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ABSTRACT

Wetlands play an essential role in mitigating climate change through their re-
markable capacity for carbon sequestration. As such, their global degradation
underscores an urgent need for precise mapping and monitoring. Deep learning
has emerged as a promising solution for automated wetland delineation, enabling
large-scale ecosystem monitoring. However, sparse spatial distribution of wet-
lands poses a significant challenge for segmentation methods, since many satellite
imagery regions contain little to no wetland presence. Traditional loss functions
such as Dice Loss fail to provide meaningful gradients in these wetland-sparse
scenarios. To address this limitation, we introduce a novel formulation of Flipped
Dice Loss that transforms the original pixel-wise relationships to enable gradient
propagation in wetland-sparse regions. Building upon this method, we develop an
Adaptive Dice Loss framework that can dynamically adjust the balance between
standard Dice Loss and Flipped Dice Loss using a shifted sigmoid function. Ex-
periments on our newly created Houston Wetland Dataset demonstrate that our
method significantly improves wetland detection accuracy compared to state-of-
the-art approaches. To facilitate future research in climate-oriented machine learn-
ing, we plan to release our multi-modal Houston Wetland Dataset.

1 INTRODUCTION

Wetlands are crucial ecosystems for biodiversity, water management, and carbon storage, covering
about 6% of the Earth’s surface and holding roughly 12% of the global carbon (Erwin,|2009). How-
ever, they have suffered severe degradation, with an estimated 64—71% loss since 1900 AD, and up to
87% since 1700 AD (Davidson, |2014). This rapid decline underscores the urgent need for accurate
delineation of wetland locations and compositions to support effective conservation and restoration
efforts, as these losses have been largely driven by direct human activities, such as conversion to
agriculture (Murray et al., 2022).

In recent years, deep learning methods have been applied for capturing geographic information and
delineating wetlands (Lin et al., 2023} [Pham et al.| 2022). Common segmentation models, such as
U-Net (Ronneberger et al., 2015) and Swin-Unet (Cao et al., 2022)), are often adapted to address
the unique characteristics of wetland imagery. These models frequently incorporate multi-source
data—such as satellite imagery (including RGB and Near-Infrared channels) and elevation data—to
enhance segmentation accuracy. Compared to other semantic segmentation tasks, water distribution
tends to exhibit higher spatial continuity (Ramos et al., 2022; Rakhimov et al.,[2020). As shown in
Fig.|l} many areas contain no water at all, resulting in all-background labels. Even in regions with
water presence, labels are typically positive-sparse, with a very small proportion of positive pixels.

Various loss functions have been proposed to address this class imbalance, with Weighted Cross-
Entropy and Dice Loss (Milletar1 et al., 2016) emerging as predominant approaches. Dice Loss
computes the spatial overlap between predicted and ground truth foreground regions, functioning as
a region-based metric analogous to IoU (Intersection over Union). This property makes it particu-
larly suitable for handling imbalanced segmentation tasks (Liu et al., [2024a). However, Dice Loss
exhibits a critical limitation in scenarios with all-background labels, where it generates zero gradi-
ents and fails to penalize false positive predictions effectively. While recent modifications to Dice
Loss have explored various improvements—such as enhanced true positive emphasis and prediction



Published as a workshop paper at “Tackling Climate Change with Machine Learning”,
ICLR 2025

04 —— DeepGlobe 2018
Houston Wetlands

Proportion of Images

o 210 29 28 P 26 25 24 23 22 21 2

7
Log Scaled Ranges

1L ground truth labels

inputs from NAIP imagery

(a) Examples of images used for training (b) Distribution of foreground pixel proportions

Figure 1: (a) Examples of images used for training and dataset distribution statistics; (2) Distribu-
tions of two datasets: Houston Wetlands and DeepGlobe 2018.

smoothing—these adaptations have not fundamentally resolved the gradient degeneration problem
that occurs in all-background conditions.

