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Abstract. Melt ponds are a key component of the summer Arctic sea-ice surface because their formation
and evolution strongly affect surface albedo, energy absorption, meltwater redistribution, and sea-ice
mass balance. Most previous remote-sensing studies have treated melt ponds as a single surface class,
15 limiting the characterization of heterogeneous pond states during late-summer melt and refreezing. In
this study, we developed MP-Unet, a stage-aware semantic segmentation framework for identifying
Open, Transitional, and Frozen Melt Ponds from high-resolution unmanned aerial vehicle imagery
acquired during the 14th Chinese National Arctic Research Expedition. MP-Unet integrates residual
blocks with channel attention, atrous spatial pyramid pooling, attention-gated skip connections, and an
20  auxiliary binary segmentation head. The full model achieved an Fl-score of 0.9440 and a mean
intersection over union of 0.7466, with class-specific IoU values of 0.5897, 0.7544, and 0.6539 for Open,
Transitional, and Frozen Melt Ponds, respectively. Stage-resolved mapping revealed marked spatial
heterogeneity among the five observation sites, while Transitional Melt Ponds accounted for
approximately 80.3% of the total pond area in the pooled sample. Pond area—frequency distributions
25 showed a general scale-dependent decline and a sparse large-area tail, although the strength of the fitted
scaling relationship varied among sites. Object-level analysis further showed that Frozen Melt Ponds
generally had more compact and regular shapes, whereas Open Melt Ponds exhibited broader circularity

distributions extending toward lower values. DEM-assisted analysis indicated significant stage-
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dependent differences in local relative elevation: Transitional Melt Ponds occupied lower local
30 topographic positions than Frozen Melt Ponds, despite the absence of significant differences in distance
to the nearest ridge-like feature. These findings demonstrate that stage-aware classification provides
information beyond conventional binary melt pond mapping by linking surface-state identification with
pond morphology and local microtopographic position. The proposed framework offers a practical basis
for fine-scale observations of Arctic sea-ice surface evolution and for the validation and improvement of

35 satellite and numerical melt pond products.

Key words: Arctic sea ice; melt ponds; high-resolution UAV imagery; semantic segmentation; stage-

aware classification; microtopography

Highlights. A stage-aware MP-Unet was developed for four-class segmentation of Arctic melt ponds
from high-resolution UAV imagery. The proposed model achieved an mloU of 0.7466 and an F1-score
40 of 0.9440. Transitional Melt Ponds dominate late-summer melt pond area and exhibit distinct
morphological characteristics. DEM-assisted analysis reveals significant stage-dependent differences in
local relative elevation. The proposed framework links deep-learning-based stage classification with melt

pond morphology and microtopographic associations.
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1 Introduction

45 Melt ponds on the Arctic sea-ice surface in summer are a key surface feature regulating surface albedo
and sea-ice mass balance. Their formation, expansion, drainage, and refreezing are not isolated events,
but successive stages in sea-ice surface evolution that influence heat absorption, meltwater redistribution,
and the fate of freshwater at the ice—ocean interface (Webster et al., 2022). As the extent of Arctic sea ice
has been on the decline for decades, an open Arctic Ocean free of sea ice is projected to occur in the near

50 future (Stroeve and Notz, 2018; Heuzé and Jahn, 2024). In this context, refined observations of melt
ponds on summer sea ice are still urgently needed, for the understanding of physical processes at summer
sea-ice surface and accurate parameterization in numerical modeling (Lu et al., 2018; Perovich et al.,
2008).

Previous studies have primarily focused on melt pond fraction retrieval, geometric characterization, and

55 the relationship between melt ponds and sea-ice microtopography (Aparicio et al., 2023; Huang et al.,
2016). However, most of these studies still treat melt ponds as a static target, while potential changes in
pond surface conditions during melt pond evolution, such as freezing, were neglected (Lee et al., 2020;
Aparicio et al., 2023). As a result, it remains difficult to establish quantitative links between floe-scale
microphysical processes and the regional/basin-scale ablation response of sea ice (Polashenski et al.,

60 2012; Hohenegger et al., 2012; Ding et al., 2020; Niehaus et al., 2025).

Recent advances in low-altitude UAV remote sensing and deep learning have created new opportunities
for centimeter-scale melt pond observations. Airborne and UAV imagery have already improved melt
pond extraction, sea-ice surface classification, and three-dimensional reconstruction (Miao etal., 2015;
Sudakow et al., 2022; Reil et al., 2024; Wang et al., 2018; Zhou et al., 2025), but these developments

65 have mainly enhanced the detection of melt ponds as surface features rather than the interpretation of

their evolving surface states (Aparicio et al., 2023).
To address these gaps, this study develops a stage-aware framework for Arctic melt pond analysis using
high-resolution UAV imagery. Three observable melt pond surface states—Open, Transitional, and
Frozen Melt Ponds—are distinguished using the proposed MP-Unet semantic segmentation model. The

70  resulting stage-resolved maps are then used to examine site-level composition, object-level area and

shape characteristics, and associations with ridge-related microtopography. Specifically, this study aims
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to: (1) evaluate the capability of MP-Unet to distinguish melt pond surface states under complex sea-ice
background conditions; (2) quantify stage-dependent differences in pond coverage, area distributions,
and circularity; and (3) assess whether melt pond stages occupy different local microtopographic
75 positions relative to ridge-like features. By linking stage-aware classification with morphological and
topographic analyses, the study provides a process-relevant observational framework for characterizing

heterogeneous melt pond conditions during the late Arctic summer.

2 Research Data

2.1 Study Area

80  According to the NOAA Arctic Report Card (Moon et al., 2024), in the 2024 summer, sea surface
temperatures in most Arctic marginal seas were 1-4 °C above the 1991-2020 climatological mean,
accompanied by rapid sea-ice retreat. By contrast, the study area in the central Arctic Ocean (85.5°
—87.5°N, 142.0°-155.0°E, Fig. 1), remained characterized by thicker multiyear ice floes and
relatively high sea-ice concentration of about 90%.

85  During the first phase of the 14th Chinese National Arctic Research Expedition, R/V Xuelong 2
entered the Arctic Ocean through the Bering Strait on 17 July and reached 80° N on 4 August before
sailing northeastward into the central Arctic. Several temporary ice stations were subsequently
established on large ice floes for multidisciplinary investigations. In this region, surface melt
progressed relatively slowly with the gradual development of melt ponds driven by synoptic

90  processes.

According to meteorological records from the automatic weather station (AWS) aboard R/V Xuelong 2
during 7-15 August, near-surface air temperature was predominantly below freezing, averaging —1.54 °C
and ranging from —4.1 to 1.1 °C, while relative humidity remained high (74%—-99%). Visibility was
generally moderate to good but occasionally fell below 1 km. Station pressure rose to approximately

95 1012 hPa before decreasing to about 986 hPa on 14 August, indicating the influence of a transient low-
pressure system. During the UAV surveys, estimated air temperature ranged from —1.67 to —0.43 °C and
wind speed from 2.74 to 10.84 m s™*. The S3 and L1 flights were conducted under particularly strong
winds of approximately 10-11 m s, and the wind direction shifted markedly among the survey periods.

