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A B S T R A C T   

Small water bodies (< 0.01 km2) showing diverse limnological properties occur in great abundance across the 
boreal forest and tundra landscapes of the Arctic and Subarctic. However, their classification, geographical 
distribution and collective importance for water, heat, nutrient, contaminant and carbon cycles are still poorly 
constrained. One important step for better understanding the role and evolution of small water bodies in the fast- 
changing northern landscapes is to develop image analysis protocols that allow their automatic remote sensing 
detection, delineation and inventory. In this study, we set an image analysis protocol (High Latitude Water – 
HLWATER V1.0) based on a trained supervised Mask R-CNN deep learning model over PlanetScope imagery for 
the automatic detection and delineation of small lakes and ponds that were absent in existing datasets. Most of 
our training dataset comprised water bodies smaller than 0.01 km2 (97%) and spanned a wide range of envi
ronmental and hydrological settings, from the sporadic to the continuous permafrost zones of Canada. The model 
was tested as a fully autonomous approach for eastern Hudson Bay, Nunavik (Subarctic Canada), a region that 
poses challenges for water remote sensing given the abundance and variety of small water bodies. These are 
mainly permafrost thaw and glacial basin ponds in the boreal forest-tundra in challenging optical settings 
influenced by vegetation or topography shadowing, or revealing peat water logging, fen and bog pond condi
tions. A multi-scale validation approach was developed using water body delineations from PlanetScope imagery 
and ultra-high resolution orthomosaics from Unoccupied Aerial Systems. This procedure allowed a sub-pixel 
assessment and identified the limitations and strengths of the trained model for detecting small and large 
water bodies. The results varied according to different landscape units, with mean Intersection over Union (IoU) 
0.5 F1 Scores of 0.53 to 0.71 and mean F1 Scores of 0.62 to 0.95. Considering 166 m2 as the minimum pond size 
detection threshold, the IoU 0.5 F1 Scores were 0.7 to 0.91 and F1 Scores were 0.76 to 0.83, evaluated by 
comparing the model results with ultra-high resolution manual delineations. The image analysis protocol and 
trained model show high potential for extension to other boreal forest-tundra regions of the Arctic and Subarctic, 
allowing for detailed inventories of optically and morphologically diverse small water bodies over large areas of 
the circumpolar North.   
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1. Introduction 

1.1. Polar water bodies: importance and knowledge gaps 

The boreal forest-tundra transition zone spans the sporadic and 
discontinuous permafrost (perennially frozen ground) regions of the 
Arctic and Subarctic (Obu, 2021), and its landscapes and ecosystems are 
especially vulnerable to climate change (Serreze et al., 2009; Biskaborn 
et al., 2019; Box et al., 2019). Increasing air temperatures (Rantanen 
et al., 2022) and precipitation (McCrystall et al., 2021) and the associ
ated degradation of ice-rich permafrost (Leppiniemi et al., 2023), are 
affecting the ground stability, the structure and functioning of vegeta
tion communities including shrubification and northward migration of 
the boreal forest (Myers-Smith et al., 2020), the hydrology with lake 
formation or drainage, the limnology such as the browning of lakes 
(Nitze et al., 2018; Wauthy et al., 2018; Vonk et al., 2019), the energy 
balance including via land surface albedo, as well as the nutrient, 
contaminant and carbon cycles (Tarnocai et al., 2009; Schuster et al., 
2018; Hugelius et al., 2020). These impacts have global as well as local 
consequences (Schaefer et al., 2014; Schuur et al., 2015; Turetsky et al., 
2020; Miner et al., 2021). 

Polar lakes and rivers are sentinels of state shifts in climate such as 
snow/rainfall, the freeze-thaw regime and water balance, and ecosystem 
properties such as soil and vegetation (Bouchard et al., 2017; Wauthy 
et al., 2018). Through their outflows and inflows, as well as their 
physical, biological and biogeochemical properties changes over time, 
high latitude lakes reflect not only the biotic and abiotic processes 
within the water bodies but also the characteristics and evolution of the 
surrounding landscape, from local to regional scales (Vincent and 
Laybourn-Parry, 2008; Webb et al., 2022). These basins of water sur
rounded by land vary in size from ponds (< 0.01 km2) to lakes (> 0.01 
km2), and are important sources of greenhouse gases, as well as centers 
of biological activity for aquatic food webs (Vincent and Laybourn- 
Parry, 2008; Vincent, 2018; Walter Anthony et al., 2018). 

Polar inland water bodies are derived from a variety of origins, 
including wetland (e.g., peatland lakes), floodplain (e.g., oxbow lakes), 
volcanic (e.g., maar lakes), tectonic, meteoritic (e.g., impact crater 
lakes), alpine, karst, thermokarst (e.g., permafrost thaw/thermokarst 
lakes and ponds) and coastal uplift (e.g., meromictic lakes) systems 
(Pienitz et al., 2008). These waters also show diverse limnological and 
morphological characteristics resulting from climatic, geological, 
biogeographical and topographical gradients (Vincent and Laybourn- 
Parry, 2008). 

Although successful remote sensing strategies have been developed 
for globally inventorying and tracking large water body surface extent 
changes over time (Verpoorter et al., 2014; Pekel et al., 2016; Pickens 
et al., 2020), existing datasets do not yet include ponds and narrow 
streams. This has been due to the poor detection of diverse and small 
water features in contrasting environmental settings, in conjunction 
with sensor spatial resolution, acquisition conditions (e.g., cloud cover, 
optical thickness, solar radiation) and data availability limitations 
(Adegun et al., 2023; Harlan et al., 2023; Mullen et al., 2023). These 
data and model omissions are evident in the high latitudes of the 
northern hemisphere, where ice-sheet dynamics in the Pleistocene gave 
rise to a postglacial landscape with widespread water bodies, including 
many ponds (Smith et al., 2007). This is particularly noticeable in the 
lowland permafrost regions, which contain the largest surface water 
fraction compared to any other terrestrial biome of the world (Lehner 
and Döll, 2004; Pekel et al., 2016; Webb et al., 2022), with an enormous 
abundance of small-size ponds (Vincent and Laybourn-Parry, 2008; 
Muster et al., 2013). 

Due to enhanced remote sensing imagery and classification algo
rithms, an improved survey and inventory is now possible and needed. 
An example of the relevance of such a dataset is the need for charac
terizing and monitoring the small water bodies in the boreal forest- 
tundra ecozone, allowing to better understand their formation and 

roles of permafrost thaw (thermokarst) ponds in the biogeochemical 
carbon cycle (Negandhi et al., 2013; Heslop et al., 2020; Zandt et al., 
2020). These numerous and widespread ponds result from abrupt 
permafrost thaw (Walter Anthony et al., 2018) and generally exhibit 
sizes below 0.01 km2 and depths under 5 m, and are much more active 
biogeochemically than larger lakes (Abnizova et al., 2012; Bégin and 
Vincent, 2017; Arsenault et al., 2022). Throughout their life span, they 
show diverse optical and morphological dynamics and are biogeo
chemical hotspots for the release of carbon dioxide (CO2), nitrous oxide 
(N2O) and especially methane (CH4), from permafrost to the atmo
sphere, through microbial and photochemical transformations (Breton 
et al., 2009; Edwards et al., 2009; Vonk et al., 2015; Zandt et al., 2020). 
Accounting for the role of these ponds is increasingly important due to 
permafrost warming, which generates more thaw ponds, potentially 
increasing greenhouse gas emissions (Holgerson and Raymond, 2016; 
Kuhn et al., 2018; Heslop et al., 2020). This concern is echoed globally, 
with Holgerson and Raymond (2016) demonstrating that even very 
small ponds can significantly contribute to CO2 and CH4 global emis
sions, due to factors such as shallow waters, frequent mixing and strong 
inputs of terrestrial carbon relative to water volume, underscoring the 
urgent need for comprehensive global pond inventories. In the Arctic 
and Subarctic, the formation of permafrost thaw lakes and ponds can 
also impact Indigenous lifestyles and settlements, causing disruptions to 
hunting, residential areas and infrastructure such as roads, railways and 
airstrips (Crate et al., 2017; Povoroznyuk et al., 2023; Tanguy et al., 
2023). 

Muster et al. (2017) developed the circum-Arctic Permafrost Region 
Pond and Lake (PeRL) database to better understand lake and pond 
spatial distribution and characteristics in the Arctic. Delineation of 
ponds and lakes ranging from 0.0001 km2 to 1 km2 was made using very- 
high resolution (< 5 m) satellite and aerial imagery. PeRL represents 
about 17% (1.4 × 106 km2) of the Arctic lowlands and was a collabo
rative work among many scientific teams, improving hydrological dy
namics predictions for the Arctic (Muster et al., 2019). However, PeRL is 
a compilation of feature polygons without a common methodological 
strategy and workflow. In addition, it covers only a small portion of the 
lakes and ponds that occur abundantly in Subarctic permafrost regions. 

Cooley et al. (2019) used PlanetScope imagery to measure near-daily 
changes in lake surface area in wide regional sectors in Arctic-Boreal 
Canada, showing that small changes that were previously undetect
able by coarser-resolution satellites are important to trace significant 
greenhouse gas emissions. However, due to the methodology followed 
based on the optimization of the Normalized Difference Water Index 
(NDWI; McFeeters, 1996), the model was not able to track pond (< 0.01 
km2) dynamics (Cooley et al., 2017). 

Olefeldt et al. (2021) developed the Boreal-Arctic Wetland and Lake 
Dataset (BAWLD). The authors used random forest extrapolations to 
estimate fractional landcover classes within 0.5 × 0.5◦ grid cells. The 
model was fed by global datasets of climate, topography, lithology, 
permafrost conditions, vegetation, wetlands and surface water extent. 
For surface water extent, the authors used the Global Lakes and Wetland 
Dataset (GLWD) (Lehner and Döll, 2004), HydroLakes (Messager et al., 
2016) and the Global Surface Water Extent (GSWE) (Pekel et al., 2016) 
datasets. Although these surface water extent products provide spatial 
consistency and generally ensure true positive quality, they have limi
tations for mapping small water bodies, more specifically ponds (< 0.01 
km2) (Feng et al., 2016; Muster et al., 2017; Pickens et al., 2020). A more 
detailed review of the available global, national and regional surface 
water extent products and their limitations is presented in the discussion 
of the current research. 