To solve this problem, we introduce a novel formulation, called Flipped Dice Loss, that modifies
the standard Dice Loss computation by treating background pixels as foreground and vice versa,
thus enabling meaningful gradients in wetland-sparse regions. On top of that, we introduce an
adaptive framework that automatically adjusts the balance between the conventional Dice Loss and
Flipped Dice Loss methods using a sigmoid-based weighting mechanism. This dynamic adjustment
enables the loss function to respond appropriately across varying densities of wetland presence,
We validate our method on a newly constructed Houston Wetland Dataset, which combines high-
resolution satellite imagery with elevation data to capture the complex characteristics of urban and
suburban wetland distributions. Our contributions are summarized as follows:

* We provide theoretical analysis of Dice Loss gradient behavior in positive-sparse scenarios and
propose Flipped Dice Loss as a solution to gradient degeneration.

* We develop an adaptive weighting mechanism that dynamically balances between standard Dice
Loss and Flipped Dice Loss based on the density of wetland presence.

* We demonstrate that our adaptive framework consistently improves segmentation performance
when applied to various existing Dice Loss variants.

¢ We construct and annotate the Houston Wetland Delineation Dataset, a multi-modal dataset com-
bining satellite imagery and elevation data, to facilitate research in wetland segmentation under
realistic conditions.

2 METHOD

2.1 NOTATIONS

Consider an image segmentation task where each image consists of N = H x W pixels, where H
and W are the image height and width, respectively. The model predicts a vector of probabilities
p € RN, The ground truth labels for all pixels are denoted as r € {0, 1}", where r = 1 represents
foreground and r» = 0 represents background. The proportion of positive pixels is defined as p =
~ Zf\;l r;. A small positive constant ¢ is added in loss function calculations to ensure numerical
stability.

2.2 GRADIENT DEGENERATION OF DICE LOSS

The Dice Coefficient (Cohen, |1960) is a widely used metric for image segmentation tasks to quantify
the overlap between predicted regions and ground truth (Fan et al.l 2024). Dice Loss is derived
from the Dice Coefficient to directly optimize region overlap (Milletari et al.| |2016). For binary
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classification, its formulation is as follows:
2p'r+e

£Dice =1- DiC@COefficient =1- m

(D

Specifically, when all ground truth labels are zeros, the gradient of Lpjce With respect to the predicted
probabilities p is as follows:
8£Dm _ el - ( 2)
ap r=0 (pTl + 6)
This expression shows that the gradient is a constant vector close to 0 when p # 0 and exhibits
significant gradient variance when p transitions from non-zero to zero.

Flipped Dice Loss treats background as foreground and vice versa by negating both labels and
predicted probabilities. The vector form of Flipped Dice Loss for binary classification is as follows:

21 —p) (1 —r1)+¢
2N —pT1—rT1+4¢€

3)

EFIipped Dice = 1

Considering the gradients of Lplipped Dice With respect to p when the label is all-background cases,

we have:
aﬁF]ipped Dice o 2N1 + el (4)
op —0 (N -—-pT1+e*

We propose that Lriipped Dice provides three gradient benefits over standard Lpjc.: (1) While the small
constant € often drives the gradient of Lpjc. toward zero, Lrjipped Dice Maintains a more substantial
gradient. (2) As p; increases, the gradient of Lp;.. diminishes, impeding the correction of false posi-
tives. In contrast, Lriipped Dice yi€lds a higher gradient for larger p;, encouraging more vigorous error
corrections. (3) Even when r # 0, small p in Lp;. induces high gradient variance, destabilizing
training. By comparison, Lriipped Dice Mitigates this issue, offering more stable gradient updates.

2.3 ADAPTIVE WEIGHTING FUNCTION

While Lgiipped pice effectively addresses gradient issues in positive-sparse scenarios, its approach of
treating background as foreground becomes suboptimal when foreground pixels are more prevalent.
A straightforward solution is to combine both loss terms with a constant weight:

Lcombined = A Lpice + (1 = ) - Leiipped Dice> &)

where A € [0, 1] is a weighting parameter. While this combination mitigates the gradient issues
discussed in Sec. [2.2} using a fixed A fails to adapt to varying distributions of foreground pixels
across different images.

