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7 Abstract

8 The combination of glacial retreat and climate change is increasing the number and size of glacial lakes globally.

9 Many of these glacial lakes are in dangerous glaciated environments, and satellite remote sensing provides a way
10 to improve monitoring efforts, though automated methods are needed to accurately and rapidly detect changes in
11 these lakes. We undertake a total of 40 classification experiments to investigate the impact of classifier parameters,
12 input features and training data on classification accuracy. We run 18 additional experiments to identify the
13 optimal combination of Simple Non-Iterative Clustering segmentation parameters (connectivity and
14 neighborhoodSize), assess the impact of input features, determine the required number of training and testing
15 images and compare water extraction indices for the OBIA classification. Our results show that the best-
16 performing combination of parameters was 100-250 training points per class, and values of four and 128 for
17 connectivity and neighborhoodSize, respectively. The inclusion of input features such as hillshade, slope, the
18  NDVI and MNDWTI in our OBIA classifier improves the overall delineation of glacial lakes and other land classes
19  in our study, particularly in shadow bodies, which are commonly misclassified as water bodies. Finally, we
20  demonstrate that it is possible to accurately classify a time series of images using a single training image, with
21 superior results compared to training with multiple images. We hypothesise that this is due to the complexities of
22 radiometric sensitivity, heterogenous values for bands and indices and temporal changes in land cover throughout
23 the study. Our OBIA approach is a more efficient and accurate way in mapping glacial lakes using Landsat 4-9
24 satellite imagery over traditional pixel-based approaches, with an overall accuracy of 94.6%, with a producer’s
25 accuracy and user’s accuracy of 95.3% and 95.5% respectively, for water. This suggests that this method has the

26  potential to map glacial lakes accurately and rapidly over larger regions.

27 1 Introduction

28 Glacial lakes are increasing globally, with estimates that global glacier lake volume increased by around 48%, to
29 156.5 km®, between 1990-2018, driven by climatic changes that are increasing ablation rates, ice velocities and
30 glacial retreat (Shugar et al., 2020). Many of these glacial lakes are in less accessible and dangerous glaciated
31 environments, and therefore satellite remote sensing has been used to study glacial lakes over a sustained period
32 (Nie et al., 2018; Zhang et al., 2022). Several techniques have been used for lake and glacial lake extraction using
33 satellite remote sensing, including manual delineation (e.g., Wang et al., 2015); Pixel-Based Image Analysis
34 (PBIA; Lillesand et al., 2015), Object-Based Image Analysis (OBIA; Blaschke, 2010), and thresholding based on
35 indices such as the Normalized Difference Water Index (NDWI; McFeeters, 1996), the Modified Normalized
36 Difference Water Index (MNDWI; Xu, 2006) the combination of the MNDWI and Normalized Difference Snow
37 (NDSI; Hall et al., 1995), or the Automated Water Extraction Index (AWEIL; Feyisa et al., 2014). Manual
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38 delineation is often seen as one of the most accurate ways of monitoring and documenting the areal changes in
39  glacial lakes, but it is time-consuming and may produce errors based on the image resolution, operator bias and

40 experience (Hall et al., 2003; Tang et al., 2024; Wang et al., 2015).

41 Pixel-based classification approaches utilise the spectral information of each pixel to help determine the type(s)
42 of landcover within that pixel. Frequently used examples for mapping glacial lakes include the NDWI, MNDWI
43 or other satellite-derived indices to map water bodies and other landcover types (e.g., Li and Sheng, 2012; Shugar
44 et al., 2020; Wang et al., 2020; Yan et al., 2020; Zhang et al., 2022). The MNDWI has been found to perform
45 better than the NDWI in many regions, with relatively stable thresholds in comparison with other water indices
46 (Ji et al., 2009; Feyisa et al., 2014; Zhang et al., 2015; Singh et al., 2015; Zhao et al., 2018). Recent studies have
47 utilised the MNDWTI index using a threshold of 0 that produced an overall accuracy of higher than 90% in glacial
48  lake mapping in High Mountain Asia in 2015 from Landsat 8 imagery (Tian et al., 2017; Zhao et al., 2018). The
49 AWEI sh can extract water in mountainous areas with high accuracy, avoiding classifying deep shadow as water

50 which is a common classification error in many indices (Feyisa et al., 2014).

51 Despite successes in using pixel-based indices to detect changes in glacial lakes, results are highly variable and
52 each region typically requires a different threshold value to detect water due to physical properties such as
53 mountain, cloud cover, steep terrain, seasonally frozen lake water, lake turbidity, iceberg calving and melting
54 glaciers (Bhambri et al., 2015; Jawak and Luis, 2014; Li and Sheng, 2012; Mitkari et al., 2017; Qayyum et al.,
55 2020; Rastner et al., 2014; Sahu and Gupta, 2018; Wang et al., 2013; Wessels et al., 2002; Xie et al., 2013). This
56 is a further limitation to using a PBIA approach for large-scale mapping, as manual inspection of threshold values
57 for multiple lakes, images and satellite sensors is time-consuming. Additionally, applying the MNDWTI and the
58 AWEI sh or AWEI nsh without a decision tree to an image with high albedo surfaces may lead to large false
59  positive values and is documented to be unable to reject snow cover and shadow, due to the absence of the support
60 of the machine learning classification algorithm that aids in categorising pixels based on their spectral values
61 (Acharya et al., 2018; Feyisa et al., 2014; Yang et al., 2003). A decision tree is defined as a basic concept of
62  splitting a complex decision into several simpler decisions, where features of data (bands) are predictor variables
63 and the classes to be mapped are referred to as the target variables (Breiman et al., 2017; Xu et al., 2005). Using
64  a classification decision tree is advantageous because it can handle complex nonlinear relationships between
65 spectral bands and class proportions of mixed pixels in images, utilising the terrain, texture, spectral and spatial

66  distributions to enhance the classification accuracy (Xu et al., 2005; Yang et al., 2017).