More recently, Harlan et al. (2023) trained a You-Only-Look-Once 
(YOLO) deep learning model over PlanetScope imagery for detecting 
narrow beaded streams at the Arctic circumpolar scale. The river and 
stream catchments were further classified using Decision Trees. How
ever, the implemented YOLO version only allowed for object detection, 
failing to precisely delineate the boundaries of these water bodies. 
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Mullen et al. (2023) focused on lake and pond mapping in Alaska using 
PlanetScope imagery and trained a UNet deep learning model. A total of 
52,707 water bodies were mapped, 77% of which were ponds. Never
theless, the model was not tested as a fully autonomous approach and 
manual cleaning had to be performed. The authors do not discuss in 
depth the factors impacting automatic water body delineations. The 
validation was done using a ground-based Global Navigation Satellite 
System (GNSS), but this is a time-consuming and costly method, with 
limitations in the number of water bodies delineated and constrained by 
access to their margins. 

1.2. Earth observation data and machine learning advances 

Given the abundance, remoteness and variety of northern water 
bodies, the complete inventorying and monitoring of these waters is not 
at all feasible through field campaigns and in-situ sampling. Remote 
sensing platforms are therefore needed to address the gaps. However, 
the fact that most of these water bodies are ponds imposes constraints 
for surveying their characteristics using continuous acquisitions from 
Earth Observation satellites (Muster et al., 2013). Beyond the Landsat 
series, since 1972, with 30 m spatial resolution worldwide acquisitions 
at a revisit time of 16 days, key advances have been provided by the 
Copernicus Program and Planet Labs. The former, since 2015 with the 
two twins Sentinel-2 satellites with worldwide acquisitions at 10/20-m 
resolution and a revisit time of 5 days, and since 2016, Planet Labs, with 
CubeSat nanosatellites such as the PlanetScope Dove, Dove-R and 
SuperDove, with daily acquisitions at ≈ 3 m resolution. These platforms 
provide data that is capable of offering major advances in the global 
detection and monitoring of lakes and ponds, as well as small rivers, 
streams, and creeks (Zeng et al., 2023). 

The recent advances in Earth Observation data are allowing consis
tent and detailed water body delineations in space and time (Cooley 
et al., 2019; Qayyum et al.,2020; Mullen et al., 2023). These remote 
sensing advances have also been paralleled by the development of 
powerful non-linear (e.g., multilayer learning) algorithms for image 
classification (e.g., Mask R-CNN, U-Net, DeepLab, Fully Convolutional 
Network – FCN, Pyramid Scene Parsing Network – PSPNet) and time- 
series analysis through machine learning, computer vision and deep 
learning methods (Lecun et al., 2015; Sagan et al., 2020; Yuan et al., 
2020). In deep learning most of the methods are inspired by the neural 
structure of the brain and its capacity to recognize features and patterns 
(Alzubaidi et al., 2021). In terms of new deep learning image classifi
cation techniques, some advantages compared to other traditional pixel 
or object-based methods are the capacity to accumulate knowledge, 
better generalization capabilities as well as improve the quality of the 
results and transfer them to analogous datasets (Huang et al., 2020; 
Robson et al., 2020; Alzubaidi et al., 2021; Nitze et al., 2021). 

Although recent progress in deep learning has significantly impacted 
the remote sensing community, especially owed by the enhanced clas
sification capabilities of satellite, airborne and Unmanned Aerial Sys
tems (UAS) imagery (Ma et al., 2019; Yuan et al., 2020; Hao et al., 
2021), this success is often constrained. This is due to the unavailability 
of extensive training datasets, intensive parameter optimization and 
high demand of costly computational resources (Ma et al., 2019; Yuan 
et al., 2020; Adegun et al., 2023). To mitigate some of these challenges, 
Vision Transformer algorithms (ViT) have been proposed. These algo
rithms incorporate self-attention mechanisms to facilitate the semantic 
association between the elements of a sequence, showing state-of-the-art 
performance in certain contexts (Bazi et al., 2021; Lin et al., 2021; 
Adegun et al., 2023; Aleissaee et al., 2023). However, ViT algorithms 
face scalability issues with increasing image size, leading to dispropor
tionately high computational demands (Lin et al., 2021; Adegun et al., 
2023). Furthermore, these algorithms are hard to train on small-scale 
datasets and, as a result, are prone to suffer from overfitting. 
Frequently, they demand more training data to be able to outperform 
other Convolution Neural Networks (CNN) and Recurrent Neural 

Networks (RNN) deep learning models (Lin et al., 2021). 
In response to diverse challenges the development of hybrid deep 

learning models which seek on taking advantage of diverse architectures 
has been booming in the last years (Yuan et al., 2020; Aleissaee et al., 
2023). A recent mediatic example of this trend is the release of the 
ambitious Segment Anything (SAM) model by Meta AI (Kirillov et al., 
2023). This advanced foundation model relies on a variety of neural 
network architectures, including ViT, CNN, and Generative Adversarial 
Networks (GAN) for zero-shot and few-shot generalizations (Kirillov 
et al., 2023). SAM was trained on the SA-1B dataset, corresponding to 1 
billion masks collected over 11 million images (Kirillov et al., 2023; Ji 
et al., 2023). Although it has proven surprising capabilities on remote 
sensing segmentation tasks (Osco et al., 2023), important drawbacks 
still remain. Some of the challenges include high user interaction re
quirements, fluctuating performance based on image complexity and 
characteristics, difficulties in segmenting objects against similar back
grounds, prominent foreground biases, and suboptimal segmentation of 
smaller or irregular objects, including inaccuracies in accommodating 
shadow effects (Ji et al., 2023). 

Conversely, CNN have established dominance in diverse computer 
vision domains, including remote sensing (Ma et al., 2019; Yuan et al., 
2020; Alem and Kumar, 2022; Aleissaee et al., 2023). One of the main 
advantages of using CNN is the autonomous ability to identify the 
relevant features without human supervision, producing meaningful 
outputs with reduced model implementation complexity. These char
acteristics have rendered them both popular and effective (Alzubaidi 
et al., 2021; Sarker, 2021), including for water resources applications 
(Sit et al., 2020). In addition, CNN networks are designed to improve 
generalization and avoid overfitting (Alzubaidi et al., 2021). 

Notably, models like U-Net and Mask R-CNN built upon CNN ar
chitectures have been gaining widespread usage in remote sensing 
(Zhang et al., 2018; Huang et al., 2020; Nitze et al., 2021). In particular, 
Mask R-CNN, defined as a Region-based Convolutional Neural Network 
(R-CNN), stands out compared to similar models (Alfaro et al., 2019; 
Mohanty et al., 2020; Quoc et al., 2020) due to its simple structure 
making it computationally efficient, as well as offering outstanding 
performance on instance segmentation tasks, precisely delineating and 
classifying objects under diverse contexts and background conditions 
(Liu et al., 2019; He et al., 2020; Hao et al., 2021). It is an extension of 
the Faster R-CNN model (Ren et al., 2016) that allows not only the 
detection of objects through bounding boxes (branch for classification 
and bounding box regression), but also the segmentation and delinea
tion of their boundaries by adding a branch (small FCN) on each Region 
of Interest (RoI) and a quantization-free-layer for pixel-to-pixel align
ment (RoIAlign) (He et al., 2020; Xu et al., 2022). Upon its introduction, 
Mask R-CNN significantly outperformed existing models in COCO 
instance segmentation challenges, demonstrating its effectiveness in 
processing low-dimensional data and scalability in classifying objects of 
varying sizes and shapes (He et al., 2020). However, like most deep 
learning models, it demands a large number of training samples to 
optimize its learning and generalization capabilities (Alzubaidi et al., 
2021; Karra et al., 2021; Sarker, 2021). 

1.3. Strategy and objectives 

Here, we tested the possibility of using native PlanetScope Dove (PS- 
D – Dove and Dove-R constellations) imagery at ≈ 3 m spatial resolution 
and 4-band spectral resolution (blue, green, red and near-infrared) for 
mapping the morphologically and optically diverse small water bodies 
of the boreal-forest tundra zone of Nunavik, Subarctic Canada. We 
present the results of a scalable supervised image analysis protocol 
(HLWATER V1.0), consisting of a methodological workflow based on a 
trained Mask R-CNN deep learning model over PS-D imagery. The 
objective is the automated detection and delineation of the small water 
bodies of the circumpolar North, contributing to significantly improve 
the available datasets. For training the model we constructed a very 
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large very high-resolution dataset of manually delineated lakes, ponds, 
rivers, streams, creeks and coastal sectors, located in diverse landscapes 
from the sporadic to continuous permafrost zones of Canada. HLWATER 
V1.0 is publicly available (doi:https://doi.org/10.5281/zenodo 
.10203553). 

We evaluated the fully autonomous performance of the trained al
gorithm from a data user perspective instead of just referring to 
assessing the performance during model training. This acknowledges 
new advances in the development and release of deep learning models, 
namely that: i. Imagery consistent training samples are increasingly 
available and are key for achieving state-of-the-art results according to 
users’ goals (Zhang et al., 2018; Alzubaidi et al., 2021; Sarker, 2021); ii. 
Intensive parametrization and coding are no longer mandatory (e.g., 
deep learning made simple and intermediate low-code interfaces) (Zhu 
et al., 2017; Alzubaidi et al., 2021); iii. Outstanding pre-trained (e.g., 
AlexNet, GoogleNet and ResNet) and fully trained models are increas
ingly available, with users needing to be able to develop robust ground 
truthing and testing strategies, especially for detecting small objects, for 
continuous improvement of the models and outputs (Liu et al., 2020; Sit 
et al., 2020; Alzubaidi et al., 2021). 

For testing the performance of the trained algorithm, we developed a 
multi-scale validation approach using as reference not only detailed 
ground truthing from PS-D imagery, but also from ultra-high resolution 

UAS orthomosaics (0.05–0.15 m pixel size) in a variety of boreal land
scapes. We aimed by this approach to assess the strengths and limita
tions of our trained model for detecting small water bodies, while also 
including larger ones such as glacial basin lakes and rivers, as well as 
better evaluate sub-pixel factors affecting the model output beyond PS-D 
native resolution (e.g., water body shape complexity, water bottom in
fluences on reflectance, similarity with close objects). Finally, we 
considered model optimization strategies for fully autonomous imple
mentations (confidence threshold trade-offs, minimum detection size 
assumptions), improvements compared to current global, national and 
regional products, and we addressed the limitations of this new trained 
model, as well as future research steps for ongoing improvement and 
application. 