We further propose an adaptive weighting function using a shifted sigmoid g(x) = He—iiw—a)

The parameter k controls the steepness of the function, while a controls its horizontal shift. We set
a = 0.002 and k£ = 5000 as general design choices to ensure smooth adaptation across different
segmentation tasks.

For any variant of Dice loss represented as Loyiginal (P, T'), the corresponding adaptive loss function
can be expressed as:

Ldaptive =9(p)  Loriginal (P, T) + (1 — g(p)) - Lrtippea(1 =P, 1 —1). (6)

This formulation applies to the entire family of Dice-based losses. As a result, Ladapive dynamically
adjusts the loss function based on the foreground pixel proportion in each image, preventing gradient
degradation while stabilizing training in positive-sparse scenarios.

3 EXPERIMENTS

3.1 DATASETS

We introduce a new wetland delineation dataset focused on the Houston metropolitan area. The
dataset combines DEM (Digital Elevation Model) and NAIP (National Agriculture Imagery Pro-
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Method IoU?T F11 Precisionf Recallf Accuracy?t
Standard Loss Functions

LBcE 0.7809 0.8770 0.8777 0.8763 0.9967
LFocal 0.7890 0.8821 0.8754 0.8889 0.9968
Liou 0.7174 0.8354 0.7744 0.9070 0.9952
Dice-Based Methods

Lpice 0.7701 0.8701 0.8474 0.8941 0.9964
L Adaptive Dice (OUTS) 0.7890 0.8821 0.8754 0.8889 0.9968
Tversky-Based Methods

Lversky 0.7803 0.8766 0.8809 0.8723 0.9967
L Adaptive Tversky (OUIS) 0.8006 0.8892 0.8845 0.8941 0.9970
LFocal Tversky 0.7875 0.8811 0.8932 0.8694 0.9968
L Adaptive Focal Tversky (OUIS) 0.8067 0.8930 0.9035 0.8828 0.9972
Advanced Loss Combinations

Lweighted BCE + Lbice 0.7718 0.8712 0.8521 0.8912 0.9965

Lweighted BCE + L adaptive Dice (0urs)  0.7870  0.8808 0.8413 0.9241 0.9966
Other Dice Variants

L Generalized Dice 0.0217  0.0425 0.0257 0.1230 0.9255
L Adaptive Generalized Dice (OUI'S) 0.8009 0.8895 0.8924 0.8865 0.9970
LLog-Cosh Dice 0.7893  0.8822 0.8807 0.8837 0.9968
L Adaptive Log-Cosh Dice (OUIS) 0.7954 0.8860 0.8939 0.8784 0.9970

Table 1: Comparison of different loss functions on the test set. Best results in each category are
shown in bold. Our adaptive methods consistently improve upon their baseline counterparts across
different metrics.

gram) imagery, providing rich multi-modal information for wetland detection. Each sample con-
tains 5 channels: a single-channel DEM and 4-channel NAIP data (RGB and Near-Infrared). Start-
ing from the original 32,810 x 13,070 resolution imagery, we preprocess the data into 560 x 560
patches for efficient processing. Ground truth labels are manually annotated through careful cross-
referencing with Google Maps. To ensure data quality, we discard patches where over 70% of the
area lies outside the Houston metropolitan region. This dataset will be made publicly available to
facilitate future research in wetland delineation.

3.2 MAIN RESULTS

We conducte extensive experiments evaluating our adaptive loss framework against established seg-
mentation losses. Table |1| demonstrates performance metrics across different loss functions, with
IoU serving as our primary evaluation criterion.

The experimental results reveal systematic improvements of our adaptive approach across various
baseline methods. The adaptive formulation enhances performance for both standard losses and their
combinations, showing particular effectiveness when integrated with Tversky-based variants. In the
Tversky family, both standard and focal versions demonstrate marked improvements in precision and
recall when adapted with our method. The most notable improvement appears in the Generalized
Dice variant, where our adaptive approach transforms an underperforming baseline into a compet-
itive performer, indicating robust handling of severe class imbalance scenarios. These quantitative
results demonstrate that our adaptive framework successfully addresses gradient degeneration issues
while maintaining high segmentation accuracy across different loss formulations.