67 There is a need for an automated method that can accurately monitor and map glacial lakes at the regional scale,
68 to have a clearer understanding of their future trajectory without the need for extensive manual inspection or
69  correction. The alternative to a pixel-based approach is applying an OBIA approach that deals with image
70 segments (a group of pixels) instead of individual pixels, enabling the inclusion of both spatial and spectral
71 features, which is known to improve the accuracy of the resultant classified map (Blaschke, 2010; Capolupo et
72 al., 2020; Castilla and Hay, 2008; Hossain and Chen, 2019; Whiteside et al., 2011). One of the most applied
73 classification algorithms is Random Forest (RF), defined as an ensemble classifier that produces multiple decision
74  trees that “vote” on segments or groups and then classifies them based on the most popular class using randomly

75 selected subsets of training samples and variables (Belgiu and Dragut, 2016; Lu et al., 2021; Pal, 2005).
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76  The two basic principles of OBIA are segmentation and classification. The segmentation of an image is defined
77 as the process of partitioning an image into different segments or groups, which are then classified based on their
78  geometry, area, colour, shape and texture (Su and Zhang, 2017). In the context of mapping glacial lakes, the main
79 advantages of using OBIA over pixel-based approaches are that it can map glacial lakes with higher accuracy and
80 minimise the task of automatic corrections (Mitkari et al., 2017; Su and Zhang, 2017). A recent study conveyed
81 its superiority on the overall detection of different classes (snow/ice, ice-mixed debris, supraglacial debris,
82 periglacial debris, valley rock, glacial lakes, exposed ice-faces, crevasses, rills, debris cones and meltwater
83  streams) on the Gangotri Glacier, India using both a PBIA and OBIA approach. The study showed that the OBIA
84  was superior with an overall accuracy of 93.6% compared to 89.1% for a PBIA approach (Mitkari et al., 2022).

85 Mapping water bodies over a large study area and over decades using multiple satellite images is data intensive,
86  with file sizes ranging from ~200 MB for complete Landsat 4 and 5 scenes to ~1 GB for Landsat 8 and 9 scenes
87 (Ali et al., 2023). Developing an approach using the cloud-based capabilities of Google Earth Engine (GEE;
88 Gorelick et al., 2017) enables users to reduce the time and cost of downloading, storing and processing images
89 locally, allowing this approach to be quickly applied to the whole Landsat collection for the chosen study area. In
90 this study we present an OBIA approach to mapping glacial lakes developed using GEE. We apply this approach

91 to various Landsat scenes, testing the impact of varying segmentation parameters and input features.

92 Our aims are:

93 1) To determine the most efficient automated method to classify water by conducting experiments within

94 GEE to investigate the effects of changing different segmentation and classifier parameters.

95 2) To investigate the importance that the inclusion of input features such as hillshade, slope, MNDWI and

96 NDVI has in the classification of water and other landcover types.

97 3) To study whether training a classifier with a single image can produce accurate classification maps when

98 applied across the whole Landsat collection.

99 4) To compare the training of a single image against one image per Landsat sensor (five in total) to assess
100 the changes in overall accuracies of detecting various landcover types in the OBIA classifier.
101 5) To produce a detailed accuracy assessment comparison between different water delineation methods and
102 the OBIA to assess which method(s) is most efficient in extracting glacial lakes in an image collection.
103 6) To assess whether the OBIA classifier produced in this study can outperform pixel-based indices.

104 1.1  Study area

105  New Zealand consists of two main islands, the North and South, with most glaciers residing on the South Island
106 in the Southern Alps. The mountain range is 700 km long and ~50 km wide, beginning at 43.5°S to 170.5°E and
107 peaking at 3724 a.s.l at Aoraki / Mount Cook that formed due to compression of the Pacific and Australian plates
108 (Garcia, 2022; Spasojevi¢ and Clayton, 2008; Fig.1; Sturman and Tapper, 1996). The mountain range acts as a
109  barrier to the prevailing westerly atmospheric circulation from the Tasman Sea, with the central divide between
110 the east and west of the Southern Alps receiving up to 15 m a’! of mean annual precipitation, which drops to ~1.5
111 m a ! at the southeast of the main drainage divide (Carrivick et al., 2022; Henderson and Thompson, 1999; Paul
112 et al., 2023). Frequent cloud cover is derived from steep precipitation gradients in this region that provides

113 protection from direct solar radiation (Baumann et al., 2021; Chinn, 2001; Paul et al., 2023).
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114 Most of the research on lake-terminating glaciers in New Zealand has been heavily weighted towards the Tasman
115 glacier that is 23km long, terminating in a large proglacial lake and lying east of the main divide of the Southern
116 Alps (Dykes, 2013). The Tasman glacier and lake is well-documented in literature with various studies
117 investigating and identifying phases of glacial retreat, calving rates and changes in glacial lake area (Baumann et
118 al., 2021; Carrivick et al., 2022; Chinn et al., 2012, 2005; Dykes, 2013; Dykes et al., 2011; Garcia, 2022; Hochstein
119 et al., 1995; Mackintosh et al., 2017; Robertson et al., 2012; Rohl, 2006, 2008; Warren and Kirkbride, 1998). A
120 recent study produced by Carrivick et al. (2022) used a combination of historical measurements and manually
121 digitised lake outlines for all ice-marginal lakes in New Zealand. This study reported an increase in ice-marginal
122 lake area of 159.8%, from 9.2 km? in 1990 to 23.9 km? in 2020 with model estimations of a further increase in

123 combined size by ~ 150% towards 2050, followed by a decrease to 2100 as glaciers disconnect from their lakes.

124
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126  Figure 1 Glacial lakes in the study area for water-based indices comparisons. Basemap: CARTO (2026), Voyager,
127 Map data © OpenStreetMap contributors.

128
129
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130 2 Data and methods