2. Study areas 

For training, validating and testing the model, we used water bodies 
with high diversity of optical and morphological properties, and located 
in a range of environmental contexts: rock outcrops, alluvial plains, ice- 
wedge polygons, shrublands, wetlands, fens, bogs, peatlands and forests. 
These sectors are located along the boreal-forest tundra ecozone of 
Canada (Northwest Territories - Fort McPherson, Mackenzie Delta, 
Yukon and Tuktoyaktuk Peninsula, and Quebec - Eastern Hudson Bay 

Fig. 1. Locations in Arctic and Subarctic Canada where the training/validation (red points) and testing (blue points) were performed. a) General geographical 
setting; b) Kangiqsualujjuaq, with lowland thermokarst close to the coast and large glacial basin lakes inland; c) Mackenzie Delta and Tuktoyaktuk Peninsula, with 
contrasting water bodies, those in the west more controlled by fluvial dynamics and in the east mainly related to permafrost and ice-wedge polygon degradation; d) 
Nunavik, Eastern Hudson Bay, where testing was performed, showing glacial basin lakes and numerous and diverse ponds. The black polygons are the full PS-D 
database extent (mosaic of 891 images - 118,603 km2). The base information is from Government of Canada (CanVec, Permafrost Atlas and biogeoclimatic re
gions). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) 
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and Southern Ungava Bay – Kangiqsualujjuaq) (Fig. 1). 
For testing the performance of the model, we selected diverse and 

geomorphologically complex sectors over a boreal-forest tundra transect 
in Nunavik, northern Quebec, that spanned the sporadic and discon
tinuous permafrost zones (Fig. 1). This region comprises a wide variety 
of water body types, environmental settings and permafrost at different 
states of degradation (Gorham, 1991; Rouse et al., 1997). The post
glacial evolution resulted in numerous permafrost thaw lakes and ponds, 
showing diverse optical properties, morphologies and hydrological 
connectivity (Watanabe et al., 2011; Wang et al., 2018; Freitas et al., 
2019). 

For a higher detail analysis and validation, we covered five areas at 
Very-High Resolution (VHR): i. low and high shrub dominated wetlands 
at Sheldrake River (BGR) and Kwakwatanikapistikw River (KWAK), 
respectively; ii. fen/bog palsa peatlands at Sasapimakwananisikw River 
(SAS); iii. Glacial valleys at Tasiapik; and iv. glacial basin lakes (GBL). 
BGR, KWAK, SAS and Tasiapik have also been surveyed at Ultra-High 
Resolution (UHR) with UAS and field work ground truthing since 
2015 (Figs. 1 and 2). 

The Nunavik transect at Eastern Hudson Bay lies on granite-gneiss 
rocks of the Precambrian Shield. The region shows one of the most 
rapid isostatic rebounds in the world with ≈ 13 mm⋅y− 1 due to the 
retreat of the Laurentide Ice Sheet since ≈ 11.6 ka. The glacial retreat 
was followed by the marine transgression of the Tyrrell Sea at ≈ 7.9 ka 
(Bhiry et al., 2011). As a result, Quaternary deposits in the region are 
essentially glacial tills, marine clays and littoral sands that filled topo
graphic depressions (Bouchard et al., 2014). The regression of the Tyr
rell Sea led to permafrost aggradation, followed by degradation after the 
Little Ice Age (≈ 0.3 ka) that generated numerous thermokarst ponds. 
These are morphologically diverse, showing varying concentrations of 
organic and inorganic materials, solutes and pigments, which results in 
water with strikingly different colors (white, green, beige, brown, dark 
brown, black) across small distances (Watanabe et al., 2011; Freitas 
et al., 2019; Folhas et al., 2020) and with variable but potentially high 
greenhouse gas emissions (Breton et al., 2009; Laurion et al., 2010; 

Bouchard et al., 2011; Matveev et al., 2019). The region supports some 
of the most unique and pristine wetlands and peatlands in the world 
(Darnajoux et al., 2015). These are undergoing marked changes due to 
increasing air and soil temperatures over the last decades (Pelletier 
et al., 2019), which have led to thawing of ice-rich permafrost, intense 
terrestrialization and shrubification processes, and shifts in plant com
munity structure (Payette et al., 2004; Ropars and Boudreau, 2012; 
Tremblay et al., 2012). 

3. Materials and methods 

3.1. General workflow 

Current water body maps for the Arctic and Subarctic regions, 
particularly in Canada, are incomplete since they miss water bodies 
smaller than 0.01 km2, as well as narrow river sectors, tributaries and 
streams (Muster et al., 2017; Harlan et al., 2023). To improve the 
existing classifications, we used deep learning over PS-D imagery. 
Training was done by manual water body delineation over the PS-D 
imagery, aided by the analysis of VHR satellite base maps, com
plemented by existing water body products (e.g., CanVec from Gov
ernment of Canada, PeRL). Field knowledge concerning the study areas 
was key to produce an accurate training set. 

An iterative retraining process considering the current model best 
state allowed to speed up deriving new training samples, better under
standing model inaccuracies, as well as improving the algorithm 
learning ability. The training samples were used for deriving the image 
chips and labels that fed a supervised Mask R-CNN model. Using Re
sidual Network (ResNet) for transfer learning, the best backbone model 
was selected according to the highest Average Precision (AP) score and 
by evaluating the training and validation losses per epoch. The perfor
mance and confidence of the algorithm were evaluated autonomously 
by comparing the results with manually delineated water bodies. This 
was done using two imagery resolutions: 1. VHR from PS-D imagery (≈
3 m pixel size), and 2. UHR from UAS imagery (0.05–0.15 m pixel size). 

Fig. 2. Examples of the environmental settings of lakes and ponds in the boreal forest-tundra ecozone of Nunavik that were used for testing the model. Oblique aerial 
photos (a) and corresponding PS-D satellite images (b – true color: RGB; c – near infrared: NIR) from BGR, KWAK, SAS and Tasiapik with the delimitation of the VHR 
and UHR testing sites. 
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While the former evaluated the potential of PS-D imagery for mapping 
small water bodies, the latter allowed assessing the sub-pixel issues for 
water body delineation quality at the VHR. The model performance and 
confidence were evaluated according to different landscape types 
(Fig. 3). 

3.2. PlanetScope Dove (PS-D) imagery 

The PS-D constellation was formed by c. 130 sun-synchronous 
nanosatellites obtaining global daily 4-band multispectral imagery 
(blue, green, red and near-infrared) at ≈ 3 m spatial resolution and 12- 
bit radiometric depth, from July 2014 until April 2022 (Planet Labs, 
2022). PS-D was replaced by the PlanetScope SuperDove constellation, 
operating since mid-March 2020, which now obtains 8-band multi
spectral imagery (coastal blue, blue, green I, green, yellow, red, red-edge 
and near-infrared) at comparable spatial and temporal resolution 
(Planet Labs, 2022). The low data requirements from our model along 
the maintenance of the blue, green, red and near-infrared bands, similar 
to those where our training was based, should make our model appli
cable to SuperDove imagery. 

From a total of 891 PS-D Ortho Tile Products (Analytic MS – Surface 
Reflectance), radiometrically corrected, orthorectified and UTM pro
jected (Planet Labs, 2022), 149 were used for deriving training samples 
of water bodies. The imagery was obtained through the Planet Labs’ 
Education and Research Program, which allowed for free-of-charge 
downloads of a maximum of 10,000 km2 per month. The study period 
was from July to September, but due to the dense cloud cover in some 
sectors, especially in eastern Hudson Bay, the acquisition of scenes for 
the same year was not possible. As a result, we used imagery from 2017 
to 2019, which was combined in a mosaic dataset in ArcGIS Pro 2.5, 
without snow and cloud cover. For managing imagery overlap, we used 

the first sorted image, then derived mosaic radiometric seamlines and 
manually edited them, when necessary, to remove cloud or snow arti
facts. The third order of the dodging algorithm was applied for color 
balance (Zhou, 2015). 

3.3. Ground truthing 

In remote sensing, using and reusing water body training samples is 
difficult due to the dynamic nature of these systems, which show water 
level oscillations and may shrink or expand across time (Pekel et al., 
2016; Pickens et al., 2020). As a result, using water training samples 
without a precise sync between manual delineations and base imagery 
can generate bias in the classification model, resulting in inconsistent 
boundaries. To overcome this problem, we generated a water body 
dataset from scratch having as primary reference the PS-D mosaic, 
ensuring water body boundaries quality and consistency. 

The first step for generating our dataset, was the visual inspection of 
the PS-D mosaic, defining sectors with distinct degrees of complexity, 
both in the color and morphometrics of the water bodies and also in 
terms of the surrounding spatial contexts involved. Selecting a complex, 
diverse and large dataset was crucial for improving the robustness and 
overall performance of the deep learning model (Qayyum et al., 2020; 
Adegun et al., 2023) (Fig. 4). 

We considered all types of water occurring at or surrounded by land, 
from small ponds to large lakes, rivers, stream, creeks and also coastal 
sectors. Water body delineations were manual and model-assisted (e.g., 
derived from model retraining – section 3.4.2), a procedure conducted 
by a single operator, using a near-infrared false-color composite. This 
composite was very efficient, since water tends to fully absorb in the 
near-infrared part of the spectrum (Gao, 1996; Xu, 2006). The procedure 
was aided by systematic visual inspection of VHR satellite imagery (e.g., 

Fig. 3. Methodological workflow for the PS-D imagery model classification implementation, validation and testing procedures (HLWATER V1.0).  
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ESRI World Imagery, BingMaps, Google Earth) following Qayyum et al. 
(2020), Nitze et al. (2021) and Mullen et al. (2023). Only the water 
bodies that were clear on the PS-D mosaic were considered. This strategy 
excluded problems related to hydrology (e.g., drained basins and dif
ferences in water table and lake boundaries) and co-registration 
(Qayyum et al., 2020). 

For training and validating the model a total of 41 sectors were 
selected, corresponding to 2,140 UTM projected grids of 500 × 500 m 
(0.25 km2 each), which resulted in 535 km2 that were visually inspected 
for water body delineations. As a result, we have manually delineated 
23,432 water bodies as polygons, ranging from 1.5 × 10− 5 to 12,605 
km2, with a mean area of 0.00736 km2. From this set, 97% showed areas 
below 0.01 km2. Table 1 synthesizes the metrics of the training dataset, 
which was randomly split in 85% (19,917 features) for training and 15% 
(3,515 features) for validating model performance. 