4 CONCLUSION

We propose an adaptive loss framework to improve segmentation in positive-sparse scenarios, ad-
dressing the gradient degeneration issue of Dice Loss through Flipped Dice Loss and an adaptive
weighting function. Our method consistently enhances performance across various loss functions,
as demonstrated in wetland delineation experiments. Additionally, we introduce a high-resolution
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wetland dataset to support future research in environmental monitoring. By improving wetland seg-
mentation, our approach contributes to large-scale ecosystem analysis and conservation efforts.
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A RELATED WORK

A.1 Dice Loss FAMILY

Tversky Loss (Salehi et al., 2017). The Tversky index (Tversky, |1977) generalizes the Dice coef-
ficient and Fg scores, enabling an improved trade-off between precision and recall for segmenting
highly unbalanced data. By adjusting the hyperparameters « and (3, we can control the balance
between false positives and false negatives:

pTr +e€
p'r+ap’(1—1)+8(1—-p)Tr—+e
Focal Tversky Loss (Abraham & Khan, 2019). Similar to Focal Loss (Ross & Dollar, [2017),

Focal Tversky Loss introduces a parameter v to focus learning on hard examples and handle class
imbalance more effectively. The parameter ~ adjusts the contribution of easy versus hard examples:

)

ETversky =1

~
ACFocal Tversky — (EFocal Tversky) . (8)

Generalized Dice Loss (Sudre et al.,[2017). Lgpy., introduces class weights inversely proportional
to the label frequencies. This weighting balances the influence of each class, mitigating the impact
of class imbalance:

2(wip'r+wo (1—p)'(1-1)))

LopL =1— , 9
GbL w (P 1411 +w((1—p)T1l+(1—1)T1) ©)
with class weights defined as:
1 1
wy = — 1wy = e (10)
T1)2 2
(rf1)" +e ((1—r)T1) +e

Note that for very sparse labels, wq excessively emphasizes the positive class, leading to difficulties
in updating the model’s weights effectively. This issue is demonstrated in Tab.

Log-Cosh Dice Loss (Jadon}2020). By applying the logarithm of the hyperbolic cosine to Lpjce,
this formulation combines the advantages of logarithmic and hyperbolic cosine functions to provide
a smooth and robust loss function:

ELog—Cosh Dice = In (COSh (ﬁDice)) . (11)

However, none of these Dice Loss variations effectively resolve the vanishing gradient issue encoun-
tered when all labels are zero, which limits their ability to handle background-dominated images.

A.2 OTHER L0OSS FUNCTIONS FOR SPARSE LABEL SEMANTIC SEGMENTATION

Loss functions for semantic segmentation can be broadly classified into four categories (Ma et al.,
20215 Jadon, 2020): Distribution-based Losses, Region-based Losses, Boundary-based Losses, and
Compounded Losses that combine these types.

Distribution-based losses primarily include Cross-Entropy (CE) and its variations, such as Weighted
Cross-Entropy and Focal Loss (Ross & Dollar, 2017). These methods address class imbalances
by emphasizing different class distributions or focusing on hard-to-classify examples, making them
effective for imbalanced datasets.

Region-based losses include the Dice Loss family introduced in Section [A.1] as well as IoU Loss
and its variants such as Efficient [oU Loss (Zhang et al., [2022), Generalized IoU Loss (Rezatofighi
et al., 2019; [Lee et al., 2024), and Lovasz-Softmax Loss (Berman et al., 2018). Distance-IoU Loss
(Zheng et al.,|2020), which converges faster during training than IoU and GIoU losses, also falls into
this category. These loss functions directly optimize for region overlap, making them particularly
effective for addressing class imbalance in segmentation tasks.

Boundary-based losses, such as Hausdorff Distance Loss (Xie et al.} [2020) and Shape-aware Loss
(Wang et al.| [2018), focus on capturing accurate boundary details. These losses are especially bene-
ficial for fine-grained segmentation where boundary precision is critical.