131 2.1 Data

132 The Landsat program (Landsat 1-9), spanning back to 1972, has the longest spatial and temporal record of
133 multispectral satellite images, enabling the opportunity to document landcover changes for over five decades
134 (Chen et al., 2017; Wulder et al., 2019, 2022). Launched through a collaborative effort between the US Geological
135 Survey (USGS) and NASA, the Landsat program provides free data for assessing long-term changes to the Earth’s
136 environment (Markham et al., 2004; Masek et al., 2020). We use Landsat 4-9 Collection 2 Tier 1 calibrated top-
137 of-atmosphere (TOA) reflectance images. Tier 1 images are used in this study because they are images of the
138 highest available quality and are suitable for timeseries processing (Crawford et al., 2023; Earth Engine Data
139  Catalog | Google for Developers, 2025). A Landsat 9 TOA image acquired on 2023/02/24 was selected as the
140 training and testing image for segmentation and classification. The six feature classes selected for the training
141 points are water, ice, dense vegetation, sparse vegetation, bare surface and shadow. To ensure a consistent
142 application to all Landsat sensors, Landsat 4-7 bands are renamed to match Landsat 8 and 9 bands for B2-B7 and
143 B10 (Table 1). These spectral bands were selected for segmentation and classification as they capture the key
144 reflectance characteristics to delineate water bodies from surrounding snow, ice, vegetation and shadowed terrain.
145 The Landsat 8-9 OLI/OLI-2 bands differ from the Landsat 4-7 TM/ETM+ bands through refined wavelength
146  ranges in the Near Infrared, Short-Wave Infrared and Thermal Infrared bands. This reduced atmospheric
147 interference, improved radiometric sensitivity and enhanced surface temperature retrieval (Irons et al., 2012). We
148 use the NZ 8m Digital Elevation Model (DEM; LINZ Data Service, 2012), combined with the solar azimuth and
149 elevation angles read from the Landsat metadata, to calculate a hillshade image to aid in the classification of
150 different land cover.

151



https://doi.org/10.5194/egusphere-2026-2033
Preprint. Discussion started: 8 May 2026
(© Author(s) 2026. CC BY 4.0 License.

152

153

154

155
156
157
158
159
160

161
162
163
164
165
166
167
168
169
170

171
172

Table 1 Renaming of Landsat 4, 5 and 7 bands in order (band names) to match the band names for Landsat 8 and 9.

Landsat 7
Landsat 4-5 Landsat 8-9
Enhanced Thematic
Thematic Mapper Operational Imager
Band Mapper Plus Renamed bands
(TM) and (OLI/-2) and
(ETM+) and
wavelength (um) wavelength (um)
wavelength (um)
Blue B1 (0.45-0.52) B1 (0.45-0.52) B2 (0.45-0.51) B2
Green B2 (0.52-0.61) B2 (0.52-0.61) B3 (0.52-0.59) B3
Red B3 (0.63-0.69) B3 (0.63-0.69) B4 (0.64-0.67) B4
Near Infrared B4 (0.76-0.90) B4 (0.76-0.90) B5 (0.85-0.88) B5
Shortwave Infrared
| BS5 (1.55-1.75) BS (1.55-1.75) B6 (1.57-1.65) B6
Shortwave Infrared
5 B7(2.08-2.35) B7 (2.08-2.35) B7 (2.11-2.29) B7
B6 VCID 1 (10.40-
Thermal Infrared B6 (10.40-12.50) 12.50) B10 (10.6-11.19) B10

2.2  Default method of OBIA lake extraction

The segmentation algorithm used in this study is Simple Non-Iterative Clustering (SNIC; Achanta and Susstrunk,
2017), derived from Simple Linear Iterative Clustering (SLIC; Csillik, 2017). SNIC segmentation involves
simplifying an image into small clusters or connected pixels, known as objects or super pixels, that share common
spectral characteristics (Achanta and Susstrunk, 2017). This approach has been widely used in land cover
classification studies, with evidence documenting its advantages of efficiency and high accuracy (e.g., Tassi and

Vizzari, 2020; Tu et al., 2020; Yang et al., 2021).

The SNIC implementation in GEE utilises different parameters which determine how an image is simplified into
objects. These parameters include the seed size, compactness, connectivity, and neighborhoodSize. The seed size
aids in determining the initial location or spacing of the cluster centres (Achanta and Susstrunk, 2017). The
compactness determines how compact the pixels are with larger values increasing the compactness between pixels.
The connectivity refers to the criteria to determine how neighbouring pixels are connected or considered part of
the same object. We set the compactness to 0 to disable spatial distance weighting between pixels. We experiment
using a connectivity of 4 or 8, considering only immediate neighbours, where a connectivity of 4 considers pixels
connected if they share a horizontal or vertical edge while a connectivity of 8 considers pixels connected if they
share an edge or a corner (Prathusha and Jyothi, 2018). The neighborhoodSize is used to investigate the effect of

changing this parameter on boundary artefacts (Tassi and Vizzari, 2020).

RF classification was chosen as it is one of the most robust, computationally efficient and stable machine learning

algorithms that has consistently performed well in land cover classification and for the detection of glacial lakes

6
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173 in remote sensing imagery in GEE, and is suited to processing large, multi-decadal Landsat archives (Amani et
174 al., 2020; Chen et al., 2017; Qayyum et al., 2020; Veh et al., 2018; Wangchuk and Bolch, 2020). Training data for
175 the RF classifier was generated by sampling the object-based predictor bands produced by the SNIC segmentation
176 at the location of manually interpreted points. Using these manually interpreted training points, they are divided
177 into a 70/30% split where 70% of the training points are assigned to training and 30% are retained for independent
178 testing. This approach ensures that the classifier learns from a representative subset while maintaining a separate
179  dataset for accuracy assessment. Apart from changing the number of trees for experiments, we retain the default
180  parameters of the RF in GEE (Table 2, Gorelick et al., 2017). Some studies have highlighted that more decision

181 trees do not necessarily increase the performance of the classifier (e.g., Oshiro et al., 2012).

182 Table 2 Default Random Forest parameters in Google Earth Engine.

Argument Type Default parameter Details
numberOfTrees Integer Must be specified The number of decision trees to create.
variablesPerSplit Integer Null The number of variables per split. If

unspecified, uses the square root of the

number of variables.

minLeafPopulation Integer 1 Only create nodes whose training set contains

at least these many points.

bagFraction Float 0.5 The fraction of input to bag per tree.

maxNodes Integer Null The maximum number of leaf nodes in each

tree. If unspecified, defaults to no limit.

seed Integer 0 The randomization seed.

183

184 2.3  Classification and segmentation experiments

185 To determine the impact of changing parameters on the resulting classification, we undertook a total of 48
186  experiments. The first 40 experiments were used to determine the most accurate combination of RF classifier
187 parameters and the number of points per class by varying the number of training points and the number of trees
188 classifier parameters (number of training points between 50-400, increasing by 50 each time, using either 10, 50,
189 100, 500, or 1000 trees. To analyse the optimal combination, we used a random sample of 100 manually classified
190 points per class, taking into consideration the percentage accuracy (%, PA), user accuracy (%, UA) and « statistic
191 for each land cover class, with greater emphasis placed on the results for water. The percentage accuracy calculates
192 the percentage proportion that was correctly classified in the classified OBIA map whereas the user accuracy
193 refers to the probability of how likely that a given class or feature is correct. The K statistic differs to the percentage
194 and user accuracy as it corrects the accuracy of the classifier for change agreement, adjusting for agreement that

195 could have happened by chance.