The testing of model performance was conducted using two com
plementary resolutions: VHR PS-D imagery at ≈ 3 m pixel size, and UHR 
UAS orthomosaics at 0.05–0.15 m pixel size. The UHR areas were 
located within the VHR sectors. Each VHR sector was 12.25 km2, 
resulting in a total of 61.25 km2, and the UHR areas varied from 0.13 to 
0.69 km2 depending on the UAS surveys, resulting in a total of 1.7 km2 

(Table 2). A total of 3,805 features were used, 79% from VHR and 21% 
from UHR delineations. At VHR the water bodies, varied from 2.1 ×
10− 5 to 0.804 km2 and at UHR from 7.5 × 10− 7 to 0.0442 km2 (Table 1). 

3.4. Mask R-CNN model implementation framework 

The Mask R-CNN model (https://github.com/matterport/ 
Mask_RCNN) was implemented here using the deep learning frame
work of ArcGIS Pro 2.5 (https://github.com/Esri/deep-learning-frame 
works/tree/master). In this framework, the Mask R-CNN model solu
tion (https://github.com/Esri/raster-deep-learning/blob/master/pyth 
on_raster_functions/Keras/MaskRCNN.py) uses TensorFlow, Keras and 
Scikit-Image Python libraries and following dependencies for training 
and validating the model during training, and subsequent object 
detection and instance segmentation (e.g., mask predictions) tasks. We 
adopted this solution since it allowed a straightforward implementation 
and a simple articulation between the input imagery and the model 
outputs, facilitating visual inspections and quality assessment 
throughout the process. 

Fig. 4. Examples of the diverse water body types and environmental settings that were targeted for manual and model-assisted delineations. Delineations refer to the 
blue polygons. The PS-D mosaic is a false-color composite (R – near-infrared; B – blue; G – green). (For interpretation of the references to color in this figure legend, 
the reader is referred to the web version of this article.) 

Table 1 
Statistics of the water bodies dataset split by purpose (training/validation and testing) and resolution (VHR – ≈ 3 m pixel size; UHR – 0.05-0.15 m pixel size) with 
minimum (Min), maximum (Max), mean (x), median (Md) and standard deviation (σ) area in square kilometer (km2).  

Purpose Resolution Samples Min (km2) Max (km2) x (km2) Md (km2) σ (km2) 

Training/Validation VHR 23,432 1.5 × 10− 5 12,605 0.00736 2.15 ×10− 4 0.147 
Testing VHR 3,012 2.1 × 10− 5 0.804 0.00182 1.77 × 10− 4 0.0243 
Testing UHR 793 7.5 × 10− 7 0.0442 2.84 × 10− 4 8.68 × 10− 5 0.00160  
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3.4.1. Data exportation for training 
The total 23,432 water bodies were used to derive 70,925 image 

chips, for which we used the Export Training Data For Deep Learning 
Tool of ArcGIS Pro 2.5 (Maxwell et al., 2020). To enhance the capacity of 
the model to detect small water bodies without losing spatial context 
information, a tile size of 128 pixels in the X and Y axis, as well as stride 
size of 64 pixels in the X and Y axis were used. Within each image chip, 
segmentation masks for each instance of an object were obtained 
showing minimum, maximum and mean values of 1, 39 and 2.54 sam
ples, respectively. After object differentiation, unique instances are 
needed for instance segmentation methods (Maxwell et al., 2020) 
(Fig. 5). This process sorted out 180,040 classified features within the 
range of each image chip. 

3.4.2. Training and retraining strategy 
The training considered the image chips and segmentation masks, 

with ResNet as the CNN architecture for transfer learning (Sarker, 2021; 
Alem and Kumar, 2022). We tested the shallow residual networks 
ResNet-18, ResNet-34 and the deeper versions ResNet-50, ResNet-101 
and ResNet-152. These architectures differ in terms of the number and 
width of the layers, with higher networks generally showing higher 

ability to learn and transfer knowledge by better generalizing the re
sults, but frequently increasing computational and training sample 
needs (He et al., 2016 and 2020; Sarker, 2021; Adegun et al., 2023). 
They were originally designed by He et al. (2016) and were set to retain 
their original weights and biases (e.g., model freezing) before training, 
allowing faster convergence (Alem and Kumar, 2022). This procedure 
ensured that the networks retained the knowledge acquired from pre- 
training on the ImageNet Dataset (Russakovsky et al., 2015), which in 
this case referred to a subset of around 1 million natural images labeled 
by humans, for enhanced image recognition purposes (He et al., 2016; 
Alzubaidi et al., 2021). 

An iterative retraining process for deriving new ground truthing 
features, training, analyzing training and validation losses per epoch, as 
well as AP scores (e.g., common area under the curve considering the 
Precision averages across all Recall values between 0 and 1, defined by 
Padilla et al., 2020), then using the current best state model for detecting 
and validating water body feature tiles was conducted. When increasing 
from ResNet-18 to ResNet-50, the AP rose to 0.6 and the model started 
being used for deriving new training samples in different sectors. This 
allowed for increasing training (e.g., feature engineering), better un
derstanding model failures, and refeeding it with new relevant infor
mation. During this process, the correct feature tiles were verified and 
merged, while the undetected water bodies were manually digitized, 
both refeeding the model. 

The ResNet that showed the final highest AP was ResNet-50 with 
0.75, achieved over 18 epochs with a batch size of 8 samples. The model 
demonstrated consistent learning (e.g., ability to match ground truthing 
and generalize to new instances), evidenced by decreasing training and 
validation losses per epoch at similar rates (Alem and Kumar, 2022). 
There was no overfitting, as indicated by the continuous decline in 
validation loss (Fig. 6, Alzubaidi et al., 2021). The lowest training loss 
was achieved at epoch 18, as a result the two small peaks at epochs 14 
and 17 were likely attributed to the optimization process during those 
specific training iterations (Zhang et al., 2018; Alzubaidi et al., 2021; 
Alem and Kumar, 2022). An optimal learning rate of 6.31− 6 was auto
matically extracted from the training curve for faster convergence. 
Additionally, we considered the early stop function, to save processing 
time and minimize overfitting (Zhang et al., 2018). 

3.4.3. Instance segmentation for mask predictions 
The water bodies were detected using a tile size of 120 × 120 pixels 

and padding size of 8 pixels. These parameters proved to be the best for 
detecting and preserving the boundaries of small features, as well as for 
decreasing processing time. The confidence threshold was set to 
0 allowing for the detection of positive feature tiles for water bodies, 
even when the model had low confidence. This allowed for splitting the 

Table 2 
Characteristics of the VHR and UHR imagery for testing the model performance, 
with comparisons of sites, dates, surveyed areas, type of imagery and respective 
pixel size (level of detail during ground truthing manual delineations).  

Testing 
resolution 

VHR UHR 

Sites and 
dates 

GBL (11/09/2017); 
BGR (23/08/2019); 
KWAK (04/08/2018); 
SAS (02/08/2018); 
Tasiapik (22/08/2018) 

BGR (02/09/2015, 31/08/2017, 
26,27/08/2019); 
KWAK (28/08/2015, 01/09/ 
2017, 14,15/08/2022); 
SAS1 (30/08/2015, 01/09/ 
2017, 13,16/08/2022); 
SAS2 (30/08/2015, 01/09/ 
2017);  
Tasiapik NW (01/09/2019); 
Tasiapik SE (30/08/2019) 

Survey area 12.25 km2 each site  
(61.25 km2 hectares in total) 

BGR = 0.69 km2; KWAK = 0.23 
km2; SAS1 = 0.13 km2; SAS2 =
0.19 km2; Tasiapik NW = 0.18 
km2; Tasiapik SE = 0.28 km2 

Imagery PlanetScope imagery aided by 
very- high resolution satellite 
base maps (e.g., ESRI World 
Imagery, Google Earth, Bing 
Maps and Google Satellite) 

UAS orthomosaics 
(SenseFly eBee Classic and RTK 
Plus – S.O.D.A. and 4-band 
Multispectral Sequoia; Inspire 
2–10-band Red Edge Dual 
Multispectral) 

Pixel size ≈ 3 m 0.05–0.15 m  

Fig. 5. Example of an image chip (a – true color composite; b – near-infrared composite) and correspondent segmentation masks (each color represents a different 
instance of an object) for training, referring to 23 mapped optically and morphologically diverse small water bodies in an area of 128 × 128 pixels (≈ 205 m ×
205 m). 
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features into confidence classes and testing model confidence beyond 
general performance (Alzubaidi et al., 2021). Techniques for cleaning 
feature tiles, such as Non-Maximum Suppression (Hosang et al., 2017), 
which allows for the retrieval of overlapping feature tiles with the 
highest confidence scores based on a user-selected IoU, were not 
employed. This was because our goal was to understand the overall 
performance and confidence of the model without any intervention. 

3.5. Model evaluation metrics 

For performance evaluation, the IoU, Precision, Recall and F1 Score 
metrics were used (Liu et al., 2020; Maxwell et al., 2020; Alzubaidi et al., 
2021). The IoU, which is an important measure of the model perfor
mance at a scale of each individual object (e.g., water body), corre
sponds to the ratio between the area of overlap of the detected and 
ground truthing polygons and their area of union (Liu et al., 2020; 
Padilla et al., 2020). The higher the IoU, the stronger the agreement, a 
value of 1 indicating a perfect automatic delineation. The IoU was also 
used as a reference for Precision, Recall and F1 Score metrics consid
ering a threshold at 0.5 (Huang et al., 2020). This was used for assessing 
the True Positives (TP), False Positives (FP) and False Negatives (FN). 
Detections with IoU ≥ 0.5 were classified as TP and the ones with IoU <
0.5 as FN (Padilla et al., 2020). An IoU of 0.5 is not only the unique mid- 
term condition between detecting water bodies and correctly delin
eating their boundaries, but it is also a commonly chosen threshold in 
major deep learning challenges, like PASCAL, ILSCRV and MS COCO 
(Liu et al., 2020). In addition, we also calculated the metrics using the 
total sum area of the polygons and intersections classified as TP, FP and 
FN. This allowed assessing the algorithm ability to detect water bodies 
as a function of their area, similarly to a pixel-based approach (Zhang 
et al., 2018; Qayyum et al., 2020; Philipp et al., 2022). 

While Precision records the ability of the model to identify only 
relevant objects (e.g., percentage of the correct positive predictions), 
Recall records the ability of the model to find all relevant cases (e.g., 
percentage of the correct positive predictions considering all ground 
truthing features) (Padilla et al., 2020). The F1 Score offers an overall 
accuracy of the model, combining Precision and Recall, through their 
harmonic mean calculation (Maxwell et al., 2020; Alzubaidi et al., 
2021). For these metrics, a value of 0 refers to the worst and 1 to the best 
possible model performances. 