Published as a workshop paper at “Tackling Climate Change with Machine Learning”,
ICLR 2025

Compounded losses combine multiple types of loss functions to leverage their strengths. For in-
stance, in medical image segmentation, BCEDiceLoss (Liu et al.,[2024b; Ma et al., [2024) is widely
used to address class imbalance and improve region overlap. However, such combinations introduce
a new challenge: balancing the contributions of different losses. Adaptive weighting strategies have
been proposed to tackle this issue, such as dynamically adjusting weights based on class frequency
or the predicted probability of the ground-truth class (Xiang et al.; 2022; |Fernando & Tsokos,[2021)).

B THE GRADIENT DEGENERATION PROBLEMS FOR THE DICE LOSS FAMILY

In the main paper, we discussed the gradient issues of Lpice but omitted its variants due to space
constraints. Here, we provide additional proofs of gradient degeneration in the dice loss family. We
definep =1 —pandr = 1 —r as the complements of the predicted probabilities and ground truth
labels, respectively.

TVERSKY LOSS

The Tversky Loss (Salehi et al., 2017) is defined as:

T
P r+e

Ltversky = 1 — . 12
Tversky pr+ap T+A8p r+e (12)

The gradient of the Tversky Loss with respect to p is:

OLTversky -r (pTr +¢)(ar — fBr)
op P'r+ap T+BP r+e (p—'—r—l—OszF—i—ﬂﬁTr—i-e)2
Whenr = 0:

aETversky _ eal ' (13)

P |0 (apTl+ 6)2

Similar to the gradient of Lp;.. with respect to the predicted probabilities p in Eqn. [2| the gradient
of Lrversky approaches zero when p # 0. However, when p = 0, the gradient becomes a very
large constant, causing Lryersky to directly shift from 1 to 0, which could lead to very large gradient
variance.

FocAL TVERSKY LOSS

The Focal Tversky Loss (Abraham & Khan,|2019)) is defined as:

»CFocal Tversky = (]- - L"Tversky)’Y . (14)

The gradient of the Focal Tversky Loss with respect to p is:

8£Focal Tversky —1 aACTversky

=—y(1 - »C vers 15
op 7 Tversky) b (15)
Whenr = 0:
a‘CF()cal Tversky ~y—1 ceal
- =7 1-L versk: P E—— (16)
Ip r=0 ( k) (apTl+e)’

For all-background labels, Lryersky becomes O when p is zero; otherwise, Lryersky is 1. Hence, the
gradient approaches 0 when p # 0, and it approaches a large constant when p = 0. This behavior
is consistent with the gradient of Lp;.. under similar conditions.
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GENERALIZED DICE LOSS

The Generalized Dice Loss (GDL) (Sudre et al., 2017) is defined as:
2(wip'r+wp'T)

Lopr, =1— , 17
ot wi(pT1+1T1) +w (P 1+T 1) a7
where w; and wq are class weights defined as:
1 1
wy = _1te wo — _ Lre (18)

(rT1)° +¢ ’ ((f—rl)z—l—e.

The gradient of the GDL with respect to p is:

8£GDL . —2 (wlr — ’LU(JF) 2 (U)lpTr + woﬁTf) (U)l]_ — wo].)

+ .
o wi(PTl4r ) +w (P 1HT L) [uy (pT14+rT1) 4w (P 147 1))

When r = O:

B 2wl 2wy (P 1) (w1 — wp)1
r—0 wip'l+4wy (5T1+N) [wlp—rl—i—wo (ﬁTl—i-N)}27

O0LapL
op

Consider p = 0O:

OLcpL _ 1 n (w1 —wo)l
(9]3 r=0,p=0 N 2NU}O
1 n Nl(l 1 )
TN 2 e N2
N1
~ 19
¢ (19)
indicating a large constant gradient for perfect true negative predictions.
When p # 0:
OLcpL 2wl | 2wiwe(p'1)1
Op |i—opro wiP'1 (w1p'1)?
o 2’LU01
awp'l
4el
~ 20
NPT (20)

showing that the gradient approaches O because € is a small constant. This indicates there is no
effective gradient for false positive cases.

