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Introduction

• A domain denoted by D encompasses both the data (X)
and its corresponding distribution (P(x)).

D = {X, P(x)}, where x ∈ X (1)
• A task(T) characterized by the label space (Y) and

prediction function (f(x)) can be interpreted as the posterior
probability p(y|x)

T = {Y, P(y|x)}, where y ∈ Y (2)
• In domain adaptation (DA) setup, we have

• Source Domain (DT) = {XT, PT(xT)}, ∀xT ∈ XT
• Target Domain (DT) = {XT, PT(xT)}, ∀xT ∈ XT
• with TS, TT being their corresponding tasks

such that
1 XS ∩ XT = ∅
2 TS = TT
3 P(xS) ̸= P(xT), where ∀xS ∈ XS and ∀xT ∈ XT

• DA Objective:
To train a model that effectively transfers knowledge from
DS to DT, despite these distributional differences

• Unsupervised DA (UDA)
assumes there is no knowledge of the label space in the
target domain ( YT ).

Methodology

1 Coordinate centering to ensures that the median values of
the coordinates are (0, 0).

C ′
lon = Clon − 489353.59 m

C ′
lat = Clat − 6587552.20 m (3)

2 Transforming coordinates to EPSG:4326 from EPSG:2154,
coordinate system.

λ, ϕ = f2154→4326(C ′
lon, C ′

lat) (4)
3 Multi-scale positional encoding is applied as single scale

representation alone is insufficient for periodic function[2].
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s=0
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(5)

where, αs = λmin · gs/(S−1) is a scaling factor that induces
increasingly high frequencies through scales s from 0 to
S − 1, and λmin, λmax are the minimum and maximum grid
scale with g = λmax

λmin
.

4 By mapping the encoded vector onto the unit sphere, we
preserve the inherent spherical nature of Earth’s
observations (EO).

C = GRID(λ, ϕ)
∥GRID(λ, ϕ)∥1

(6)
5 Finally, we compute domain loss as

LUDA = 1 − C · Ĉ
∥C∥2 · ∥Ĉ∥2

(7)

Loss Function

Final loss of SegDesicNet takes the following form:
L = Lseg + 0.5 × (LS

UDA + LT
UDA) (8)

where,

Lseg =
−∑H

h=1
∑W

w=1 y
(h,w)
S · log

(
hθ

(
x

(h,w)
S

))
H × W

, (9)
hθ is the U-Net model with weights θ and xS ∈ XS

Segmentation Map Prediction

Figure: Comparison of segmentation map prediction on the target domain images of SPLIT1 by baseline models to our best model.

Data Split

Data Set SPLIT Source Domain Target Domain # Train Image # Test Image
FLAIR #1 [1] SPLIT1 [3] D06, D08, D13, D17, D23, D29, D33, D58, D67, D74 D64, D68, D71 16050 5350

SPLIT2 D07, D09, D013, D30, D31, D32, D34, D46, D66, D81 D26, D64, D83 15325 5625
SPLIT3 D07, D09, D13, D30, D31, D32, D34, D46, D66, D81 D22, D68, D71 16272 5300

ISPRS Potsdam[5] SPLIT4 2_11, 2_12, 3_13, 3_14, 5_11, 6_15, 6_9, 7_8, 7_9 4_11, 6_13, 4_15 1296 432

Figure: Training and test set splits of the ISPRS Potsdam(left)
and FLAIR #1 (right)

Result on ISPRS Potsdam

Method Impervious Building Low Vege Tree Car mIoU
IAST 68.42 75.86 64.77 64.46 43.72 63.46
CLAN 64.67 68.71 58.72 47.28 42.63 56.40

ADVENT 72.18 78.33 69.65 67.65 68.69 71.30
AdaptSegnet 73.40 78.89 68.14 67.69 70.65 71.75

Ours 74.88 81.17 70.49 69.47 72.26 73.65

Result on FLAIR #1 (SPLIT1, SPLIT2, SPLIT3)

Method Building Pervious Impervious Bare Soil Water Coniferous Deciduous Brushwood Vine Grassland Crop Plowed Land mIoU
CLAN 6.24 13.66 17.09 1.50 12.99 1.29 27.22 3.36 30.69 27.34 7.69 18.42 13.96
AdaptSegNet 39.98 20.75 40.23 20.36 15.25 4.93 35.37 10.99 34.51 42.69 11.06 23.47 24.97
ADVENT 35.79 24.38 48.82 6.85 31.98 0.00 51.65 11.79 33.33 25.76 11.46 24.29 25.51
IAST 55.67 36.43 53.71 26.95 53.33 0.00 50.67 11.56 43.24 26.28 26.31 44.27 35.70
DAFormer 67.09 45.56 61.99 55.35 65.12 8.91 54.39 20.31 64.39 38.79 23.74 41.83 45.62
UDA_for_RS 66.30 48.05 62.36 59.28 61.24 9.22 60.02 16.52 57.74 40.12 30.32 54.17 47.11
GeoMultiTaskNet 67.53 40.86 63.89 55.31 67.02 13.85 60.97 14.08 53.09 40.33 35.02 54.79 47.23
Ours 67.65 45.18 64.13 55.92 71.37 11.62 62.65 16.65 74.50 40.90 37.83 53.06 50.12

Method Building Pervious Impervious Bare Soil Water Coniferous Deciduous Brushwood Vine Grassland Crop Plowed Land mIoU
CLAN 24.27 21.27 41.19 8.89 26.57 4.22 28.26 24.70 54.84 31.00 18.80 1.28 23.77
AdaptSegNet 60.07 24.06 54.22 21.29 24.31 11.90 39.02 26.31 47.25 31.56 19.95 10.56 30.88
ADVENT 56.21 29.82 55.47 27.52 44.73 15.83 41.38 22.77 55.18 41.47 12.52 30.26 36.10
IAST 68.84 42.05 61.19 61.86 79.38 0.00 46.27 35.69 69.40 35.38 34.06 36.71 47.57
ours 69.60 38.63 65.31 46.16 73.54 25.52 46.89 35.19 74.00 44.87 34.65 26.67 48.42

Method Building Pervious Impervious Bare Soil Water Coniferous Deciduous Brushwood Vine Grassland Crop Plowed Land mIoU
CLAN 28.86 18.38 37.78 5.31 17.92 7.78 45.82 10.69 66.38 40.61 14.67 7.81 25.17
ADVENT 49.15 30.39 50.13 18.23 43.70 15.75 59.95 15.37 49.89 53.45 9.18 22.87 34.84
AdaptSegNet 57.95 27.68 50.17 11.78 35.25 17.96 63.73 14.28 55.64 40.86 28.26 17.81 35.11
IAST 62.31 52.13 64.67 15.04 75.28 0.00 61.19 12.70 69.00 30.85 39.85 49.28 44.36
ours 46.61 60.32 18.52 51.09 31.25 66.32 14.12 74.58 47.30 34.25 52.94 46.72

Model Diagram

Figure: UNet[4](ResNet-18 as Encoder E , custom decoder D),
with SegDesic module.

Conclusion

Our proposed SegDesicNet module regresses the GRID posi-
tional encoding of the geocoordinates projected over the unit
sphere to obtain the domain loss. Our algorithm seeks to re-
duce the modeling disparity between artificial neural networks
and human comprehension of the physical world, making the
technology more human-centric and scalable.
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