These predominantly cold, humid, and dynamically varying meteorological conditions provide essential
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Fig 1. Study area, UAV orthomosaic at Station S3, and AWS meteorological conditions during UAV

operations.

105 2.2 Data

UAV observations were conducted at 5 temporary ice stations on 8, 12, and 14 August 2024,

corresponding to the late melt season and a critical period approaching the annual minimum sea-ice

extent. A DJI Mavic 3 Classic (M3C) quadrotor was used to acquire optical imagery of the sea-ice surface

along parallel flight tracks, with a mean flight speed of approximately 10 m s'. The M3C platform was

110

equipped with a Hasselblad L2D-20c camera featuring a 4/3-inch CMOS sensor with 20 megapixels, a

focal length of 12 mm, and an aperture range of f/2.8—{/11. To ensure image quality over highly reflective

snow and ice surfaces, all aerial surveys were conducted using unified camera settings, including an
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aperture of 1/2.8, a shutter speed of 1/1600 s, and an ISO of 100, to obtain imagery with a high signal-to-

noise ratio. Flight routes and altitudes were adjusted in real time according to local ice and meteorological
115 conditions to balance spatial coverage and ground-resolution.

A total of seven flights were implemented, covering an effective observation area of approximately 3.7

km? in total (Table 1). High-resolution aerial imagery and video data covering the main floe where the

ice-station was established, were acquired. Quality control and basic geometric correction were carried

out before further analysis.

120 Table 1. UAV remote sensing during the CHINARE-14 expedition

Acquisition Time Image size Coverage Number of
Ice Station
(UTCO) (pixels) (km?) Images
S2 2024-08-08T01:49Z 5280*3956 0.7 km? 198
S3 2024-08-08T19:19Z 5280%3956 0.8 km? 337
L1 2024-08-12T20:28Z 3840*2160 0.9 km? 549
S5 2024-08-14T13:26Z 5280*3956 0.7 km? 266
S6 2024-08-14T21:49Z 5280%3956 0.6 km? 228

To synchronously record platform motion, the differential GNSS receiver installed on Xuelong 2
continuously logged ship position (latitude and longitude), heading, and Coordinated Universal Time
(UTC) at a sampling frequency of 1 Hz. These data were used to characterize platform motion within the
sea-ice reference frame and to constrain subsequent drift correction of the UAV imagery, thereby

125 improving the spatial consistency of the image sequence.

2.3 Drift correction and photogrammetric processing

In the Arctic sea-ice environment, airborne imagery is often affected by systematic spatial offsets caused
by sea-ice drift, which appear as time-varying misalignments between consecutive images. These offsets
are primarily associated with the advection of drifting sea ice, although minor rotational components may
130 also be present. To reduce their influence on image registration and subsequent melt pond analysis, this
study adopted a translation-based drift-correction method using the drift trajectory of the sea-ice floe.
Because the research vessel was moored to the sea-ice surface during the field investigation, changes in
its GPS position were used as an approximate proxy for the motion of the underlying sea-ice floe (Lund
etal., 2018; Krumpen et al., 2021). On this basis, the sea ice within the observed area was approximated

135 as a rigid body over short time scales, and sea ice motion was dominated by translational movement.

6
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Specifically, the acquisition time of the first image, t,, was taken as the reference time. For each
subsequent image acquired at time t;, the corresponding ship position was estimated from the shipborne
GPS trajectory using cubic-spline interpolation. The relative drift displacement between t; and ¢,

was then represented by the translation vector:
AP, = stip(ti) - stip (to) €8]

140 Where P tip (t) denotes the interpolated ship position at time t, and AP; represents the estimated drift
displacement of the sea-ice floe relative to the reference time.
The geolocation of each image was subsequently corrected by applying the inverse of the estimated drift

vector:

Peorrectea = Praw — AP; )]

Where P.qy, and Pyrecteq denote the original and drift-corrected image positions, respectively. This
145 procedure was applied as a whole-image translation to compensate for the bulk translational motion of
the sea ice.
Following drift correction, the corrected UAV imagery was processed in Agisoft Metashape Professional
(Agisoft LLC, Russia) using a standard Structure-from-Motion (SfM) photogrammetric workflow. The
processing pipeline included feature detection and matching, image alignment, bundle adjustment, dense
150  point-cloud reconstruction, mesh generation, and DEM interpolation. During image alignment, the drift-
corrected image positions were used as initial camera locations to improve geometric consistency within
the common sea-ice reference frame.
The reconstructed dense point cloud was subsequently interpolated to generate a digital elevation model
(DEM) representing the local surface topography of the sea-ice floe. Orthorectification and image
155 mosaicking were then performed to produce the final orthomosaic used for melt pond mapping.
Consequently, both the orthomosaic and DEM were generated from the same photogrammetric
reconstruction workflow and shared a consistent spatial reference.
Because no ground control points were available during the expedition and photogrammetric
reconstruction over snow- and ice-covered surfaces is subject to uncertainties associated with low-texture
160  regions, the DEM was used exclusively for analyses of local relative elevation rather than absolute

surface elevation. Accordingly, all subsequent topographic analyses focused on elevation differences
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between individual melt ponds and their surrounding reference areas.

3 Methods

EGUsphere\

Workflow of the proposed melt pond detection and stage classification framework
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165 Fig 2. Workflow of the study

Figure 2 illustrates the overall methodological framework of this study for Arctic melt pond identification

and stage classification based on UAV observations and deep learning. Using shipborne GPS data and

high-resolution UAV imagery, the workflow consists of data preprocessing, sea-ice-drift correction, melt

pond stage classification, model performance evaluation, and subsequent morphological and spatial

170 analyses.

Specifically, the raw observations were first preprocessed through data cleaning, temporal interpolation,

coordinate unification, radiometric adjustment, and drift correction to ensure cross-source consistency.
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The proposed MP-Unet was then applied to perform pixel-level classification of the sea-ice surface into
Frozen Melt Pond, Open Melt Pond, Transitional Melt Pond, and background classes, and its
175 performance was evaluated using Precision, Recall, F1-score, IoU, and mloU. Based on the classification
outputs, further analyses of morphology and spatial organization were conducted to characterize the
geometric properties, aggregation patterns, and dominant elongation directions of melt ponds at different

stages.

3.1 MP-Unet

180  3.1.1 Training Dataset

The corrected UAV orthomosaic was manually interpreted and annotated for melt pond classification
based on field observation experience and visual interpretation. According to the surface state of melt
ponds and their visual appearance in the UAV imagery, the annotated samples were divided into four
classes: background, Open Melt Pond, Transitional Melt Pond, and Frozen Melt Pond.