To assess the confidence of the algorithm for detecting feature tiles 
properly in different landscape units, these were analyzed for the VHR 
sites, considering 5% confidence interval classes (5 to 95%), having as 

reference the same quality evaluation metrics. The best confidence 
thresholds (IoU 0.5 F1 Score 1st highest peak) for each VHR were 
selected for a detailed sub-pixel assessment of the performance of the 
algorithm in the respective UHR sites. 

To allow a better comparison between the detected and observed 
water body areas, we used Kernel Density Estimation (KDE) plots. KDE is 
a non-parametric method that provides a smooth curve representation of 
data distributions, by placing a kernel on each data point and summing 
the contributions of all kernels (Wand and Jones, 1994). These plots 
were generated using OriginPro 2023, with the bandwidth determined 
by the Scott method. Unlike histograms or other class-based data visu
alizations, KDE plots allow for continuous comparisons without discrete 
class gaps. 

4. Results 

4.1. Evaluation of model performance at Very-High Resolution (VHR) 

The evaluation of the model performance considering all confidence 
thresholds at the VHR validation sites showed very good overall results 
(Table 3). Regarding the Precision, Recall and F1 Score based on total 
area, means and medians were higher than 0.78, except at Tasiapik with 
0.58 to 0.71. This indicated that most of the water body area detected 
were TP, the mean being higher than 70%, except for Tasiapik with 45%. 
At all VHR validation sites, except Tasiapik, the FP mean area was lower 
than 20% and FN mean area lower than 17%. 

The metrics based on total n at IoU 0.5 showed different trends 
(Table 3). The mean IoU 0.5 Precision was higher than 0.76 at all sites, 
except in KWAK, with 0.58. Considering the IoU 0.5 Recalls, GBL gave 
the highest mean (0.67). In BGR, KWAK and SAS the mean decreased to 
≈ 0.6, being slightly better in BGR (0.63) and SAS (0.6) comparing to 
KWAK (0.55) and down to 0.5 in Tasiapik. As a result, the IoU 0.5 F1 
Score means were 0.71 for GBL and BGR. For SAS, Tasiapik and KWAK 
these values were 0.63, 0.57 and 0.53, respectively. The mean TP n at 
IoU 0.5 according to all confidence thresholds was 56% for GBL, 
following BGR with 55%, SAS with 47%, Tasiapik with 40% and KWAK 
with 36% (Table 3). 

Analyzing the IoU values of the detected water bodies (IoU > 0), the 
highest mean value was in GBL with 0.7, following SAS with 0.66 and 
then BGR, Tasiapik and KWAK with ≈ 0.6 (Table 3). These indicated a 
moderate to high efficiency of the algorithm to delineate the ground 
truthing features. Comparatively, the IoU of the detected and undetected 
water bodies were lower due to the existence of FP and especially FN 

Fig. 6. Training and validation losses per epoch for the best backbone model (ResNet-50).  
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(IoU = 0). This was clearer for KWAK, Tasiapik and SAS, where these 
values decreased to 0.28, 0.31 and 0.35, respectively (Table 3). 

Precision, Recall and F1 Score at 5% confidence classes were always 
better for total area than for total n, except for Tasiapik, that showed 
generally worst performances (Fig. 7). Focusing on the IoU 0.5 Preci
sion, the results showed a sharp increase as the confidence approached 
95%, reaching 1 at all VHR sites. This was clearer for GBL, BGR and SAS, 
where IoU 0.5 Precision above 0.9 were reached even at 50–55% con
fidence. Precisions based on the total area revealed the same behavior, 
although with lower values, due to remaining areas classified as FP. 
Recall showed an opposite behavior of Precision, both for total n (IoU 

0.5) and area. This revealed that the algorithm better detected water 
bodies with increasing confidence threshold, although detecting a 
smaller number of individuals. This caused decreasing F1 Score values 
with increasing confidence thresholds (Fig. 7). 

The best confidence thresholds according to the 1st highest IoU 0.5 
F1 Score peak were 50% for BGR, SAS and Tasiapik, 60% for GBL and 
65% for KWAK. At these thresholds the IoU 0.5 F1 Scores were above 
0.73 for GBL, BGR and SAS, decreasing to 0.66 and 0.63 for Tasiapik and 
KWAK, respectively (Table 4). The IoU 0.5 Precisions were above 0.81 
for all sites, except for KWAK with 0.69. The lowest IoU 0.5 Recall was 
0.55 for Tasiapik, following KWAK with 0.58 and the other sites showing 

Table 3 
General performance of the model for the different VHR sites. The values are the Precision, Recall, F1 Score, TP (%), FN (%), FP (%) and IoU mean (x), median (Md) and 
standard deviation (σ) according to all confidence thresholds (5–95: 5% intervals) based on total area and total n at IoU 0.5. In IoU * refers to the detected water bodies 
(IoU > 0 as TP) and ** includes the undetected ones (IoU = 0 as FN and FP).  

VHR sites Total area Total n (IoU 0.5) IoU * (**) 

Precision Recall F1 Score TP (%) FN (%) FP (%) Precision Recall F1 Score TP (%) FN (%) FP (%) 

GBL x 0.94 0.97 0.95 91 3 6 0.78 0.67 0.71 56 27 17 0.70 * (0.48 **) 
Md 0.94 0.97 0.95 91 3 6 0.89 0.69 0.73 58 27 8 0.69 * (0.51 **) 
σ 0.01 0.01 0.003 1 0 1 0.21 0.05 0.11 12 8 18 0.07 * (0.10 **) 

BGR x 0.86 0.88 0.87 77 10 12 0.85 0.63 0.71 55 33 11 0.59 * (0.44 **) 
Md 0.88 0.89 0.88 78 10 11 0.88 0.66 0.73 58 31 8 0.58 * (0.46 **) 
σ 0.04 0.02 0.02 3 2 4 0.13 0.08 0.05 6 11 11 0.03 * (0.05 **) 

KWAK x 0.78 0.88 0.82 70 10 20 0.58 0.55 0.53 36 31 33 0.58 * (0.28 **) 
Md 0.80 0.89 0.84 73 9 18 0.54 0.60 0.55 38 26 34 0.59 * (0.28 **) 
σ 0.09 0.03 0.05 6 4 9 0.24 0.09 0.10 9 16 21 0.04 * (0.05 **) 

SAS x 0.87 0.81 0.84 72 17 11 0.76 0.60 0.63 47 35 18 0.66 * (0.35 **) 
Md 0.89 0.83 0.85 74 16 9 0.81 0.66 0.67 50 29 14 0.67 * (0.38 **) 
σ 0.08 0.05 0.03 4 5 8 0.20 0.15 0.11 10 19 18 0.04 * (0.07 **) 

Tasiapik x 0.58 0.69 0.62 45 21 34 0.76 0.50 0.57 40 43 17 0.60 * (0.31 **) 
Md 0.60 0.71 0.63 46 19 32 0.82 0.55 0.61 44 40 11 0.59 * (0.33 **) 
σ 0.11 0.07 0.05 5 9 12 0.19 0.14 0.10 9 18 16 0.03 * (0.07 **)  

Fig. 7. Precision, Recall and F1 Score considering the total area and total n (IoU 0.5) according to 5% interval confidence classes for the VHR sites.  
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over 0.66. 
At IoU 0.5, most of the detections were classified as TP, following FN 

and FP (Table 4). BGR, KWAK, SAS and Tasiapik revealed significantly 
different water bodies compared to GBL, with an increase in number and 
density of small lakes and ponds and, as result, more TP n and FN n 
(Table 4 and Fig. 9). The mean IoU of the detected water bodies (IoU >
0) for the best confidence thresholds varied from 0.58 in BGR to 0.73 in 
GBL. The median values were generally higher varying from 0.62 in BGR 
and KWAK to 0.83 in GBL (Table 5). 

The IoU results, although good, revealed limitations in fully 
addressing the complexity of small water bodies (Table 5). For example, 
BGR and KWAK present numerous small water bodies, with the latter 
showing 707 water bodies and a median size of 134 m2, and BGR 
showing 1153 water bodies and a median size of 256 m2. Furthermore, 
these show distinct characteristics in shape and color, even across small 
distances (Fig. 9). Nevertheless, the large majority of the detected water 
bodies in all VHR sites had IoU ≥ 0.5 (> 72% n) (Fig. 8). For example, in 
BGR 72% of the detected water bodies had IoU ≥ 0.5, with 78% for 
Tasiapik, 80% for KWAK, 83% for GBL and 94% for SAS. Considering an 
IoU ≥ 0.7, the values were 28% for BGR and KWAK, 33% for Tasiapik, 
72% for GBL and 75% for SAS. 

The TP, FN and FP maps for the best IoU 0.5 F1 Score presented 
consistent automatic delineations even in dense and morphologically 
complex sectors with numerous ponds (Fig. 9). The main problems were 
relief cast shadows causing FP, especially in GL and BGR. In KWAK, FP 
were mainly related to very small shadows projected by trees due to its 
boreal forest setting. In SAS, some peaty waterlogged areas caused FP. 
Tasiapik revealed the worst FP results, with a road sector being mis
classified as a narrow turbid stream and outcrops being a source of errors 
caused by high brightness (Fig. 9). 

4.2. Evaluation of model performance using UAS data at Ultra-High 
Resolution (UHR) 

Comparisons between the detected and observed water body areas in 
the UHR testing sites, showed that the detected means, medians and 1st 
quartiles were always higher than the observed (Fig. 10). This was 
because the UHR validation sites had a high density and frequency of 

very small ponds, which were not detected by the model. The minimum 
difference between interquartile ranges (Q3-Q1) of the observed and 
detected pond areas was 3 m2 for KWAK (observed = 212 m2; detected 
= 215 m2), with particularly good matches between at that site and 
Tasiapik SE (Fig. 10). 

Kernel Density Estimations (KDE) between the observed and detec
ted pond areas revealed consistency (Fig. 11), especially at KWAK and 
Tasiapik SE. At BGR, SAS1 and SAS2, the strongest KDE disagreements 
occurred in ponds smaller than 150 m2, with the observed densities and 
frequencies being higher. For instance, in BGR, the largest KDE differ
ence occurred between 0.76 and 206 m2 pond sizes. In that specific class, 
276 ponds were observed, corresponding to a total area of 15,548 m2. 
Accordingly, only 92 ponds were detected, summing up to a total area of 
12,069 m2. The same trend was apparent for SAS1 and SAS2, with 
challenges for detecting the smallest size ponds. The only strong KDE 
disagreement and mismatch occurred for Tasiapik NW. 