LoG-CosH DICE Loss
The Log-Cosh Dice Loss (Jadon, [2020) is defined as:
»CLog—Cosh = IOg (COSh (»CDice)) . 2D

The gradient of Ly og.cosh With respect to p is:

8£Dice

op (22)

aﬁlggI;C()sh — tanh ('CDice> .

10
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where the gradient of Lpc is:

OLpice (r(p'1+r"14+¢€) —(2p'r+e)1)
=2 2 7 (23)
9p (PpT1+rT1l+¢)

therefore, the gradient becomes:

L1 oe-Cos 2p'r+e€)1
UxlogCosh _ o tanh (Lpice) (— rT - ( p ) 2.
op Pl+r'lte (pTl14+rTl+e)
Whenr = 0:
oL 0g-Cos 1
T LogCosh = 2 tanh (Lpice) 672 24)
op r=0 (pTl-l-e)

Note that when p = 0, the gradient of Ly 4s-cosh With respect to p becomes 0, indicating that £ og.cosh
does not suffer from the issue of large constant gradients for perfect true negative predictions. How-
ever, when p # 0, L1 og-cosh Still decreases as the number of false positives increases. This behavior
implies that as false positives grow, the model becomes less effective in correcting errors.

ADAPTIVE LOSS

The proposed Ladapiive 1S defined as:

ACAdaptive :g(p) : [rOriginal(pa I') + (1 - g(p)) ) [’Flipped(ﬁa f)- (25)

When r = 0, the positive pixel ratio p becomes 0. Since ¢(0) is set to 0, we have:

EAdaptive | r=0 — EFlipped . (26)

This allows the loss to handle all-background cases effectively, as Lgjipped is designed to perform
well in such scenarios (see Section [2.2).

C DETAILS OF THE HOUSTON WETLAND DELINEATION DATASET

The Houston Wetland Delineation Dataset was constructed to address the challenges of real-world
positive-sparse conditions in segmentation tasks. Below, we provide additional details about its data
sources, preprocessing steps, and annotation process, which were omitted in the main paper due to
space limitations.

DATA SOURCES

The dataset integrates two complementary data modalities:

Digital Elevation Model (DEM): Sourced from the United States Geological Survey (USGSﬂ),
the DEM data is LiDAR-based, offering precise elevation measurements. LiDAR (Light Detection
and Ranging) is a remote sensing technology that uses laser pulses to measure distances, providing
high-resolution and accurate elevation data. The DEM consists of single-channel images with pixel
values ranging from 13.69 to 95.20 meters, capturing the topographical variation of the Houston
region.

National Agriculture Imagery Program (NAIP): The NAIP imagery, also provided by the USGS,
contains four-channel data (RGB + Near-Infrared). The pixel intensity values range from 0 to 255,
enabling detailed analysis of vegetation, water bodies, and urban structures. This multi-spectral
information is critical for wetland delineation tasks.

'"https://www.usgs.gov
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Figure 2: NAIP image showing an example of the irregular shape of the Houston area. Patches with
over 70% background (background is shown as the black area in this figure) are excluded from the
dataset.

Figure 3: Examples of cropped images used for training. (a) Images discarded due to over 70%
non-Houston area, (b) images retained for training.

ANNOTATION AND GROUND TRUTH GENERATION

Ground truth annotations were created using QGI guided by high-resolution satellite imagery
from Google Maps. The annotation team comprised Ph.D. students with expertise in environmental
science and remote sensing. Each patch was manually labeled, with particular care taken to ensure
accuracy in delineating wetland boundaries.

The ground truth data highlights the sparse distribution of positive regions, with valid annotations
covering only 1.464% of the total area. This extreme sparsity underscores the difficulty of the task
and the necessity of adaptive loss functions tailored for such conditions.