185 The background class was assigned an attribute code of 0 and an RGB value of (255, 255, 255). It mainly
refers to sea-ice surfaces outside melt ponds, including bare ice, snow-covered ice, and other non-pond
areas. Open Melt Ponds were assigned an attribute code of 1 and an RGB value of (255, 0, 0). This class
mainly corresponds to ponds without visible ice cover on the surface, which typically appear dark blue
to deep blue in the UAV imagery. Transitional Melt Ponds were assigned an attribute code of 2 and an

190  RGB value of (0, 0, 255). This class represents a transitional state between Open Melt Ponds and Frozen
Melt Ponds, often characterized by mixed blue tones, partial surface ice cover, or heterogeneous surface
textures, indicating the unstable and transitional nature of the pond surface. Frozen Melt Ponds were
assigned an attribute code of 3 and an RGB value of (0, 255, 0). This class mainly refers to melt ponds

whose surfaces are covered by continuous or nearly continuous ice.

Open Melt Pond

Transitional Melt Pond

195 Frozen Melt Pond
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Fig 3. Annotation examples and representative subset image

A set of RGB-derived optical features was extracted from the manually annotated images (Fig. 4).
Besides the DNs of the R, G, and B channels, brightness, L#, and saturation were used to describe class
separability. Brightness represents the apparent light—dark intensity of the RGB image, L* denotes
200  perceptual lightness in the CIE 1976 L+#a#b* colour space, and saturation describes the departure of a
colour from an achromatic grey or white appearance in HSV/HSB-type colour models (CIE, 2007; Smith,
A. R. 1978). The probability density distributions of the R, G, and B channels (Fig. 4a—c), together with
the boxplots of brightness, L* and saturation (Fig. 4d—f), indicate that the three manually defined melt

pond classes are visually distinguishable and separable in optical-feature space.
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Fig 4. Object-level optical-feature distributions of the three melt pond classes. (a - ¢) Probability density

distributions of DN in the R, G, and B channels. (d - f) Boxplots of brightness, L*, and saturation.

The constructed dataset contains a total of 70 annotated images, of which 65 were used for training and

5 for testing and qualitative visual evaluation. The dataset was divided at the image level rather than at
210 the patch level to prevent spatially adjacent patches from the same source image from appearing in both

training and testing sets. Considering GPU memory constraints, the need for stable batch-based training,

and the representation of fine-scale textures and boundary structures, image patches of 256x256 pixels
10
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were adopted as the basic input unit for both training and inference (Fig. 3). After sliding-window
cropping of all annotated images, 18,120 image-label patch pairs were generated for model training.
215 To improve model generalization and reduce the risk of overfitting, online random data augmentation
was applied during training. Unlike offline augmentation, which explicitly duplicates samples, online
augmentation dynamically applies random geometric and photometric transformations to the same patch
at each iteration, thereby expanding the effective sample distribution without increasing storage burden.
The augmentation operations included common semantic-segmentation transformations such as rotation,
220 flipping, scaling, cropping, noise perturbation, and color adjustment. This strategy improves the model’s
adaptability to images with variations in orientation, scale, and local illumination, and thus enhances
robustness of trained model under complex sea-ice surface conditions.
To ensure comparability among subsequent ablation experiments, all experiments used the same data
split, and the random state was explicitly fixed by using the same random-seed in the Dataloader workers.
225 Meanwhile, all experimental groups shared the same random-sequence settings to minimize performance
fluctuations caused by stochastic perturbations and to improve the interpretability of performance

differences introduced by different model components.
3.1.2 Network Architecture Design

Built upon the classical U-Net encoder—decoder architecture (Ronneberger et al., 2015), a four-class
230 semantic segmentation of summer sea-ice surfaces, namely MP-Unet, was designed to address the
challenges posed by the similarity between melt ponds and background textures, ambiguous class
boundaries, and pronounced variations in melt pond scale on UAV imagery. The network retains the
multi-scale feature fusion advantage of the U-shaped architecture while introducing several task-oriented
modifications to key modules (Fig. 5). Specifically, MP-Unet incorporates residual blocks-SE with
235 channel attention in the encoder, an atrous spatial pyramid pooling module in the bottleneck, an attention
gating mechanism in the skip connections, and an auxiliary binary classification head at the end of the
decoder, thereby enhancing the representation and segmentation of melt ponds at different stages under
complex sea-ice background conditions.
First, Residual learning (He et al., 2016) was adopted by replacing the Double Conv module in the
240 original U-Net with a residual convolutional block to capture subtle textures among different melt pond

stages, weak-contrast boundaries, and local variations in surface state. In addition, a Squeeze-and-

11



https://doi.org/10.5194/egusphere-2026-4430
Preprint. Discussion started: 10 August 2026 G
© Author(s) 2026. CC BY 4.0 License. E U Sp here

Excitation (SE) channel attention mechanism (Hu et al., 2020) was embedded into the residual block-SE
to explicitly model inter-channel dependencies and adaptively recalibrate feature channels, thereby
strengthening discriminative information related to melt pond boundaries, local textures, and surface
245 freezing states. Let the input feature be x; then the output of the residual module can be expressed as

Equation (3):
y = o(F(x) + Wsx) 3

where F(x) denotes the residual mapping learned by convolutional transformations, Wsx is the linear
mapping of the shortcut branch, and o is the nonlinear activation function. On this basis, the SE module
further reweights residual features along the channel dimension, improving gradient propagation in deep
250  networks while enhancing the network response to key semantic features.
Second, given the substantial scale variation of melt pond targets, relying solely on local convolutional
receptive fields is insufficient to capture their multi-scale contextual information, especially in complex
backgrounds and near boundary regions where misclassification is more likely to occur. To address this
issue, an Atrous Spatial Pyramid Pooling (ASPP) module (Chen et al., 2018) was introduced into the
255 bottleneck layer. By combining parallel convolutional branches with different atrous rates and a global
average pooling branch, the ASPP module jointly models contextual information at multiple scales. This
design effectively enlarges the receptive field without substantially increasing the number of parameters,
thereby improving the model’s ability to perceive melt pond morphology at different scales as well as its
surrounding environmental context, and ultimately enhancing multi-class representation in complex

260 scenes.