The mean IoU for the detected water bodies was around 0.5, the 
highest being in KWAK (0.59), followed by SAS2 (0.58) and Tasiapik SE 
(0.54) (Table 6). These results are good since the UAS orthomosaics 
resolve water bodies at centimeter resolution, while at PS-D resolution 
they are generalized and unresolved in many situations. For both 
detected and undetected water bodies, the mean IoU decreased, varying 
from 0.23 in SAS2 to 0.41 in KWAK. These were affected by the large 
proportion of small ponds classified as FN (IoU = 0) that our algorithm 
was unable to detect (Table 6). 

As an example, in BGR, the IoU means for all water bodies (including 
IoU = 0) having as reference the three main area classes classified using 
natural breaks, were 0.21 (Md = 0 and σ = 0.28) for ponds ranging 
between 0.76 and 291 m2 (345 n = 73%; 35,786 m2 = 28%), increasing 
for 0.55 (Md = 0.62 and σ = 0.21) for those ranging between 291 and 
819 m2 (97 n = 21%; 51,715 m2 = 41%) and reaching 0.6 (Md = 0.74 
and σ = 0.26) for those ranging between 819 and 2,523 m2 (30 n = 6%; 
39,454 m2 = 31%). The same occurred for SAS1, with the IoU means for 
all water bodies increasing from 0.15 for those showing sizes below 138 
m2 to an excellent 0.73 for those larger than 747 m2. In fact, this trend of 
increasing IoU values with increasing water body sizes was common to 
all sites. 

The IoU maps show the robustness of our new model for detecting 
morphologically and optically diverse small ponds, as well as streams 
(Fig. 12). The results are particularly accurate for BGR, KWAK, SAS1 and 
Tasiapik SE. 

At BGR, despite many ponds of very small size (< 200 m2), most of 
the larger ones were detected, the majority showing IoU ≥ 0.6. Only two 
large ponds (436 and 539 m2) that were greenish were not detected. At 
the center of the UHR study area of BGR, some segmentation issues 
occurred in ponds showing sizes between 971 and 1,476 m2, causing the 
detected frequencies and areas sum to decrease (17 observed ponds =
19,897 m2; 7 detected ponds = 8,682 m2) as well as IoU values (Figs. 11 
and 12). These were caused by narrow water corridors connecting the 
ponds, which are difficult to detect at PS-D resolution. The Sheldrake 
River sector of BGR showed an observed water body area of 44,241 m2 

and a detected area of 40,861 m2, 83% of which classified as TP, 12% as 
FN and 6% as FP, resulting in a Precision of 0.94, Recall of 0.88, F1 Score 
of 0.91 and IoU of 0.82 (Fig. 12). 

For KWAK, the results were excellent with the detection of most 
ponds (77%) with high quality and individual IoU values ≥0.6. The 
undetected ponds were close to forested areas or were very small (< 150 
m2). Clustered trees caused FP linked to cast shadows. The creek in 
KWAK narrows from south (5 m) to north (2 m) and resulted in TP (49%) 
in the south and FN (21%) in the north, with Precision, Recall, F1 Score 
and IoU values of 0.61, 0.70, 0.65 and 0.44, respectively (Fig. 12). 

Good results were also achieved for SAS1 and SAS2, with several of 
the very small ponds detected and with good IoU. However, detecting 
water bodies in these sites was challenging, given the oscillation in 
water table. For example, at SAS1 small ponds associated with seasonal 
water corridors around palsas were difficult to track. In this area, palsas 

Table 4 
Performance evaluation metrics at the best confidence threshold (50% for BGR, 
SAS and Tasiapik, 60% for GBL and 65% for KWAK) referring to the 1st highest 
IoU 0.5 F1 Score peak and TP n (%), FN n (%) and FP n (%) for the VHR sites.  

VHR 
sites 

Precision Recall F1 
Score 

TP n (%) FN n (%) FP n (%) 

GBL 0.91 0.71 0.80 50 n 
(67%) 

20 n 
(27%) 

5 n (7%) 

BGR 0.88 0.66 0.75 781 n 
(61%) 

404 n 
(31%) 

104 n 
(8%) 

KWAK 0.69 0.58 0.63 411 n 
(46%) 

302 n 
(34%) 

182 n 
(20%) 

SAS 0.81 0.66 0.73 279 n 
(57%) 

144 n 
(29%) 

67 n 
(14%) 

Tasiapik 0.82 0.55 0.66 374 n 
(49%) 

305 n 
(40%) 

84 n 
(11%)  

Table 5 
IoU means (x), medians (Md) and standard deviations (σ) for the detected water 
bodies, and for detected plus undetected water bodies (*), at the VHR sites ac
cording to their best confidence threshold.  

IoU/VHR sites GBL BGR KWAK SAS Tasiapik 

IoU 
(*) 

x 0.73 
(0.58 *) 

0.58 
(0.49 *) 

0.60 
(0.34 *) 

0.67 
(0.42 *) 

0.59 
(0.37 *) 

Md 0.83 
(0.75 *) 

0.62 
(0.58 *) 

0.62 
(0.43 *) 

0.70 
(0.58 *) 

0.64 
(0.48 *) 

σ 0.26 
(0.37 *) 

0.19 
(0.27 *) 

0.17 
(0.32 *) 

0.15 
(0.35 *) 

0.20 
(0.33 *)  
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were also responsible for FP, causing pond size overestimations associ
ated with the low reflectance of organic-rich soils and shadowing 
(Fig. 12). In SAS2, FN occurred at waterlogged fens (12 undetected 
ponds with a mean size of 41 m2), as well as at sectors close to degrading 
permafrost palsas (4 undetected ponds with a mean size 52 m2). These 
were small and, as result, difficult to detect at PS-D resolution (Fig. 12). 

The model was least accurate for the northwest sector of the Tasiapik 
valley (Tasiapik NW). Only the larger and well-defined ponds were 
accurately detected, especially towards the west with only 33% of de
tections (Fig. 12). This was because the site had mainly shallow and 
clear water ponds, with high bottom reflectance, and ponds with 
irregular shape frequently linked by narrow corridors. The results 
improved significantly in Tasiapik SE with 67% of the ponds detected. 
Apart from small undetected ponds (< 150 m2), the majority showed 
good IoU values (mean of 0.46) and only three shallow ponds with 249 
to 528 m2 were not detected. This appeared to be due to bottom inter
ference or even dry basins, conditions that were difficult to evaluate at 
PS-D resolution (Fig. 12). 

The IoU 0.5 Precision was excellent for all sites, with values above 
0.87 (Table 7), and only a few FP n. The IoU 0.5 Recall varied from 0.18 
at Tasiapik NW to 0.54 at KWAK as a result of the small water bodies that 
were only detected using UHR imagery, causing FN n at all sites. At 
Tasiapik NW, FN were also caused by shallow depths and bottom 
reflectance, resulting in the highest FN frequencies (81% based on IoU 
0.5 and 40% based on total area). The IoU 0.5 F1 Scores varied between 
0.3 (Tasiapik NW) and 0.68 (KWAK). The F1 Scores based on total area 

were higher, varying from 0.64 in SAS2 to 0.80 in BGR (Table 7). 

5. Discussion 

5.1. Model confidence trade-off 

The trained model provided different quality and confidence per
formances depending on the landscape type. In general, as the confi
dence of the water detection tiles increased, the model became more 
conservative, removing FP, but also detecting less TP. At the confidence 
threshold of 95% the IoU 0.5 Recall was 0.54 for GBL, 0.39 for BGR, 0.29 
for KWAK, 0.22 for SAS and 0.16 for Tasiapik. The same metric based on 
total TP, FP and FN areas was 0.95 for GBL, 0.83 for BGR, 0.78 for 
KWAK, 0.69 for SAS and 0.48 for Tasiapik. These results highlight the 
challenges for detecting the numerous optically and morphologically 
diverse small water bodies at PS-D resolution, but also show that the 
large majority of the total water body area is still correctly detected, 
even under the most conservative of scenarios. 

In the current research we adopted the water body tile detection 
confidence thresholds for the different VHR sites according to the 1st 
highest IoU 0.5 F1 Score peak. This model trade-off allowed better un
derstanding the main factors controlling FN and FP, as well as maxi
mizing TP (Zhang et al., 2018). Understanding the best confidence 
threshold during model detections is a good practice and depends on the 
purposes of the research and the characteristics of the study area. 
However, following this principle may require using complementary 

Fig. 8. Histogram plots of the IoU values of the detected water bodies (n) for the VHR sites according to their best confidence thresholds. The red vertical lines 
represent the means (x) and the blue vertical lines represent the medians (Md), solid for the detected water bodies, and dashed plus the undetected ones. (For 
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) 
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Fig. 9. PS-D, water bodies ground truthing and results of the model considering fully autonomous water bodies delineations according to the best confidence 
threshold (65% for KWAK valleys, 60% for GBL and 50% for BGR, SAS and Tasiapik valleys). The TP, FN and FP polygons and intersections were classified according 
to the IoU 0.5. The black bounding boxes represent the UHR survey sites. 
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Fig. 10. Box plots for the observed and detected ponds in all UHR sites. The river and creek sectors were excluded (main distribution outliers). The minimum and 
maximum values are presented here at 5% and 95% percentiles, respectively. 

Fig. 11. Kernel Density Estimation (KDE) plots for the observed and detected ponds in all UHR validation sites. The river and creek sectors are excluded (main 
distribution outliers). 
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techniques or methods, such as testing remote sensing adapted pre- 
trained models (Yuan et al., 2020; Alem and Kumar, 2022), feeding 
the model with more data dimensions (e.g., digital surface/terrain 
models, space-time PS-D or other passive and active satellite platforms 
data cubes) (Sarker, 2021), providing more training samples, enhancing 
model robustness with data augmentation techniques (e.g., flipping, 
color space, rotation, cropping, translation or noise injection) (Huang 
et al., 2020), using feature tile cleaning techniques (e.g., Non-Maximum 
Suppression), adding TP feature tiles with less confidence (Zhang et al., 
2018), finding techniques for removing FP (e.g., decision trees, 
morphometric analysis, shadow modeling) or manual inspection (Huang 
et al., 2020; Mullen et al., 2023). These post-detection procedures would 
likely improve the final quality of the water body dataset, although some 
of them are computationally costly and involve intense parametrization, 
or are laborious and highly time-consuming (Alzubaidi et al., 2021; 
Sarker, 2021; Adegun et al., 2023), especially when considering the 
diversity and abundance of water bodies in the Arctic and Subarctic 
(Muster et al., 2019). 