196 These experiments were applied to only the spectral information from the image (OLI bands 2-7, 10;Table 1 -).

197 Once the optimal classifier parameters were determined, we undertook an additional 8 experiments using the

7
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198 optimal combination of classifier parameters and changed the segmentation parameters to identify the best
199  combination of connectivity and neighborhoodSize. In this study, we refer to the OBIA classification across all
200 feature classes as the multi-class classification and the OBIA classification of water against all other feature classes

201 as the binary classification.

202 2.4  The effect of using input features on the OBIA classification

203 After determining the optimal combination of segmentation and classifier parameters using the original Landsat
204  bands, we added additional input features to investigate how this changed the classification result. Due to the
205 similar reflectance values of water and shadow, we used the NZ 8m Digital Elevation Model (DEM; LINZ Data
206 Service, 2012), combined with the solar azimuth and elevation angles read from the Landsat metadata, to calculate
207 a hillshade image. Both the hillshade and DEM slope were then added as input features for the classifier. Both the
208 MNDWI and NDWI were also added as features, along with the Normalised Difference Vegetation Index (NDVI),
209  a widely used index that utilises the relationship between chlorophyll reflectance in the infrared and red spectral
210 bands (Myneni et al., 1995; Pettorelli et al., 2005). The export of band reflectance values in GEE is used here to
21 aid in the investigation of how the influence and importance of bands (B2-B7 and B10) and input features
212 (MNDWI, NDVI) changes through Landsat 4-9 OBIA classifiers. Feature importance analysis helps determine
213 which bands and input features are the most influential when running the OBIA classifier. The exported band and
214 input feature values identified by the mean, standard deviation and median values of the training points for every

215 class.

216 2.5  Applying the OBIA classification to other Landsat satellites

217 As a final comparison experiment, we compared the result of applying a classifier trained on a single Landsat 9
218  OLI-2 image against the result of applying a classifier trained on a set of five images, one from each Landsat
219 sensor (Table 3, TM4, TM5, ETM+, OLI, OLI-2). This experiment is intended to determine whether a classifier
220  trained on a single image can accurately classify the images from other sensors, or whether it is necessary to use
221 examples from each sensor in training. These experiments aid in determining whether increasing the amount of
222 training images across the collection improves the accuracy of the classifier and the detection of water across the

223 Landsat era.

224
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225 Table 3 Table highlighting the Landsat ID, path and row and CLOUD_COVER according to GEE

226  properties for individual Landsat satellite images used in this study.

Landsat Landsat ID Path / Cloud Cover (%)
satellite Row

LT04 LT04_L1TP_075090_19901230_20200915_02_T1 75790 9

LTO05 LT05_LI1TP_075090_ 20070204 20200831 _02_TI 75/90 2

LEO7 LEO7_LI1TP_075090_20030201_20200916_02_T1 75 /90 5

LC08 LC08 L1TP_075090_20220213_20220222 _02_T1 75/90 5

LC09 LC09_L1TP_075090_20230224_20230308_02_T1 75790 4.6

227

228 2.6  Calculating lake area outlines and accuracy assessment

229  QGIS is a free and open-source cross platform desktop geographic information system application that supports
230 viewing, editing, printing and analysis of geospatial data (QGIS geographic information system). The OBIA maps
231 for all 5 images underwent post-processing steps in QGIS, using the WGS 84 UTM zone 598 coordinate reference
232 system. For calculating the area of each glacial lake, all vector objects present in the lake, excluding land, were
233 merged. We used the Semi-Automatic Classification Plugin (SCP) in QGIS (Congedo, 2013, 2021) for accuracy
234  assessment and calculating lake area uncertainty and applied this to every OBIA map created for every image in
235 this study. The accuracy for the automatically generated feature class outlines created by the OBIA was evaluated
236 by generating 100 random points within each feature class and then comparing this to a manual classification for
237 each point. The classification standard error is calculated by the tool following the approach detailed by Olofsson
238 et al., (2014). We report this here as a 95% confidence interval.

239 2.7 Comparison of water-based indices with OBIA results

240 We compared approaches using water-based indices (NDWI, MNDWI, AWEI sh) and a RF PBIA approach
241 against the results of the final OBIA classification for 5 Landsat images and applied this to six glacial lakes in the
242 study region (Figure 1). We select one image per Landsat sensor to compare the results of our OBIA across the
243 Landsat archive and ensured that the selected images were restricted to the local ablation season with cloud cover
244 below 10% (December-March). For each index, we calculate the mean value and standard deviation (+) within
245 the individual lake boundaries. The threshold value for each index is chosen based on the lowest threshold found
246 for the glacial lakes (Table 4). This is then applied to the whole image collection without the need of manually
247 changing the threshold every time to make it a fair comparison with the OBIA classification. Therefore, thresholds
248 for the indices are larger than what are applied for other studies that may only apply the threshold to one individual
249 lake or sensor. Additionally, the comparison is made using different glacial lakes in the study area, which have
250 vastly different thresholds due to different spectral properties caused by differences in lake turbidity. For the RF
251 PBIA classification, we used the same six feature classes and the same 250 points per class for a more direct
252 comparison. Finally, we manually delineated the six glacial lakes in the study area as a reference for the “true”

253 area of the glacial lakes, applying a buffer of +15 m to estimate the uncertainty in the manual delineation.