12
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Fig 5. Model Architecture Diagram

Third, in the decoder, the original U-Net directly fuses low-level encoder features with high-level decoder
features through skip connections. Although this design helps recover spatial details, it may also pass
265  background textures and noise irrelevant to the target into the decoder, thereby weakening classification
discriminability. To alleviate this problem, an Attention Gate module (Oktay et al., 2018) was introduced
into the skip connections, allowing high-level semantic information from the decoder to selectively filter
low-level encoder features. This suppresses irrelevant background responses while enhancing effective
features related to melt ponds. The gated skip features are then fused with the upsampled features and
270 further refined by residual convolutional modules, thereby improving boundary recovery and class
discrimination, particularly for weak-boundary targets such as Transitional Melt Ponds.
In addition, to further reduce false positives in the background and improve the overall separability of
foreground regions, an auxiliary binary classification head was introduced at the end of the decoder. This
branch divides the sea-ice surface into two classes, namely melt pond and non-melt pond, and is jointly
275 supervised with the main four-class branch during training. Rather than replacing the main task, this
auxiliary branch serves as an additional constraint, guiding the network to maintain overall sensitivity to

foreground regions while learning fine-grained inter-class differences, thereby reducing mis-

13
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classification under complex sea-ice background conditions. Ultimately, the main branch outputs pixel-
level classification results for background, Open Melt Ponds, Transitional Melt Ponds, and Frozen Melt
280  Ponds, whereas the auxiliary branch improves the stability and robustness of foreground recognition.
Overall, MP-Unet is a task-oriented architecture specifically designed for Arctic melt pond stage
classification through coordinated enhancement of feature extraction, multi-scale contextual modeling,
skip-feature selection, and background suppression. Through the combined effects of ResBlock-SE,
ASPP, Attention Gate, and the auxiliary binary classification head, the model can more effectively cope
285 with the complex background, subtle inter-class differences, and potential scale variation of Arctic sea-

ice surfaces, thereby improving the accuracy and stability of multi-stage melt pond classification.
3.1.3 Loss Function and Training Strategy

For loss design, the main branch was optimized using a weighted combination of weighted cross-entropy
loss and Dice loss. The weighted cross-entropy term enhances pixel-level class discrimination and
290 alleviates the effects of class imbalance through category-specific weights, whereas the Dice loss
improves the learning of small targets and boundary regions. The loss function for the main branch is

defined in Equation (4).
Lmain = 0'7LCE + 0-3LDice (4)

L¢gdenotes the multi-class cross-entropy loss with class weights, and Lp;., denotes the multi-class Dice

loss. The class weights were set to [1.6,2.0,2.0,2.0] for background, Open Melt Ponds, Transitional Melt
295 Ponds, and Frozen Melt Ponds, respectively, to place greater emphasis on foreground classes.

The auxiliary branch was supervised using a binary cross-entropy loss for the melt pond/non-melt pond

classification task, and its loss is defined as Equation (5):

Laue = Leg ™" )
Accordingly, the total loss function of the model can be written as Equation (6):

L = Lpgin +0.3Lguy = 0.7Lcg + 0.3Lpjce + 0.3L gy (6)

By jointly optimizing the main and auxiliary tasks, the network can maintain stable sensitivity to the
300 overall melt pond foreground while learning fine-grained stage differences, thereby improving

classification accuracy and robustness under complex sea-ice background conditions.

14
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All experiments were carried out on a workstation equipped with an NVIDIA RTX 4090 GPU (24 GB).
The software environment consisted of CUDA 12.1, Python 3.12, and PyTorch 2.3.0. Model training was
performed using the AdamW optimizer, which incorporates decoupled weight decay into adaptive
305 learning-rate optimization and thus improves both training stability and model generalization. Based on
preliminary tests and hardware constraints, the main training hyperparameters used in this study are

summarized in Table 2.

Table 2. Hyperparameter Configuration

hyperparameters Value
Maximum number of training epochs 1000
Batch size 16
Learning Rate 0.0001
Weight Decay 0.0005
Early Stopping 10

Input samples were uniformly cropped into 256 x 256 patches, and the base number of network channels

310 was set to 32. Mixed-precision training was adopted to improve training efficiency and GPU memory
utilization. To reduce overfitting and enhance training stability, online random data augmentation and an
early stopping strategy were jointly employed, with the patience parameter set to 10.

To improve the model’s adaptability to complex dark-background regions, a dark-background-aware
sampling strategy was introduced during training. Specifically, the proportion of dark background in each

315 sample was first estimated based on grayscale statistics, and the training samples were then stratified
accordingly. In each batch, dark-background patches were included at a fixed proportion to improve the
model’s ability to distinguish low-intensity background regions from melt-pond-like areas. Without
altering the overall data split, this strategy increased the coverage of complex background conditions in
the training data, thereby enhancing model robustness in real sea-ice scenes.

320 Overall, the adopted joint loss design, standardized training configuration, and background-aware
sampling and model-selection strategies improved the model’s adaptability to class imbalance, weak
boundaries, and complex background conditions, while also ensuring fairness, reproducibility, and
interpretability of the experimental results. These settings provide a reliable basis for subsequent model

evaluation and result analysis.
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325 3.1.4 Evaluation Metrics

To quantitatively evaluate the classification performance of the model for melt ponds at different stages,
Precision, Recall, Fl-score, Intersection over Union (IoU), and mean Intersection over Union (mloU)
were adopted as the primary evaluation metrics. Among them, Precision, Recall, F1-score, and IoU were
mainly used to assess the model’s ability to identify target classes, while mIoU was used to characterize
330 the overall performance of the model in the multi-class segmentation task.
For a given class, let TP (True Positive) denote the number of pixels correctly predicted as that class, FP
(False Positive) denote the number of pixels incorrectly predicted as that class, and FN (False Negative)
denote the number of pixels belonging to that class but not correctly identified. The evaluation metrics
are defined as follows.
335 Precision represents the proportion of pixels predicted as the target class that belongs to that class. It is
used to measure the accuracy of positive predictions, as shown in Equation (7).

TP
Precision TP T FP 7

Recall represents the proportion of pixels belonging to the target class that are correctly identified by the
model. It is used to measure the detection capability of the model for the target class, as shown in
Equation (8).

Recall = ——+— ®)
= TP Y FN

340 The F1-score is the harmonic mean of Precision and Recall and is used to comprehensively evaluate the
balance between precision and completeness, as shown in Equation (9).

2 X Precision X Recall _ 2TP
Precision + Recall ~ 2TP 4+ FN + FP

®

F1 — score =

The IoU represents the degree of overlap between the predicted region and the ground-truth region, and

is one of the commonly most used metrics in semantic segmentation, as shown in Equation (10).

TP (10)

loU = FP+ FN

mloU is defined as the average IoU over all classes and is used to evaluate the overall performance of
345 the model in the multi-class segmentation task. Let C denote the total number of classes, and let IoU

denote the IoU of the i-th class, as shown in Equation (11).
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c
1
mloU =EZIOUL- (11)
=1

3.2 Melt Pond parameters

After the classification, further quantitative analyses were conducted from two complementary
perspectives: individual geometric characteristics and collective spatial organization. The former was
350 used to characterize melt pond area, boundary complexity, and shape properties, whereas the latter was
used to reveal local-scale aggregation patterns, dominant elongation directions, and directional
consistency. By combining morphological and spatial analyses, the geometric attributes and spatial
organization of melt ponds at different stages can be characterized more systematically, thereby providing
quantitative support for understanding melt pond evolution and its environmental response.
355 (1) Melt Pond Fraction (MPF)
Melt Pond Fraction (MPF) describes the proportion of melt pond area relative to the total area within a
given analysis region and is a fundamental metric for characterizing melt pond coverage. MPF can be
calculated separately for different melt pond stages to quantify the relative proportions of Frozen Melt

Ponds, Open Melt Ponds, and Transitional Melt Ponds in the study area, as shown in Equation (12):

A
MpF = -kond (12)

total
360  where Aj,qnq is the area of melt ponds belonging to the target class, and A¢q; is the total area of the
analysis region. A larger MPF indicates greater areal coverage of that melt pond class within the region.