PREPROCESSING AND FILTERING

To enhance the relevance of training data, the dataset was divided into 560 x 560 patches. However,
the irregular shape of the Houston area resulted in many patches containing substantial amounts of
irrelevant background. To mitigate this, patches where more than 70% of the area fell outside the

https://qgis.org/
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Houston boundary were excluded, as shown in Fig.|3] This preprocessing step reduces noise and
ensures that the model is trained on meaningful regions, improving overall robustness.

IMPLEMENTATION DETAILS

Our experiments are conducted on an NVIDIA GeForce RTX 4090 GPU with 24GB of VRAM,
utilizing PyTorch as the deep learning framework. The system operates on Ubuntu 24.04 LTS, with
CUDA 12.0 and cuDNN 8.7.0. We use U-Net (Ronneberger et al., |2015) as the primary model
for segmentation tasks. Stochastic Gradient Descent (SGD) with a momentum of 0.9 serves as the
optimizer, along with a Cosine Annealing Learning Rate scheduler for a gradual reduction of the
learning rate during training. The batch size is set to 16. Data augmentation is performed using
random rotations. The training process spans 150 epochs, with each dataset split into training, vali-
dation, and testing sets in a 7:1:2 ratio. A fixed random seed of 42 is used to ensure reproducibility
of results. Hyperparameters are optimized using the Optuna framework [’ to ensure effective tun-
ing and performance enhancement. The model is saved based on the best IoU performance on the
validation set, while final evaluation metrics are computed over the entire test set.

C.1 ABLATION STUDY ON ADAPTIVE WEIGHTING STRATEGIES

We conduct a systematic analysis of different weighting strategies in our loss function formulation to
understand the contribution of each component. As shown in Tab.[l| we investigate several variants:
the standard Lpice (A = 1), Lriipped bice (A = 0), and two combined versions with different weighting
schemes (A = 0.5 and \ = p).

The results reveal a clear performance progression. While Lgjipped pice alone performs poorly (IoU:
0.6130, F1: 0.7412) due to its overemphasis on background regions, a naive combination with equal
weights (A = 0.5) shows limited improvement (IoU: 0.7037, F1: 0.8235). Using the proportion of
positive pixels as the weight (A = p) yields better results (IoU: 0.7209, F1: 0.8348), outperforming
both individual losses. However, our proposed Lagapiive Dice With the adaptive weighting function
g(p) achieves the best performance (IoU: 0.7563, F1: 0.8583), demonstrating that a more sophis-
ticated weighting mechanism is crucial for handling the varying distributions of positive pixels in
wetland delineation tasks.

Loss Function IoU?T F11

Lpice (A =1) 0.7144 08118
EFlipped Dice (>\ = 0) 0.6130 0.7412
Lcombined (A = 0.5)  0.7037 0.8235
£Combined ()\ = p) 07209 08348
EAdaptive Dice (g(p)) 0.7563 0.8583

Table 2: Ablation study of different weighting strategies in our loss function on the Houston Wetland
Delineation dataset.

—— Adapative Dice Loss
—— Dice Loss

Loss

Epoch

Figure 4: Comparison of Lpice and Ladapiive Dice 0N the Houston Wetland Delineation dataset.
L Adaptive Dice €Xhibits smoother behavior, enhancing stability during training.

*https://optuna.org
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C.2 PARAMETER SENSITIVITY EXPERIMENT

To assess the sensitivity of our model to the parameters a and k, we conducted a series of experiments
varying these parameters while keeping all other variables constant. The IoU and F1 scores for
different combinations of a and k are presented separately in Tabs. [3H4]

Effect of Parameter a. From Tabs.|3H4] we observe that increasing the value of a generally leads
to higher and more stable IoU and F1 scores across different £ values. Specifically:

* At a = 0.0001, the IoU and F1 scores fluctuate significantly with varying £, indicating
sensitivity to parameter k at low a values.

* As a increases to 0.001, the performance improves, especially for higher & values (k >
3000), where IoU and F1 scores reach approximately 0.7570 and 0.8587, respectively.

» For a > 0.002, the IoU and F1 scores become consistently high (around 0.755 and 0.858)
across all k values tested, demonstrating that higher values of a mitigate the sensitivity to
k.