9
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254 Table 4 The mean value of the index and standard deviation (%) of individual glacial lakes within the study
255 area, and the threshold value selected for each index derived from the lowest value from all glacial lakes.
Index Tasman Murchison Mueller Hooker Strauchon Douglas South | Threshold
NDWI 0.57+0.1 0.58 £0.11 0.4+0.1 0.5+0.12 0.62+0.33 0.55+0.17 0.4>
MNDWI | 0.96+0.15 0.94 +0.21 0.9+0.24 0.94 +0.22 0.79 +0.38 0.89 +£0.28 0.79 >
AWEI _sh | 0.67+0.15 0.65+0.19 0.39+0.16 0.58+0.2 0.48 +0.42 0.45+0.22 0.39>
256

10
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257 3 Results

258 3.1 Classification parameters

259  Figure 2 shows heatmaps of the overall accuracy (%) and « statistic for the multi-class OBIA classification for the
260 training and testing image. When comparing the number of trees with the number of training points per class in
261 both the overall accuracy and K statistic heatmap, the optimal amount of training points per class is identified as
262 250, with four of the five highest overall accuracies residing in this block. This is supported by the heatmaps of
263  overall accuracy for the binary OBIA classification « statistic where 250 training points per class remains the
264  optimum amount of training points with three out of the five highest scores for both, respectively. The heatmap
265 the percentage accuracy (%) of water shows that there is not an optimum number of training points, with between
266 150-400 points showing high accuracies for water detection (Figure 3). However, the heatmap of user accuracy
267 and « statistic of water shows a distinct pattern where three out of the five highest scores are documented for 250
268 points. We find that the optimum amount of training points needed per class and specifically water is 250 points.
269 Identifying the optimum number of trees combined with the 250 training points per class is a challenging task due
270 to similarly high values across the land classes when comparing the overall accuracy and « statistic of both the

271 classifier and water.

11
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273 Figure 2 Heatmaps illustrating comparing the changes in overall accuracy (%) and « statistic when changing the
274  number of trees and the number of training points per class showing for the training and testing image. A) overall
275  accuracy for the multi-class OBIA classification; B) the overall OBIA classification of water detection compared
276 to the other 5 classes, C) the « statistic for the overall multi-class OBIA classification and D) the « statistic for

277 water detection compared to the other 5 classes.

278
279
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281 Figure 3 Heatmaps illustrating heatmaps of the (a) percentage accuracy of water in the OBIA classification (%),
282 (b) percentage accuracy of water against all the other classes combined (c) the user accuracy of water OBIA
283 classification (%), (d) the user accuracy of water against all the other classes combined (e) « statistic of water in
284  the OBIA classification and (f) the « statistic of the binary OBIA classification.
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285

286  Given the similarity in performance for these combinations, we also investigated the differences in Batch
287 Computer Usage as a function of the number of classifier trees using the Earth Engine Compute Unit (EECU) in
288 seconds, taking 10 measurements each and calculating the mean and standard deviation. The EECU is a
289  mechanism for representing an amount of instantaneous processing power. The classifier with 10 trees has the
290 lowest batch computer usage of 13464.2 + 1165.8 EECU-seconds, while 1000 trees require three times as many
291 resources, with 25167 =+ 1624.9 EECU-seconds (Table 5). Given the similarity in both classifier performance and
292  resource use, we conclude that increasing the number of trees from 100 to 500 does not provide sufficient
293 improvement to warrant the additional resource usage.

294 Table S Table showing the difference in the average run time runtime (minutes) and batch computer usage
295  (EECU-seconds) between different number of trees.

Number of trees Runtime (minutes) Batch computer usage (EECU-seconds)
10 8.48 +1.48 13464.2 £ 1165.8
100 9+2.12 13805.4 +873.5
500 9.1+2.12 17030.3 +2284.4
1000 11.4+142 25167 +1624.9

296

297 3.2 Segmentation parameters

298 Table 6 shows the result of the segmentation experiments of the OBIA created in GEE. When comparing the
299  combination of segmentation parameters for the OBIA classification result for all multi-class, and binary
300 classifications, the combination of a connectivity of 4 and a neighborhoodSize of 128 excelled in all accuracy
301 measurements. This is highlighted by achieving the highest accuracies of overall accuracy (%), percentage and
302 user accuracy of water for both the multi-class OBIA and binary classification of 94%, 97.4%, 100% and 97.5%,
303 99.3 and 96.8, respectively (Table 6). Our results show that changing the connectivity from 4-8 is more detrimental
304  to the accuracy measurements than changing the neighborhoodSize, which is highlighted by the large disparity
305 between the combinations of 4-128 and 8-128 in comparison to the increase of neighborhoodSize from 128 to
306  256. Due the superiority of the combination of 4-128 for all measurements of accuracy we find that the optimal

307 combination of segmentation parameters for the OBIA classification is a connectivity of 4 and a neighborhoodSize
308  of 128.

309

310
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311 Table 6 Table showing the comparison of changing the segmentation parameters (connectivity and
312 neighborhoodSize) paired with 100 trees to identify the optimum combination to yield the highest overall
313 accuracy (%) and Kstatistic in the multi-class and binary OBIA Classification using the original bands and
314  input features on the training image.

Percentage
Connectivity and Overall K User Accuracy K statistic
. . L Accuracy Water
Neighborhood Size accuracy (%) | statistic %) Water (%) Water
0

Multi-class OBIA classification

4-128 94 0.93 97.4 100 1

4-256 86.3 0.83 96.1 95 0.93
8-128 79.8 0.73 96.1 78 0.79
8-256 83.8 0.79 97.1 85.6 0.88

Binary classification

4-128 97.5 0.97 99.3 96.8 0.95
4-256 96.9 0.95 96.4 97.8 0.94
8-128 86.9 0.82 87.1 93.9 0.89
8-256 90.9 0.87 90.6 95.7 0.93

315

316 3.3 Impact of input features

317 Our study uses the combination of 250 feature points per class with 100 trees to produce the OBIA classifier. The
318 importance of adding the input features (hillshade, NDVI, MNDWI, slope) is highlighted through the
319 improvement of the classification of land types in comparison with the original image bands alone. This is
320 displayed in Figure 4 where much less water is misclassified in the classifier when the input features are added
321 against when we use only the original bands (B2-B7, B10). Additionally, the comparison of the overall accuracy,
322 « statistic percentage and user accuracy of the multi-class classification and the binary classification show the
323 improved results of adding these input features. This is evident when comparing an overall accuracy and a K
324 statistic of 95.7% and 0.94 for the multi-class classification and 98.7% and 0.98 for the binary classification when
325 adding input features in comparison to 91.1% and 0.88 and 96.7% and 0.96 without the input features (Table 7).
326  The input features improve the overall accuracy of the classifier and improves the water detection in the original
327  training image and is used in this study. When comparing the misclassified pixels before and after the inclusion
328 of input features, we find that the inclusion of input features reduced the number of misclassified pixels by 50.7%
329 (Table 8). Before the inclusion of the input features, the highest misclassified class for water was shadow with 26
330  pixels, representing 38.8 % of the total misclassified pixels. After the inclusion of input features, no shadow pixels
331 were misclassified as water, indicating the improved differentiation between these two classes with the input
332 features.
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333 Table 7 Overall accuracy (%), K statistic the percentage accuracy water (PA, %), user accuracy (UA, %)
334  and K water for the multi-class OBIA classification and the binary classification for the original bands
335 against the input features for the study area of Figure 2.