(2) Area distribution

To characterize the scale-dependent distribution of melt pond areas, the relationship between the area of

an individual melt pond, S, and its corresponding number of ponds, N(S), was analyzed and fitted in
365 logarithmic space. Previous studies have shown that melt pond area distributions often exhibit power-

law behavior over a certain range of scales (Huang et al., 2016; Popovi¢ et al., 2018), as expressed in

Equation (13):
log1o N(S) = alog,y S +b (13)

where S denotes the representative area of a logarithmically spaced area bin, N(S) denotes the number
of melt ponds within that bin, « is the power-law exponent, and b is a constant term. This metric was

370 used to describe area-distribution patterns across different scales and to examine whether scale-dependent
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differences exist among melt ponds at different stages.

(3) Circularity

Circularity measures the closeness of a melt pond shape to an ideal circle and is an important indicator
of shape regularity, as shown in Equation (14):

4mA

375 where 4 is the melt pond area and P is the melt pond perimeter. In theory, CE[0,1]. When C=1, the
object is a perfect circle. Smaller values of C indicate that the melt pond is more elongated, fragmented,

or irregular in boundary shape.

The perimeter-to-area ratio was used only as an auxiliary metric for interpreting boundary complexity.

For melt ponds with similar areas, a larger perimeter-to-area ratio suggests a more convoluted or
380 fragmented boundary. In this study, circularity was therefore treated as the main indicator of shape

regularity, whereas the perimeter-to-area ratio was used to provide supplementary evidence for edge

complexity.
3.3 Continuous analysis of stage-dependent ridge-related microtopographic associations

(1) Elongation
385 To examine the associations between ridge-related microtopography and melt pond characteristic, the
minimum rotated bounding rectangle was fitted to each melt pond polygon. The elongation ratio was

defined as the ratio of the major axis length to the minor axis length:

E= (15)

where L and W denote the lengths of the major and minor axes of the minimum rotated rectangle,

respectively. Larger values of E indicate increasingly elongated pond morphology, whereas values
390 approaching | indicate a more equant shape.

(2) Orientation

The dominant orientation of each melt pond was determined from the major axis of its minimum rotated

rectangle. Orientation was expressed as the clockwise angle from geographic north, ranging from 0° to

180°. This orientation characterizes the principal elongation direction of each melt pond and was
395 subsequently compared with the orientation of the nearest ridge-like feature.

(3) DEM-based ridge—pond association analysis
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To investigate the influence of ridge-related microtopography on melt pond organization, DEM data and

manually digitized ridge-like linear features were incorporated as auxiliary topographic information. All

melt pond polygons, ridge-like features, and DEM data were transformed into the same polar
400 stereographic coordinate system (EPSG:3413). Ridge-like features were interpreted from the DEM

hillshade and UAV orthomosaic and were regarded as indicators of local microtopography rather than

exact ice-ridge boundaries.

For each melt pond, the Euclidean distance from the pond boundary to the nearest ridge-like feature was

calculated as
Di = mln(d(PL,R])) (16)

405  where D; denotes the shortest distance between melt pond P; and all ridge-like features R;.
Local topographic position was quantified using DEM-derived relative elevation. For each melt pond,
the median elevation inside the pond was compared with the median elevation of a surrounding annular

zone extending from 2 to 5 m outside the pond boundary after excluding all neighboring pond areas:
Ah’i = hpand,i - hring,i (17)

where h,,; represents the median elevation within pond 7, and h,,; represents the median elevation
410 of the surrounding reference ring. Negative values indicate that the pond occupies a locally depressed

topographic position.

To evaluate directional coupling between melt ponds and ridge-like features, only elongated ponds

(elongation ratio = 1.5) were included. The local orientation of the nearest ridge was estimated from a

short line segment centered on the nearest point along the ridge. The angular difference between pond

415 orientation and ridge orientation was calculated as

A0, = min(lepond,i - 9ridge,[|ﬁ 180° — |9pond,i - eridge,il) (18)

where A6; ranges from 0° to 90°, with smaller values indicating stronger parallel alignment between
the pond major axis and the local ridge orientation.

Finally, statistical analyses were conducted to evaluate stage-dependent associations between melt ponds
and ridge-related microtopography. Ordinary least squares (OLS) regression models were first used to

420 examine the relationships between ridge distance and (i) melt pond area and (ii) local relative elevation
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while accounting for melt pond stage and the interaction between ridge distance and stage. This

interaction term was introduced to assess whether ridge-related topographic associations differed among

Open, Transitional, and Frozen Melt Ponds.

To further quantify stage-dependent differences in microtopographic position, the distributions of ridge
425 distance and local relative elevation were compared among the three melt pond stages using the non-

parametric Kruskal-Wallis test. When significant overall differences were detected, pairwise Mann—

Whitney U tests with Holm correction were performed for multiple comparisons.

Directional coupling between elongated melt ponds and nearby ridge-like features was evaluated using

OLS regression and Spearman's rank correlation analysis. Only melt ponds with an elongation ratio

430 greater than or equal to 1.5 were included in the directional analysis.

4 Results

4.1 Model Performance Evaluation

Ablation experiments were conducted to evaluate the contributions of the Residual Block-SE, ASPP
module, Attention Gate, and the complete MP-Unet to melt pond segmentation performance. The
435 baseline U-Net, three single-module variants, and the complete MP-Unet were evaluated using the same

test set described above. The quantitative results are summarized in Table 3.

Table 3. Quantitative performance comparison of the baseline, single-module variants, and the complete MP-

Unet.
Model
+Residual ~+ Attention
Baseline +ASPP MP-Unet
Block-SE Gate
Indicator
Validation loss 0.1780 0.1754 0.2531 0.1733 0.1703
mloU 0.7288 0.7361 0.6487 0.7430 0.7466
F1-Score 0.9387 0.9396 0.9126 0.9393 0.9440
Precision 0.9300 0.9219 0.9161 0.9274 0.9365
Recall 0.9475 0.9580 0.9090 0.9515 0.9515
Background false
0.0073 0.0083 0.0085 0.0076 0.0066
positive rate
TIoU_Open 0.5256 0.5600 0.4050 0.5617 0.5897
IoU_Trans 0.7479 0.7491 0.6847 0.7587 0.7544
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IoU_Frozen 0.6543 0.6476 0.5232 0.6639 0.6539
IoU_Bg 0.9875 0.9875 0.9824 0.9875 0.9886

As shown in Table 3, compared with the baseline U-Net, introducing the Residual Block-SE improved

440  the overall segmentation performance, with the mIoU increasing from 0.7288 to 0.7361 and the F1-score
increasing from 0.9387 to 0.9396. The Recall also increased to 0.9580, indicating that residual learning
with channel attention enhances feature representation and improves the sensitivity of the network to
melt pond regions. Although the Precision and the IoU of the Frozen Melt Pond class decreased slightly,
the overall segmentation performance was consistently improved.