Our results and the high quality performance evaluation metrics 
based on total area showed that FN were not problematic, and were 
mostly related to issues in detecting narrow water connections among 
ponds or in fully resolving morphological complexity of water bodies at 
PS-D native spatial resolution. Furthermore, most FP were linked to 
relief cast shadows that are easy to mitigate in a second classification 
step by using digital elevation models (Feyisa et al., 2014; Fisher et al., 
2016; Freitas et al., 2022). While clusters of trees have also caused FP, 
most of these were small in terms of individual sizes and can be excluded 
by introducing a minimum waterbody size threshold, as described 
below. 

5.2. Minimum pond size threshold 

Our test water bodies datasets showed median sizes of 177 m2 at 
VHR and 87 m2 at UHR. This implied that 50% of the performance 
evaluation metrics were influenced by the ability of the model to auto
matically delineate such small and numerous ponds (VHR = 1,506 water 
bodies <177 m2; UHR = 397 water bodies <87 m2). This impacted the 
model performance metrics in general. For instance, at UHR this was 
clearer at BGR and subtler at Tasiapik SE, but was the main factor 
decreasing the quality of the metrics at all UHR sites, due to the large 
proportion of FN (e.g., very small water bodies) comparing to TP (e.g., 
impacting Recall). 

The observed ponds at the UHR sites revealed a Pareto-like distri
bution, with substantial declining frequencies from the smallest to the 
largest pond areas (Skewness = 1.8, Kurtosis = 3.1). The detected ponds 
distribution was not able to fully represent that behavior, especially 
considering the smallest area classes (Skewness = 1.5, Kurtosis = 1.7) 
(Fig. 13). As a result, the observed counts and relative frequencies were 
much higher in the <50 m2 (37%) and 50–100 m2 (16%) classes, 
compared to the detected ponds (< 50 m2 = 1%; 50–100 m2 = 13%). 
However, both observed and detected histogram frequencies and KDE 

curves were similar for ponds above 100–150 m2 (78 observations and 
83 detections). Accordingly, the data suggests that a KDE peak of 166 m2 

may be used as the minimum size detection threshold of our model using 
PS-D imagery (Fig. 13). 

The definition of the above-mentioned minimum size detection 
threshold led us to recalculate the performance quality metrics at all 
UHR sites (Table 8). The most significant improvement was in Recall, 
showing that the model became highly efficient for delineating and 
detecting ponds above that threshold. This was particularly evident at 
BGR, where the IoU 0.5 Recall increased from 0.38 to 0.74, at KWAK, 
where it increased from 0.54 to 0.79 and at SAS2, from 0.34 to 0.83. 
Better Precisions were also noticed, especially at IoU 0.5, resulting in 
major TP reduction, except in BGR, although still showing 0.98. In 
general, the IoU 0.5 F1 Score increased from 0.3-0.68 to 0.7-0.91 and 
from 0.64-0.8 to 0.76-0.83 considering the metrics based on the total 
area (Table 8). Watercourses, in particular narrow stream and creek 
detections for the UHR sites demonstrated that the model was efficient 
for water features wider than 4–5 m, while missing detections below that 
width. 

Our proposed minimum size threshold is similar to the one of 100 m2 

demonstrated by Mullen et al. (2023). In that case, the authors used 
GNSS-based ground validation for 53 water bodies, showing that a 
trained U-Net model over PlanetScope imagery performed better above 
that threshold. Compared to GNSS-based ground validation, which is 
both time-consuming and costly, our UAS surveys covered much more 
small water bodies (793). This also demonstrated that numerous ponds 
are smaller than the 100 (53%) and 166 m2 (64%) minimum proposed 
size thresholds. 

5.3. Improvements compared to other available products 

Remote sensing products for water bodies and landcover products 
have been showing improvements since the beginning of this century at 
all levels, from regional to global. This has resulted from greatly 
improved data availability and quality (e.g., sensor spatial, spectral, 
temporal and radiometric resolutions), and increased robustness of 
classification techniques, including algorithms and workflows, accom
panied and facilitated by greater processing power. 

At the global level, Lehner and Döll (2004) assembled the Global 
Lakes and Wetlands Database (GLWD) with a mapping scale of 1:1 to 3 
million. The authors compiled global and regional datasets digitizing 
historical maps and converting large lakes (≥ 50 km2), reservoirs 
(storage capacity ≥ 0.5 km3), small water bodies (surface area ≥ 0.1 
km2) and wetland point locations to polygonal features. 

Verpoorter et al. (2014) significantly improved the delineation of 
water bodies worldwide, with the production of the Globally WAter 
BOdies database (GLOWABO) using remote-sensing and image classifi
cation. Having as reference a global static cloud-free mosaic of Landsat 
imagery aided by digital elevation data (GeoCover™ circa 2000 image 
dataset), the authors developed the GeoCover™ Water bodies Extraction 
Method (GWEM), automatically mapping approximately 117 million 
lakes worldwide (Verpoorter et al., 2012 and 2014). 

Since GLOWABO was launched, various authors have developed 
other image classification algorithms for deriving and improving global 
water body products. Feng et al. (2016) developed the Global Land 
Cover Facility inland surface water dataset (GIW) and Pekel et al. (2016) 
the Global Surface Water Explorer (GSWE). These remote sensing-based 
products have in common the use of Landsat imagery at native (30 m) or 
pansharpened (≈15 m) resolution, sometimes aided by other datasets (e. 
g., digital elevation models). In 2016, Messager et al. (2016) produced 
the HydroLAKES database, following the GIS-based compilation 
approach of Lehner and Döll (2004). The authors compiled and stan
dardized near-global and regional available datasets mapping 1,427,688 
lakes with area above 10 ha. 

More recently, although not focusing on surface water extent map
ping and classification, Karra et al. (2021) developed the ESRI 

Table 6 
IoU means (x), medians (Md) and standard deviations (σ) for the detected water 
bodies, and for detected plus undetected water bodies (*), at the UHR sites.  

IoU/UHR 
sites 

BGR KWAK SAS1 SAS2 Tasiapik 
NW 

Tasiapik 
SE 

IoU 
(*) 

x 0.56 
(0.29 
*) 

0.59 
(0.41 
*) 

0.48 
(0.26 
*) 

0.58 
(0.23 
*) 

0.48 
(0.15 *) 

0.54 
(0.31 *) 

Md 0.61 
(0.08 
*) 

0.64 
(0.51 
*) 

0.53 
(0.20 
*) 

0.6 
(0 *) 

0.54 
(0 *) 

0.62 
(0.18 *) 

σ 0.19 
(0.31 
*) 

0.19 
(0.32 
*) 

0.21 
(0.29 
*) 

0.14 
(0.3 *) 

0.21 
(0.25 *) 

0.22 
(0.32 *)  
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LandCover global product at 10 m spatial resolution. The authors used 5 
billion manually labeled Sentinel-2 pixels and U-Net as a deep learning 
method for mapping nine landcover classes, including water, allowing 
for time-series retrievals. Zanaga et al. (2021) produced the ESA 
WorldCover product at 10 m, with eleven landcover classes, including 

permanent water bodies. The authors used Sentinel-2 and Sentinel-1 
imagery, following the image classification workflow of the dynamic 
yearly Copernicus Global Land Service Land Cover (CGLS-LC) map at 
100 m resolution (Buchhorn et al., 2020). Although these datasets are 
not fully adapted for water bodies, improvements in this class were 

Fig. 12. IoU maps for BGR, KWAK, SAS1, SAS2, Tasiapik NW and Tasiapik SE showing the ultra-high resolution manual delineations (ground truthing features – 
white polygons) and automatic delineations from our trained Mask R-CNN algorithm (black polygons). The UAS (dashed sector) and PS-D imagery (remaining area) 
have added transparency (40%) to highlight delineations and IoU classes. 
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expected as a function of the application of state-of-the-art image clas
sification algorithms over Sentinel-1 and 2 imagery. 

At the national level, the CanVec Series by Natural Resources Canada 
(Government of Canada, 2019), consists of a vector delineation of all 
types of hydrographic features. The dataset was released in 2017 and 
was lastly updated in February 2022. The product is available from 1:15 

million to 1:50,000 mapping scales. In addition, Sui et al. (2022) 
developed the water body dataset for the North American high latitudes 
(WBD-NAHL), developing an image classification method applied over 
Sentinel-2 imagery. 

At the regional level, the Government of Quebec provides some 
landcover products (e.g., ecological mapping of the vegetation, land
scapes units and surface deposits), through the open forest web mapping 
services (Leboeuf et al., 2018). However, in these products, the water 
bodies derived from the CanVec Series and many small lakes were 
excluded as a function of cartographical generalization procedures and 
minimum size units mapping protocols. 

For the Arctic and Subarctic, Muster et al. (2017) developed the PeRL 
database. This dataset includes only one map for Eastern Hudson Bay, 
namely for the KWAK site, consisting of precise manually delineated 
ponds (1959 and 2006) for an area of only 0.18 km2 (Bouchard et al., 
2014; Muster et al., 2017). For Eastern Hudson Bay specifically, Wang 
et al. (2018) developed a thaw pond database for part of the Sheldrake 
River basin and associated valleys, but it is not publicly available. 

The evaluation of the datasets above described using the manually 
digitized ground truthing at our VHR sites, showed much weaker water 
body detections when compared to our model (Fig. 14). The evaluated 
products showed a low to high capacity for detecting large glacial basin 
lakes (e.g., GBL), but severe limitations for detecting smaller water 

Table 7 
Performance evaluation metrics for the UHR validation sites at IoU 0.5 consid
ering all water bodies (ponds and river/creek sectors). The * values are for re
sults based on the total area.  