Input Overall K Percentage Accuracy User Accuracy Kappa statistic

features accuracy (%) statistic Water (%) Water (%) Water

Multi-class classification

No 91.1 0.88 97.6 92.9 0.88

Yes 95.7 0.94 99.2 100 1

Binary classification

No 96.7 0.96 94.5 93.2 0.94

Yes 98.7 0.98 100 98 0.97

336

337 Table 8 The number and class of misclassified pixels per class for the B (original bands) and A (input
338 features) when running accuracy assessments on the OBIA classifier.

Misclassified land cover
Class Water | Ice | Dense vegetation | Sparse vegetation | Bare Surface | Shadow
B|A|B|A B A B A B A B | A
Water 0(0j0fO0 0 0 0 0 1 2 26 | 0
Ice 1{0]0]0 0 0 0 0 1 2 2 |5
Dense vegetation | 1 | 0 | 0 | O 0 0 4 4 5 2 0|2
Sparse vegetation | 0 | 0 [ 0 | O 6 2 0 0 3 2 0|0
Bare Surface 0[0|0]O 3 1 1 1 0 0 512
Shadow 51101 2 5 0 0 2 3 0|0
Total 711101 11 8 5 5 12 11 |33]9

339
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341 Figure 4 a) The study area image (Figure 1) and the comparison of the binary OBIA classification map b) before
342  and c) after applying additional input features. Landsat 9 Collection 2 Tier 1 TOA imagery courtesy of the U.S.

343 Geological Survey.
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344 3.4  Application of the OBIA classifier to all Landsat sensors

345 Table 9 shows the comparison of the overall accuracy (%), K statistic the percentage accuracy water (PA, %), user
346  accuracy (UA, %) and « water for the multi-class and binary OBIA classification when applied to Landsat images
347  acquired using different sensors. Our results highlight that the OBIA classifier trained and evaluated on the
348 Landsat 9 image acquired on 24/02/2023 can be applied on any image in the collection from any Landsat sensor.
349  The overall accuracy of the multi-class OBIA classification for each image is higher than 93%, indicating that the
350 OBIA classifier was successfully able to classify different land types accurately. This is further supported by
351 values of 0.9 exceeded for all Landsat images which indicates that our results are in very good agreement that the
352 multi-class OBIA classifier outputs reflect the true feature classes. Additionally, exceptionally high PA and UA
353 and K for water supports our results that our OBIA classifier can be applied to any image across the Landsat era
354 in the Southern Alps.

355 Table 9 The comparison of the overall accuracy (%), K statistic the percentage accuracy water (PA, %),
356 user accuracy (UA, %) and K Water for the OBIA classifier.

Satellite ID Overall accuracy (%) « statistic PA Water (%) | UA Water (%) K Water

Multi-class classification

LC09-2023-02-24 95.7 0.94 99.2 100 0.94
LC08-2022-02-13 93.2 0.92 93.2 93.2 0.92
LT05-2007-02-04 97.3 0.96 97.3 97.3 0.96
LE07-2003-02-01 93.7 0.91 93.7 93.7 0.91
LT04-1990-12-30 93.3 0.91 93.3 93.3 0.91

Binary classification

LC09-2023-02-24 98.7 0.98 100 98 0.97
LC08-2022-02-13 98.3 0.98 98.9 98.1 0.98
LT05-2007-02-04 98.7 0.98 100 98.6 0.98
LE07-2003-02-01 99.1 0.99 98.9 99.8 0.99
LT04-1990-12-30 98.4 0.98 98.7 98.9 0.98

357

358 3.5  The effect of training multiple images to the OBIA classifier

359  Table 10 shows the evaluation metrics for the classifier that was trained on five images. These results show that
360 the OBIA classifiers trained and merged on five images produced weakened results for all measurements when
361 compared to the singularly trained OBIA classifiers (Table 10, Table 11). This is supported by Landsat 4-7 images
362 which have significantly lower overall accuracy and « statistic in comparison to the training of the OBIA classifier
363 on a single image. This comparison highlights the superiority of training the OBIA classifier on one image

364  compared to five images. This shows that the five image OBIA classifier across the Landsat collection
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misclassifies glacial lakes as other land types and therefore the application of a single image trained on the OBIA

classifier is superior to apply to this study across the whole Landsat era (Figure 5).

Table 10 The comparison of the overall accuracy (%), K statistic the percentage accuracy water (PA, %), user
accuracy (UA, %) and K statistic for water for the individually trained OBIA classifiers per Landsat sensor.

Satellite ID Overall accuracy e statistic PA Water UA Water  Water
(%) (%) (%)
Multi-class OBIA classification
LC09-2023-02-24 95.7 0.94 99.2 100 1
LC08-2022-02-13 94.3 0.92 98.2 98.7 0.98
LT05-2007-02-04 95.9 0.94 100 100 1
LE07-2003-02-01 96.7 0.95 100 98.9 0.98
LT04-1990-12-30 94.6 0.93 99.1 98.0 0.97
Binary OBIA classification
LC09-2023-02-24 98.7 0.98 100 98 0.97
LC08-2022-02-13 98.5 0.97 100 98.9 0.98
LT05-2007-02-04 98.3 0.97 98.9 97.0 0.96
LE07-2003-02-01 98.4 0.98 100 98 0.98
LT04-1990-12-30 98.2 0.97 100 95.8 0.93
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370 Table 11 The comparison of the overall accuracy (%), K statistic the percentage accuracy water (PA, %), user
371 accuracy (UA, %) and K statistic for water for the multiple images trained to a singular OBIA classifier.