Effect of Parameter k. The impact of parameter k on performance varies depending on the value
of a:

* At lower a values (e.g., a = 0.0001 and a = 0.0005), the model’s performance is more
sensitive to changes in k, with IoU and F1 scores showing noticeable fluctuations.

* When « is increased to 0.001, the performance becomes more stable for higher & values,
but some variability remains at lower k.

* At a > 0.002, the influence of k£ on performance is minimal, indicating that a higher a
value effectively reduces the model’s sensitivity to k.

Optimal Parameter Settings. The parameter sensitivity analysis indicates that a is a crucial pa-
rameter influencing the model’s performance and stability. Higher values of a lead to improved and
consistent results, effectively mitigating the sensitivity to k. However, considering that a x k will
be exponentiated, selecting excessively large values of k£ may cause numerical instability or compu-
tational challenges. Therefore, we recommend selecting a > 0.002 for optimal performance, while
choosing k within a reasonable range to balance performance and computational stability.

a\k 500 1000 3000 5000 10000
0.0001 0.6213 0.7031 0.6219 0.6879 0.6095
0.0005 0.7201 0.6159 0.7552 0.6615 0.7559
0.001 0.7040 0.6811 0.7570 0.7570 0.7569
0.002 0.7554 0.7558 0.7556 0.7559 0.7558
0.003 0.7552 0.7558 0.7558 0.7557 0.7557

Table 3: IoU scores for different k and a values in the parameter sensitivity experiment.

a\k 500 1000 3000 5000 10000
0.0001 0.7629 0.8223 0.7613 0.8114 0.7517
0.0005 0.8344 0.7565 0.8575 0.7917 0.8579
0.001 0.8230 0.8070 0.8587 0.8587 0.8586
0.002 0.8576 0.8580 0.8578 0.8580 0.8580
0.003 0.8575 0.8579 0.8578 0.8578 0.8578

Table 4: F1 scores for different k£ and a values in the parameter sensitivity experiment.
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Figure 5: Visualization of segmentation results on the Houston Wetland Delineation dataset. (a)
Remote sensing inputs in RGB, (b) Ground truth labels, (c) Segmentation results with Dice Loss,
(d) Segmentation results with Adaptive Dice Loss. Adaptive Dice Loss demonstrates better handling
of sparse water regions and improved delineation of boundaries.

C.3 LoSS ANALYSIS

We analyze the training dynamics of Lpice and Ladaptive Dice 0N the Houston Wetland Delineation
dataset. As shown in Fig.[4] £adapiive Dice demonstrates notably smoother behavior compared to stan-
dard Lpic. The standard Dice Loss exhibits significant fluctuations, particularly in positive-sparse
scenarios where gradient instability occurs. In contrast, our Adaptive Dice Loss maintains more
stable gradients through its dynamic weighting mechanism, leading to more consistent optimization
during training.

This improved stability directly translates to better segmentation performance, as demonstrated in
our case studies below. The smooth training behavior of £agapiive Dice €nables the model to better
handle both false positive and false negative cases, which are common challenges in wetland delin-
eation tasks.

C.4 CASE STUDIES
We present four representative cases from the Houston Wetland Delineation dataset to demonstrate

the advantages of our Adaptive Dice Loss over standard Dice Loss, as shown in Fig.[5| The first two
cases highlight how standard Dice Loss can lead to false positives in all-background regions. In these
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instances, Dice Loss fails to provide effective gradients, resulting in spurious wetland predictions.
Our Adaptive Dice Loss successfully suppresses these false detections by leveraging the flipped
formulation when the positive pixel proportion is low.

The latter two cases illustrate the opposite scenario where Dice Loss misses actual wetland regions,
producing false negatives. This typically occurs in positive-sparse scenarios where the gradient
variance of Dice Loss becomes unstable. Our Adaptive Dice Loss maintains more stable gradients
through its dynamic weighting mechanism, enabling better detection of these sparse wetland regions
while preserving precise boundary delineation.
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