445 The three single-module variants exhibited different performance characteristics. Among the three single-
module variants, the model incorporating the Attention Gate achieved the best overall performance. The
mloU increased to 0.7430, while the IoU of the Transitional Melt Pond class reached 0.7587 and the IoU
of the Frozen Melt Pond class increased to 0.6639, both representing the highest values among the single-
module configurations. These results indicate that attention-guided skip connections effectively suppress

450 irrelevant background responses while preserving discriminative spatial features, thereby improving the
segmentation of melt ponds with weak boundaries and heterogeneous surface textures.

In contrast, the model incorporating the ASPP module alone showed noticeably weaker performance,
with the mloU decreasing to 0.6487 and the IoU values of Open, Transitional, and Frozen Melt Ponds
dropping to 0.4050, 0.6847, and 0.5232, respectively. This suggests that multi-scale contextual

455 aggregation alone is insufficient to alleviate class confusion under complex sea-ice background
conditions. Without complementary mechanisms for feature refinement and attention-based selection,
the enlarged receptive field may introduce redundant contextual information, resulting in degraded
discrimination between visually similar surface classes.

The complete MP-Unet, which integrates the Residual Block-SE, ASPP module, Attention Gate, and

460 auxiliary binary segmentation head, achieved the best overall performance among all configurations.
Specifically, it produced the lowest validation loss (0.1703), the highest mloU (0.7466), the highest F1-
score (0.9440), the highest Precision (0.9365), and the lowest background false positive rate (0.0066). In
addition, the complete model achieved the highest IoU for the Open Melt Pond class (0.5897) and the
Background class (0.9886), demonstrating an enhanced capability to distinguish subtle texture

465 differences and weak boundary features under complex Arctic sea-ice conditions. Although the IoU

values of the Transitional and Frozen Melt Pond classes were slightly lower than those achieved by the
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Attention Gate-only variant, the complete MP-Unet provided the most balanced segmentation
performance across all categories.
Overall, the ablation study demonstrates that the proposed modules play complementary rather than
470 independent roles in improving segmentation performance. The Residual Block-SE primarily enhances
low-level feature representation, the Attention Gate improves the selective fusion of encoder and decoder
features, and the ASPP module provides richer multi-scale contextual information. Although the ASPP
module alone did not improve segmentation accuracy, its integration with the other proposed modules
contributed to the best overall performance of the complete MP-Unet. These findings indicate that robust
475 stage-aware melt pond segmentation is achieved through the collaborative effects of complementary

architectural components rather than by any single module alone.
4.2 Classification Results

Figure 6 presents the four-class melt pond classification results in several representative sea-ice scenes,
illustrating the model’s ability to identify Frozen Melt Ponds, Open Melt Ponds, Transitional Melt Ponds,
480 and background. Overall, MP-Unet achieved good classification accuracy and spatial consistency across
different scenarios and was able to adapt to the morphological and textural variability of melt ponds at
different stages under complex sea-ice background conditions.
In the scene dominated by Frozen Melt Ponds (S6), the model successfully identified fragmented and
spatially dispersed frozen melt ponds. The classification results correspond well to the light-blue frozen
485 features visible in the original imagery, and the boundaries were delineated clearly. In the scene
dominated by Open Melt Ponds (S2), the model effectively distinguished large connected open melt
ponds from the surrounding transitional melt ponds, producing segmentation results with good spatial
continuity and relatively accurate boundary localization. For melt ponds containing local internal
heterogeneity but dominated by one overall stage, the model also showed stable category discrimination.
490 In the scene dominated by Transitional Melt Ponds (S3), the model was able to identify transitional melt
ponds with complex morphology and diverse scales, while maintaining good classification consistency
in regions with thin ice cover or locally frozen surface features. This indicates a strong discriminative
ability for melt ponds in intermediate stages. In the more complex scene containing inter-ice channels
and open-water areas (S5), the model effectively suppressed interference from non-target water bodies

495 and accurately identified small melt ponds located along channel margins, without showing obvious class
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The local enlarged views further demonstrate that the model performed stably in melt pond boundary

delineation and class separation. Boundaries between different categories were generally clear, with no

obvious over-segmentation or under-segmentation. Overall, MP-Unet was able to accurately identify

melt ponds at different stages across diverse sea-ice scenes, providing a reliable pixel-level segmentation

basis for subsequent morphological and spatial analyses.

A 3
Sy 15/ = ‘
0 52 [
- lv A . *4" /-
N i '
-
- ; PN
Frozen melt pond—dominated scene Prediction Zoomed-in view
site S6, 14 August 2024
b
faf]
Open melt pond—dominated scene Prediction Zoomed-in view
site S2, 08 August 2024
w ~ 5
- - .
oS
o b LY X~
D \ [
» . «
," . - .‘h 7 LA
N a ; T
fre. 4% AL
Prediction Zoomed-in view
:l Open Melt Pond
:l Transitional Melt Pond
I:l Frozen Melt Pond
I:l Background
Scene contaiming leads and open water Prediction

site S5, 14 August 2024

Fig. 6. Melt Pond Classification Results

4.3 Stage composition and object-level morphological differentiation

A multidimensional analysis was conducted to characterize melt pond stage composition, area—frequency

scaling, and circularity across five sites and the pooled sample (Fig. 7).

Melt pond fraction and stage composition exhibit pronounced spatial heterogeneity among the five sites.

S5 has the highest melt pond fraction, reaching approximately 15.4%, followed by S3 at 9.4% and S2 at

23



https://doi.org/10.5194/egusphere-2026-4430
Preprint. Discussion started: 10 August 2026 G
© Author(s) 2026. CC BY 4.0 License. E U Sp here

4.7%. Considerably lower values occur at L1 and S6, where the melt pond fractions are approximately

510 2.6% and 2.3%, respectively. Transitional Melt Ponds dominate the total pond area at S2, S3, S5, and L1,
accounting for approximately 62.0%, 89.4%, 90.0%, and 54.9%, respectively. In the pooled sample,
Transitional Melt Ponds account for about 80.3% of the total pond area, indicating that transitional
surface states are the dominant regional condition. Open Melt Ponds make relatively large contributions
at S2 and L1, accounting for approximately 26.9% and 30.6%, whereas their contributions are very

515 limited at S3 and S5.