Satellite ID Overall accuracy  statistic PA Water UA Water 1 Water
(%) (%) (%)
Multi-class OBIA classification
LC09-2023-02-24 92.5 0.9 96.8 97.8 0.96
LC08-2022-02-13 91.5 0.88 99.7 97.8 0.96
LT05-2007-02-04 88.6 0.85 87.3 94.3 0.91
LE07-2003-02-01 87.5 0.84 86.4 94.4 0.9
LT04-1990-12-30 84.9 0.8 84.4 92.2 0.9
Binary OBIA classification

LC09-2023-02-24 98.5 0.98 100 99 0.98
LC08-2022-02-13 98.5 0.98 98.2 100 1

LT05-2007-02-04 98.9 0.98 96.9 99.0 0.99
LE07-2003-02-01 97.8 0.97 96.9 99.0 0.98
LT04-1990-12-30 96.6 0.95 95.6 95.9 0.95

372
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Figure 5 a) The original training image, b) the multi-class OBIA classification trained on the original training
image and c¢) The multi-class OBIA classification trained on five images. Landsat 9 Collection 2 Tier 1 TOA

imagery courtesy of the U.S. Geological Survey.
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377 3.6  Water extraction indices comparison with the OBIA

378 Table 12 shows the comparison of other water extraction indices with the binary OBIA classification. We identify
379  the superiority of the OBIA which has an overall accuracy of 95.4 % for the binary OBIA classification in
380  comparison with 67.8 % for the NDWI, 54.8 % for the MNDWI and 56.2% for the AWEI_sh. Additionally, results
381 shown in Table 12 indicate that the OBIA is superior in identifying water, as the overall accuracy was 98.9 %, in
382  comparison of 28.6 % for the NDWI, 5.1 % for the MNDWI and 7.4 % for the AWEI_sh. The standard error for
383 water using the OBIA is significantly less than the other water extraction indices, with an average standard error

384  of 1.3 % in comparison to 3.2 %, 3.5 % and 3.4 % respectively, for the NDWI, MNDWI and AWEI_sh.

385 Table 13 shows the comparison of the results derived by applying an OBIA and a PBIA. The results show the
386 superiority of the OBIA which has an average of 97.9 % in comparison to 74.5 % for the PBIA. Additionally, our
387 results indicate that an OBIA method produces higher overall producer’s accuracies of 98.7 %, in comparison to
388 59 % of the PBIA. The standard error for water using the OBIA is significantly less than the PBIA, with an average
389 standard error of 0.57 % compared to 1.63 % respectively, for the PBIA method. Therefore, we can conclude that
390 the OBIA method is able to delineate water bodies at higher accuracies throughout the whole Landsat collection

391 in comparison to a PBIA method.
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392 Table 12 The results of overall accuracy (OA), producer’s accuracy of water (PA) and standard error (SE) for the

393 water class as a % for different classification methods across multiple Landsat images.

Method
NDWI MNDWI AWEI sh OBIA

OA | PA SE OA | PA SE OA PA SE OA PA SE
24/02/2023 | LC09-2023-02-24 | 79 | 543 | 276 | 535 | 5 35 | 583 [ 11.2 | 343 | 957 | 992 | 1.2
13/02/2022 | LC08-2022-02-13 | 70.5 | 33 | 3.10 | 56 | 7.4 | 3.47 | 585 | 11.7 | 3.42 | 943 | 993 | 1.25
04/02/2007 | LT05-2007-02-04 | 65.5 | 20.9 | 330 | 59 |3.5| 347 | 55 | 43 | 349 | 959 | 98 | 14
01/02/2003 | LE07-2003-02-01 60 14 342 | 535 (3.1 | 3.51 53 4 3.45 | 96.7 | 100 | 1.12
10/01/2001 LT04-1990-12-30 64 21 34 | 521 |64 351 56 6 3.43 | 94.6 98 1.4

Average 67.8 | 28.6 | 3.2 | 548 5.1 35 562 | 7.4 3.4 954 | 989 | 1.3

Date Satellite image

394

395 Table 13 The results of overall accuracy (OA), producer’s accuracy of water (PA) and standard error of water (SE)
396  as a % of water extraction indices (NDWI, MNDWI, AWEI sh) for the binary OBIA classification using the 5

397  images across the Landsat collection.

Method
Date Satellite image OBIA PBIA
OA PA SE (%) OA PA SE (%)
24/02/2023 LC09-2023-02-24 98.7 97.4 0.38 80 67 1.28
13/02/2022 LC08-2022-02-13 96.2 98.7 0.49 88.4 73 0.9
04/02/2007 LT05-2007-02-04 98.5 99 0.65 73.1 55 1.91
01/02/2003 LE07-2003-02-01 98.1 100 0.69 63.6 48 2.11
10/01/2001 LT04-1990-12-30 98.2 98.2 0.68 67.2 52 1.97
Average 98.7 97.4 0.38 80 67 1.28

398
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399 4  Discussion

400 4.1 Optimal classification and segmentation parameters for glacial lake detection

401 We find that 250 points per feature class and 100 random forest decision trees produced the best results for overall
402 accuracy of the OBIA classifier. This is supported by other studies which highlighted that more decision trees
403 does not necessarily increase the performance of the classifier, and small gains in accuracy do not compensate for
404 longer computational processing time (Oshiro et al., 2012; Probst and Boulesteix, 2018). The number of training
405 samples per class is one of the most important factors that can affect the results of an accuracy assessment,
406  alongside the number of classes in the classification, the ability of the training data to characterise the feature
407 classes mapped, and the dimensionality of the data (Congalton, 1991; Foody and Mathur, 2004; Millard and
408 Richardson, 2015; Pal and Mather, 2003). We justify the use of 250 points per feature class due to the area of our
409  training image, and the number of training points is adequate and representative of the entire landscape ensuring
410 that all feature classes were weighted equally in the classification. It is important to keep all training points for
411 feature classes equally weighted because machine learning algorithms such as the RF may favour classes with
412 more training data compared to classes with less training data, leading to an over or under-representation of feature

413 classes in the resultant map (Millard and Richardson, 2015).

414  Our results indicate that the RF classifier is sensitive to changes in the number of training samples, highlighted
415 by abrupt changes in overall accuracy of the OBIA classifier for all the multi-class and binary OBIA classification
416 (Figure 2, Figure 3). This is supported by Millard and Richardson (2015) who found that the RF is sensitive to the
417 size of the training data set and that the training data set must be randomly and spatially distributed across the
418 whole image to represent the actual class proportions in the landscape. We suggest that the number of 250 feature
419 points is not the standard amount needed for the classification of an OBIA classifier but is the optimal
420 representative number of points per class for our image and feature classes. We identify that the number of points
421 below or above this threshold may be under or over-representing certain feature classes over others and future
422 studies should take caution in the amount of training samples needed per feature class, as this is dependent on the

423 amount of feature classes identified and the landscape on the image.