UHR sites Precision Recall F1 Score TP (%) FP (%) FN (%) 

BGR 0.98 
(0.89 *) 

0.38 
(0.73 *) 

0.54 
(0.80 *) 

62 
(67 *) 

0.7 
(8 *) 

37 
(25 *) 

KWAK 0.91 
(0.73 *) 

0.54 
(0.77 *) 

0.68 
(0.75 *) 

51 
(60 *) 

5 
(22 *) 

44 
(18 *) 

SAS1 1 
(0.75 *) 

0.31 
(0.63 *) 

0.47 
(0.68 *) 

31 
(52 *) 

0 
(18 *) 

69 
(30 *) 

SAS2 0.87 
(0.72 *) 

0.34 
(0.57 *) 

0.49 
(0.64 *) 

63 
(47 *) 

5 
(18 *) 

33 
(36 *) 

Tasiapik NW 0.92 
(0.84 *) 

0.18 
(0.56 *) 

0.3 
(0.67 *) 

18 
(51 *) 

2 
(9 *) 

81 
(40 *) 

Tasiapik SE 0.96 
(0.9 *) 

0.41 
(0.63 *) 

0.58 
(0.74 *) 

41 
(59 *) 

2 
(7 *) 

58 
(34 *)  

Fig. 13. Histograms and KDE plots for the detected and observed ponds using the UHR validation for water bodies from 0 to 1000 m2 and 166 to 1000 m2.  
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bodies (e.g., ponds) like those in BGR, KWAK, SAS and Tasiapik. On the 
other hand, our approach was able to enhance glacial basin lakes de
tections, as well as to improve the detection of ponds significantly in all 
VHR sites with mean 0.5 IoU F1 Scores ranging from 0.53 to 0.71 ac
cording to all confidence thresholds (Fig. 14). 

Two main factors contribute to the small IoU 0.5 F1 Scores for the 
evaluated products: the lack of detection of water bodies, especially 
ponds, and also failure to detect water body connectivity (via rivers and 
other conduits) (Fig. 15). These results reinforce the importance of using 
satellite or airborne imagery with better spatial resolution and 
improving training labelling for small feature detections, as we present 
here. 

5.4. Factors affecting the delineation of small water bodies 

The water bodies of Eastern Hudson Bay are highly variable in terms 

of color and shape, and this is particularly the case for permafrost thaw 
lakes and ponds (Bhiry et al., 2011; Watanabe et al., 2011; Freitas et al., 
2019). The performance of our trained Mask R-CNN model showed the 
high potential of PS-D imagery for the automatic detection and delin
eation of such small and diverse ponds and its applicability to these 
environments. However, in some cases, the model was unable to accu
rately detect or delineate ponds. Even though the use of UHR UAS 
orthomosaics is not always feasible or needed, in the tested terrain and 
pond settings, they allowed for the accurate analysis into these problems 
and on how they can impact satellite imagery driven algorithms for pond 
detection, providing more information and robustness compared to the 
traditional GNSS-based surveys or manual delineations from satellite 
imagery. As a result, the key challenges identified were (Fig. 16):  

- Difficulty in detecting surface macrophytes and/or algae in lithalsa- 
formed green ponds due to their resemblance to the surrounding 
environment. These unique and rare aquatic ecosystems pose chal
lenges in training deep learning models due to misrepresentation and 
often resulted in lower confidence detections (Fig. 16, a).  

- Shadowing effects from tree clusters leading to FP and uncertainties 
near forested areas, impacting accurate pond identification (Fig. 16, 
b). This was particularly evident in KWAK. Vegetation cast shadows 
are also known to impact water-leaving spectral signals, affecting 
monitoring efforts, especially over turbid waters (Freitas et al., 
2022).  

- Shadowing from palsas and/or soil and water spectral similarity, as 
occurred in the SAS1 peatland, causing pond size overestimation 
(Fig. 16, c). Topographical shadows are a very common factor 
generating water body FP, which typically are easily mitigated by 
using digital elevation models (Feyisa et al., 2014; Fisher et al., 2016; 
Pekel et al., 2016). Recent products like the ArcticDEM, offering a 
high-quality digital elevation model for all land north of 60◦ at 2 m 
pixel size, hold promise (Porter et al., 2023), but were not available 
for our testing sites. 

- Segmentation issues arising from narrow water corridors and com
plex pond shapes, particularly in dense areas like BGR. Whenever the 
water corridors linking ponds were too narrow, our trained model 
resulted in broken or generalized detections (Fig. 16, d). Some of 
these issues could be potentially resolved with higher-resolution 
satellite or airborne imagery. 

Table 8 
Performance evaluation metrics at IoU 0.5 for the UHR validation scales 
considering all water bodies (no size threshold) and considering those >166 m2. 
At this size threshold all metrics showed significant improvements. The * values 
are for the metrics results based on the total area.  

UHR sites Precision Recall F1 Score 

All > 166 
m2 

All > 166 
m2 

All > 166 
m2 

BGR 0.98 
(0.89 
*) 

0.98 
(0.90 *) 

0.38 
(0.73 
*) 

0.74 
(0.77 *) 

0.54 
(0.8 *) 

0.84 
(0.83 *) 

KWAK 0.91 
(0.73 
*) 

1 
(0.76 *) 

0.54 
(0.77 
*) 

0.79 
(0.81 *) 

0.68 
(0.75 
*) 

0.88 
(0.78 *) 

SAS1 1 
(0.75 
*) 

1 
(0.82 *) 

0.31 
(0.63 
*) 

0.67 
(0.75 *) 

0.47 
(0.68 
*) 

0.80 
(0.78 *) 

SAS2 0.87 
(0.72 
*) 

1 
(0.83 *) 

0.34 
(0.57 
*) 

0.83 
(0.73 *) 

0.49 
(0.64 
*) 

0.91 
(0.78 *) 

Tasiapik 
NW 

0.92 
(0.84 
*) 

1 
(0.89 *) 

0.18 
(0.56 
*) 

0.54 
(0.67 *) 

0.3 
(0.67 
*) 

0.7 
(0.76 *) 

Tasiapik SE 0.96 
(0.9 *) 

1 
(0.91 *) 

0.41 
(0.63 
*) 

0.59 
(0.67 *) 

0.58 
(0.74 
*) 

0.75 
(0.77 *)  

Fig. 14. IoU 0.5 F1 Scores for the VHR sites from global, national and regional products for water body and landcover analysis in comparison to the model developed 
here (HLWATER V1.0). For HLWATER V1.0 the IoU 0.5 F1 Scores are the means according to all confidence thresholds (5 to 95% at 5% intervals) for each VHR site. 

P. Freitas et al.                                                                                                                                                                                                                                  



Remote Sensing of Environment 304 (2024) 114047

19

- Challenges in assessing pond depth and optical properties in certain 
landscapes, such as the glacial valley of Tasiapik. The comparison 
between Tasiapik NW and Tasiapik SE, along with our field knowl
edge and data, indicates that water properties and local conditions 

(e.g., lithology, vegetation) impact remote sensing observations 
(Zeng et al., 2017), affecting the accuracy of pond detection. In 
Tasiapik NW, our UAS data from 2019 and field sampling from 2022 
show that: i. lake bottoms are easily visible when analyzing the UAS 

Fig. 15. Water bodies from publicly available databases and comparison with HLWATER V1.0. CanVec scale is 1:50,000. ESA WorldCover product version is 100. 
GLW is the union of Level 1 and 2. The grids are 3.5 × 3.5 km. 

Fig. 16. Typical cases of FN and FP problems on small water bodies automatic delineations. Black and white polygons represent model and UAS delineations, 
respectively. 
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orthomosaics; ii. the large majority of the ponds are oligotrophic, 
with clear water columns; iii. Ponds show very shallow depths (mean 
depth of 0.7 m over 10 sampled ponds). Gagnon et al. (2019) further 
showed that Tasiapik NW has among the lowest soil carbon stocks in 
the Arctic, which is consistent with the presence of low organic 
carbon oligotrophic ponds. At the opposite end of the spectrum, 
Tasiapik SE showed better model performances, with its optically 
deep ponds containing brownish waters and slightly deeper water 
columns (mean depth of 1 m on a total of 5 sampled ponds). Ac
cording to the Quebec open forest web mapping services the surface 
deposits in Tasiapik SE are essentially composed by clay and silt 
which are more likely to impact water quality, as opposed to the ones 
of Tasiapik NW, which are composed of sand and gravel materials 
(Leboeuf et al., 2018). 

6. Conclusions 

Small pond detection models and derived datasets are essential for 
assessing the biogeochemical significance and variability of small water 
bodies. These datasets can, for instance, feed and support synergistic 
remote sensing observations along with in-situ measurements on water 
properties. Our research draws attention to the high potential of Plan
etScope imagery for detecting very small ponds covering a variety of 
characteristics and spatial contexts, focusing on the boreal-forest tundra 
transition zone. Freitas et al. (2019) showed that Sentinel-2 imagery has 
good performance for characterizing the spectral properties of thaw 
ponds with >350 m2, if their boundaries are previously delineated using 
VHR imagery. This supports that PlanetScope (radiometrically stan
dardized for direct Sentinel-2 comparison), along with Sentinel-2 are 
highly relevant satellite platforms for monitoring the morphological and 
optical properties of Artic and Subarctic ponds, with relation to their 
limnological evolution and dynamics. 

In this research, training a Mask R-CNN model over PlanetScope 
imagery, with detailed ground truthing features as reference, resulted in 
high quality and precise water body automatic delineations, even 
comparing with delineations from ultra-high resolution UAS orthomo
saics. This comparison allowed better evaluation of model performance, 
as well as understanding sub-pixel issues affecting small and narrow 
water body delineation at PS-D native spatial resolution. It showed that 
better model performances are obtained when using 166 m2 as the 
minimum size detection threshold. Setting this threshold allowed 
excellent IoU 0.5 F1 Scores ranging from 0.70 and 0.91 depending on the 
UHR validation site. 

The performance of the model was not uniform, but at the same time 
showed flexibility for detecting small water bodies in different 
geographical contexts. It further showed potential for transfer to other 
regions of the Arctic and Subarctic as soon as PlanetScope datasets are 
available. Comparing the results of this new model with currently 
available global, national and regional products showed major im
provements, allowing to detect and precisely delineate numerous small 
water bodies which were omitted in past surveys, including permafrost 
thaw ponds that seem to have a very important role on the carbon cycle 
(Kuhn et al., 2018; Heslop et al., 2020; Beckebanze et al., 2022). 
Implementing this or similar models over wide regional sectors will 
allow for greatly improved mapping and monitoring Arctic and Sub
arctic ponds, and improved assessment of their biogeochemical roles in 
the global environment. 

Data and model access 

The PlanetScope images can be downloaded from https://www. 
planet.com/products/platform/. The HLWATER V1.0 is made freely 
available in Zenodo (doi:https://doi.org/10.5281/zenodo.10203553). 
The training dataset will be provided by P. Freitas upon request. 
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Forêts, de la Faune et des Parcs.  

Lecun, Y., Bengio, Y., Hinton, G., 2015. Deep learning. Nature 521, 436–444. https://doi. 
org/10.1038/nature14539. 
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