The widespread dominance of Transitional Melt Ponds is consistent with the highly variable surface-
energy conditions during the late Arctic summer. Shipboard automatic weather station observations from
5 to 15 August indicated persistently subfreezing but near-melting air temperatures of approximately
—2.15 to —0.93 °C, high relative humidity of 88.85%—-95.97%, variable wind forcing, and a decrease in

520 atmospheric pressure from approximately 1000 to 986 hPa. Under these conditions, radiative heating
may continue to support surface melting, whereas short-term reductions in radiation and enhanced
turbulent heat loss may promote partial refreezing. S6 was the only site dominated by Frozen Melt Ponds.
This difference is broadly consistent with the regional atmospheric conditions during the survey period
but may also reflect local differences in pond properties and microtopography.

525 The log-log area—frequency curves show a common scale-dependent pattern across the five sites. Small
and intermediate ponds are abundant, whereas the number of ponds decreases substantially toward larger
area classes. Nevertheless, the distributions extend across several orders of magnitude and retain a sparse
large-area tail, indicating the presence of a limited number of exceptionally large ponds. The full-range
fitted exponents vary from o=—0.28 at S3 to 0=—0.48 at S6, while the pooled sample yields 0=—0.55. The

530 shallower slopes at S2 and S3 indicate a slower decrease in pond number with increasing area, whereas
the steeper slopes at S6 and L1 indicate a more rapid decline toward the large-area end.

The coefficients of determination range from R?=0.42 to 0.68. The pooled sample has the highest value,
with a=—0.55 and R?=0.68, followed by S6, L1, and S5. By contrast, S2 and S3 show lower fitting
performance, with R?=0.47 and 0.42, respectively. These results suggest that the area—frequency

535 distributions exhibit a general power-law-like decline but cannot be represented by a single scaling
relationship with equal strength at all sites. The intermediate-area plateaus and the subsequent rapid
decrease toward the large-area tail indicate that local pond coalescence, drainage, fragmentation, and

stage conversion may modify the idealized scaling pattern.
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In the pooled sample, Frozen Melt Ponds are shifted toward higher circularity values and are concentrated
540  mainly in the approximately 0.55-0.75 range, indicating comparatively compact and regular shapes.
Open Melt Ponds display a broader distribution extending toward lower circularity values, consistent
with greater boundary irregularity and geometric complexity. Transitional Melt Ponds generally occupy
an intermediate and broader range. This stage-related pattern is evident at S2, S6, and L1, although it is
not uniform across all sites. At S5, for example, both Frozen and Open Melt Ponds show relatively high
545 circularity, whereas Transitional Melt Ponds exhibit a broader distribution. The S3 distributions are also
partly multimodal. These departures indicate that stage-dependent differences are not consistent across

all sites.
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Fig 7. Stage composition, area—frequency scaling, and circularity distributions of melt ponds across sites S2,
550 S3, S5, S6, and L1.

The same-day station pairs further indicate that melt pond composition cannot be explained by

observation date or latitude alone. Although S3 is located slightly farther north than S2 and exhibits a
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stronger dominance of Transitional Melt Ponds, the S5-S6 pair shows the opposite spatial tendency: S5
is farther north than S6 but has a substantially higher melt pond fraction and much stronger Transitional
555 Melt Pond dominance. The observed spatial differences are therefore more likely related to local ice-
surface conditions, short-term thermal variability, and microtopographic or ridge-related settings than to

a simple latitudinal gradient.
4.4 Stage-dependent ridge-related microtopographic associations

The spatial relationships between melt ponds and ridge-related microtopography are illustrated in Fig. 8.
560 Melt ponds of all developmental stages were widely distributed throughout the study area and generally
occurred in the vicinity of ridge-like linear features (Fig. 8a). However, visual inspection alone did not
reveal obvious stage-specific clustering with respect to ridge proximity.
To further evaluate stage-dependent microtopographic positioning, local relative elevation was compared
among Open, Transitional, and Frozen Melt Ponds (Fig. 8b). Significant differences were detected among
565 the three stages (Kruskal-Wallis test, p < 0.001). Transitional Melt Ponds occupied significantly lower
local topographic positions than Frozen Melt Ponds, whereas Open Melt Ponds showed intermediate
characteristics. This result indicates that melt pond stage is associated with local microtopographic
position rather than with large-scale spatial redistribution relative to ridge-like features.
The relationship between local relative elevation and ridge distance further demonstrated stage-
570 dependent differences (Fig. 8c). Transitional Melt Ponds exhibited a weak but significant positive
relationship between ridge distance and relative elevation, suggesting that ponds located closer to ridge-
like features tend to occupy locally depressed topographic positions. In contrast, Open and Frozen Melt
Ponds showed no significant relationship between ridge distance and local relative elevation. Although
the interaction between ridge distance and pond stage did not reach conventional statistical significance,
575 the observed stage-specific trends consistently indicate that Transitional Melt Ponds are more sensitive
to ridge-related microtopographic variation than the other two stages.
The distributions of ridge proximity among the three melt pond stages are provided in the Fig. Al in
Appendix A. No significant differences in ridge distance were detected among Open, Transitional, and
Frozen Melt Ponds, indicating that the observed differences in local relative elevation cannot be
580 attributed simply to variations in ridge proximity. Instead, the results suggest that ridge-related

microtopography primarily influences the local topographic setting occupied by melt ponds during the
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transitional stage rather than directly controlling their spatial occurrence or planform morphology.

(b) Topographic position among pond stages
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Fig 8. Microtopographic positioning of different melt pond stages relative to ridge-like features.

5 Discussion

The results demonstrate that stage-aware semantic segmentation can extend UAV-based melt pond
mapping beyond the conventional distinction between ponded and non-ponded sea-ice surfaces.
Differentiating Open, Transitional, and Frozen Melt Ponds is challenging because the boundaries
between these classes are often weak, their optical characteristics partially overlap, and local illumination,
ice texture, and surface roughness introduce substantial within-class variability. The overall performance
of MP-Unet suggests that its task-oriented architectural components provide complementary benefits
under these conditions. Residual blocks with channel attention facilitate the retention and recalibration
of subtle spectral and textural information, while attention-gated skip connections reduce the transfer of
irrelevant background features into the decoder. The auxiliary binary branch further constrains the
network to distinguish melt pond foreground from the surrounding sea-ice surface before resolving finer
stage differences. The comparatively poor performance of the ASPP-only configuration indicates that
enlarging the receptive field is not sufficient by itself; multi-scale contextual information becomes useful
only when combined with effective feature representation and selection. Nevertheless, the lower IoU of

Open Melt Ponds relative to the Transitional and Frozen classes shows that class-specific uncertainty
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600 remains. This may be related to the smaller representation of Open Melt Ponds in some scenes, their
spectral similarity to leads or open-water features, and the variability of their boundaries and internal
appearance.

