.86 50.29
λ = 0.8 40.06 39.61 19.86 49.83 27.74 44.59 46.93 48.43
λ = 1.0 39.92 39.31 19.35 49.35 25.92 43.43 44.58 46.39

Table 5. Performance comparison on multiple datasets with varying λ.

Setting WHU Aerial WHU Sat.II Inria xBD pre CHN6-CUG DeepGlobe Massachusetts SpaceNet WBS-SI

λ = 0.0 55.07 31.85 53.66 41.01 35.67 18.02 11.84 23.47 59.40
λ = 0.2 56.23 34.49 54.58 41.62 36.28 18.63 12.16 23.67 59.84
λ = 0.4 57.47 36.92 55.45 41.86 36.33 19.37 12.16 23.81 60.65
λ = 0.6 58.54 39.35 55.65 41.82 40.00 19.85 12.16 24.02 61.38
λ = 0.8 58.97 41.84 55.36 41.13 37.00 20.07 12.13 24.14 61.79
λ = 1.0 57.41 41.64 54.22 39.28 33.73 19.89 12.14 24.34 62.25

Figure 1. Qualitative comparison of different OVSS methods on the OpenEarthMap (land cover mapping) datasets.



Figure 2. Qualitative comparison of different OVSS methods on the VDD (UAV aerial scene) datasets.

Figure 3. Qualitative comparison of different OVSS methods on the WBI-SI (water body segmentation) datasets.
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