The stage-resolved results reveal substantial heterogeneity in melt pond composition among the five
observation sites. Transitional Melt Ponds dominated the pooled pond area and most individual sites,

605 whereas S6 contained a notably larger proportion of Frozen Melt Ponds. Because the observations were
obtained during a late-summer period characterized by predominantly subfreezing but near-melting air
temperatures, high humidity, and variable wind conditions, the prevalence of transitional surfaces is
physically plausible. Under such conditions, pond surfaces may undergo partial refreezing, thinning or
breakup of surface ice, and short-term changes in liquid-water exposure. However, the UAV surveys

610 represent spatial snapshots rather than continuous observations of the same ponds. The three mapped
classes should therefore be interpreted primarily as observable surface states that are consistent with
different stages of melt and refreezing, rather than as a directly observed chronological sequence.
Differences among sites may reflect not only the timing of atmospheric forcing but also pond depth,
salinity, snow and ice properties, drainage history, floe deformation, and local energy balance. In

615 particular, the contrast between S5 and S6, which were observed on the same date but exhibited markedly
different stage compositions, indicates that observation date or latitude alone cannot explain the spatial
variability.

The area—frequency distributions consistently show that small and intermediate ponds are numerous,
whereas large ponds are comparatively rare. This general pattern agrees with the scale-dependent

620 organization commonly reported for Arctic melt ponds. However, the moderate coefficients of
determination and the variation in fitted exponents among sites indicate that the observed distributions
should not be interpreted as evidence for a universal power law across the complete area range. Pond
coalescence, drainage, fragmentation, segmentation resolution, and the finite spatial extent of the UAV
scenes can all alter the shape of the distribution, particularly at the smallest and largest scales. The sparse

625 large-area tail nevertheless remains important because a small number of large ponds can contribute
disproportionately to total pond coverage and may exert a correspondingly strong effect on surface albedo.
The stage-resolved distributions also show that the areal importance of a class cannot be inferred from
pond number alone: a class represented by relatively few objects may still occupy a substantial fraction

of the total pond area if its objects are large or connected.
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630 Circularity provides additional evidence that pond surface state is associated with object-level
morphology, although the relationship is neither uniform nor necessarily monotonic. Frozen Melt Ponds
were generally concentrated toward higher circularity values in the pooled sample, suggesting
comparatively compact and regular pond outlines, whereas Open Melt Ponds showed a wider distribution
extending toward lower circularity values and therefore greater geometric irregularity. Transitional Melt

635 Ponds commonly occupied an intermediate but broad range. These differences may arise because open
water can occupy interconnected depressions and irregular drainage pathways, whereas surface freezing
may smooth internal optical contrasts or divide larger pond systems into apparently more compact units.
At the same time, the departures observed at individual sites show that morphology cannot be attributed
to pond stage alone. Local pond connectivity, ice roughness, drainage history, image resolution, and the

640 way adjacent stage patches are separated during object extraction may all affect the measured perimeter
and circularity. Consequently, circularity is most informative when interpreted together with stage
composition, area distributions, and local environmental context rather than as an independent indicator
of a fixed evolutionary sequence.

The DEM-assisted analysis further indicates that the relationship between melt pond stage and

645 microtopography is expressed more clearly through local relative elevation than through simple ridge
proximity. Transitional Melt Ponds occupied significantly lower local positions than Frozen Melt Ponds,
whereas the three classes did not differ significantly in their distances to the nearest ridge-like feature.
This distinction is important because it suggests that stage differentiation is not simply caused by one
class occurring systematically closer to ridges. Instead, ridge-related deformation and surrounding

650 surface relief may generate heterogeneous depressions and drainage configurations within similar ridge-
distance ranges. The weak but significant positive relationship between ridge distance and relative
elevation for Transitional Melt Ponds is consistent with a tendency for some transitional surfaces near
ridge-like features to occupy locally depressed settings. Such depressions may retain meltwater while
also experiencing partial surface refreezing under late-season atmospheric conditions. Frozen Melt Ponds,

655 in contrast, occupied relatively higher local positions on average, which may be associated with shallower
water, reduced heat storage, or more effective cooling, although these mechanisms cannot be directly
resolved from the available data.

The absence of strong relationships for Open and Frozen Melt Ponds and the non-significant overall

distance-by-stage interaction require cautious interpretation. The topographic results provide evidence of
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660 stage-dependent spatial association, but they do not establish that ridges determine pond stage or drive a
unidirectional transition. Ridge-like features were manually interpreted, the DEM represents surface
geometry at the time of the survey, and the analysis was conducted at one representative site rather than
across all five sites. Furthermore, local relative elevation may itself be affected by photogrammetric
uncertainty over low-texture water and ice surfaces. Repeated UAV surveys of the same floes,

665 independently validated elevation data, measurements of pond depth and surface-ice thickness, and pond-
scale energy-balance observations would be required to distinguish whether the observed topographic
patterns primarily reflect water accumulation, drainage, freezing, or pre-existing ice deformation. Despite
these limitations, combining stage-aware segmentation with object-level morphology and relative
topographic position provides a more process-oriented observational framework for characterizing melt

670 pond conditions than binary mapping alone. It enables observable surface-state heterogeneity to be linked
quantitatively with pond geometry and local terrain, while avoiding unsupported assumptions that

spatially separated sites necessarily represent a single temporal sequence.

6 Conclusion

This study developed MP-Unet, a stage-aware semantic segmentation framework for identifying Open,
675 Transitional, and Frozen Melt Ponds from high-resolution UAV imagery. By combining residual channel-
attention blocks, multi-scale contextual representation, attention-gated skip connections, and auxiliary
foreground supervision, the model achieved an Fl-score of 0.9440 and an mloU of 0.7466 across
complex sea-ice surface conditions.
The stage-resolved classification enabled melt pond characteristics to be examined beyond conventional
680  binary pond mapping. Transitional Melt Ponds dominated the pooled pond area, while stage composition
varied markedly among observation sites. Pond area distributions showed a general scale-dependent
decline with a sparse large-area tail, and the three stages exhibited distinguishable but site-dependent
circularity patterns. DEM-assisted analysis further showed that Transitional Melt Ponds occupied lower
local topographic positions than Frozen Melt Ponds, although their distances to ridge-like features did
685 not differ significantly. Thus, the most evident ridge-related signal was associated with local topographic
position rather than direct control of pond occurrence or planform morphology.

Overall, the study establishes an integrated workflow linking deep-learning-based surface-state
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classification with object-level morphological and microtopographic analyses. This framework provides
a practical approach for characterizing heterogeneous late-summer melt pond conditions at centimetre-
690 scale resolution and may support satellite product validation and the development of more stage-sensitive
representations of melt ponds in sea-ice models. Future applications should include repeated observations
of the same ice floes, broader spatial validation, and independent measurements of surface elevation and

pond thermodynamic properties.

Appendix A

Ridge proximity among pond stages
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Fig Al. Distribution of ridge proximity among different melt pond stages.

Violin plots combined with boxplots illustrate the distributions of distances from individual melt ponds
to the nearest ridge-like feature. Although Transitional and Frozen Melt Ponds exhibit wider distributions
than Open Melt Ponds, no statistically significant differences were detected among the three stages

700 (Kruskal-Wallis test, p > 0.05).
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