424  The optimal segmentation parameters for this study were the combination of a connectivity of 4 and a
425 neighborhoodSize of 128. Previous studies have used a connectivity of 8 for both lake and land cover mapping
426 for OBIA analysis in GEE (Karakus, 2024; Shafizadeh-Moghadam et al., 2021). However, we found that a
427 connectivity of 4 paired with 128 neighborhoodSize significantly improves the overall accuracy of the OBIA
428  classifier in comparison to a connectivity of 8 with 128 neighborhoodSize (Table 6). Studies have highlighted that
429 there is no correct combination because the SNIC outputs are highly variable depending on the visualisation scale
430 (Tassi and Vizzari, 2020). Therefore, experiments should be run on different satellite sensors within GEE to
431 identify the correct combination of segmentation parameters, particularly for SNIC segmentation parameters

432 applied to Sentinel 2 (10m resolution) or future Landsat sensors with increased resolution.

433 4.2  The inclusion of input features in the OBIA classifier

434  We found that the inclusion of input features to the OBIA classifier improves the overall accuracy of the OBIA
435  classifier and the detection of water in the image. This is highlighted with the decrease in pixel misclassification

436 by 50.7% from 67 misclassified pixels without the inclusion of input features to 34 misclassified pixels when
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437 adding input features and indices (Table 8). The addition of a hillshade layer and the MNDWTI to the classifier
438 eliminated the misclassification of shadow as water in the image. Studies that have used GEE to delineate glacier
439  area changes have emphasised the need to include additional datasets such as DEMs in OBIA classifier codes to
440 improve the efficiency of the resultant map (Ali et al., 2023). We addressed this need and showed that the inclusion
441 of a DEM is important for delineating hillshade and slope in our OBIA classifier. It is important to differentiate
442 shadow and water in an image, particularly when training a whole image that has both darker lakes that have
443 similar low reflected spectral signals for the visible and infrared bands as shadows (Yue et al., 2023). Our study
444 supports existing research (e.g. Weekley and Li, 2021; Chen and Zhao, 2022; Yue ef al., 2023) that a DEM must
445  be included in any OBIA classifier to fully automate and delineate highly accurate lake mapping. This is shown
446 by the vast improvement in the exclusion of the topographic shadows when adding a DEM that aids in calculating

447 a hillshade and can be applied successfully to any given image in the whole Landsat collection (Figure 4).

448 We find increased accuracy in water detection in the OBIA classifier when adding input features (Table 7,Table
449 8). The inclusion of the MNDWTI in the OBIA classifier is important for differentiating water and shadow and has
450  been used to map water bodies in many regions with relatively stable thresholds in comparison with other water
451 bodies (Dou et al., 2023; Feyisa et al., 2014; Ji et al., 2009; Singh et al., 2015; Zhang et al., 2015; Zhao et al.,
452 2018). The MNDWI is added without thresholding, due to the sporadic differences in thresholds between Landsat
453 sensors and spectral values between glacial lakes as well as the spectral value differences between the ocean and
454  other lakes in the image. The NDVI is included in this study alongside the MNDWI to aid in the differentiation
455 between water and vegetation. The combination of using the NDVI and MNDWI has been successful in
456  differentiating water bodies from vegetation at high accuracies using a decision tree model (Gujrati and Jha, 2018)
457 as well as calculating the variations in the area of surface water bodies in the Huai River Basin in China by using
458 the NDVI, MNDWTI and the enhanced vegetation index (EVI; Jiang et al., 2008; Xia et al., 2019). Our study goes
459  a step further by incorporating these indices with input features in hillshade and slope and identifies the
460 improvement of the overall accuracy of the OBIA classifier by producing additional information for the code to
461 differentiate between land classes. We show that the combination of input features in an OBIA approach is vital
462 in improving the overall classification of land classes in our training image (Figure 6). This is demonstrated by an
463 improvement in the delineation of water in an image as well as ice, different vegetation, and shadow bodies at a

464  high accuracy.

25



https://doi.org/10.5194/egusphere-2026-2033
Preprint. Discussion started: 8 May 2026 G
© Author(s) 2026. CC BY 4.0 License. E U Sp here

Misclassified pixels before additional features
mmm Misclassified pixels after additional features

254

20 4

15 4

Number of misclassified pixels

104

L. =i

Water Ice Dark Vegetation Light Vegetation Bare Surface Shadow
Class

o

465
466  Figure 6 The comparison of the number of misclassified pixels before and after applying input features.
467
468 4.3  Comparison of training and evaluating one image against multiple for the OBIA Classifier

469  Our study identifies that the delineation of water bodies is superior when training and testing one image compared
470  to training and testing 5 images from different Landsat sensors. To understand why this was the case, we
471 investigated the similarities and differences between feature values for all the original bands and input features
472 for the training points of water and other land classes. Previous studies identified the differences in radiometric
473 resolution of Landsat sensors as a factor, calculating slightly higher accuracies for land classification studies using
474 images with higher radiometric resolution compared to lower resolution data (Tucker, 1980). Recent studies have
475 found that lower radiometric resolution data can be used safely in object-based classification (Rama Rao et al.,
476  2007; Verde et al., 2018). Our results suggest that radiometric resolution is not a challenge for accurate
477 classification. Radiometric sensitivity has improved between Landsat 4 which has an 8-bit dynamic range with
478 256 grey levels 0 — 255, compared to Landsat 8 and 9 with 12-bit dynamic range and 4096 grey levels (Wulder et
479 al., 2019). Some research has shown the significant advancements made by Landsat 8 and 9 in radiometric
480 sensitivity for the glaciological community, especially for mapping ice flow in glaciers and ice sheets as well as
481 glacial lake bodies (Fahnestock et al., 2016; Kingslake et al., 2017; Wulder et al., 2019). Studies using Landsat 8
482 imagery with increased radiometric resolution identified improvements in the mapping of meltwater lakes on the
483 ice sheets, by capturing finer variations in reflectance, which is important to differentiate water or dark surfaces

484 and shadow (Fahnestock et al., 2016; Jeong and Howat, 2015; Mouginot et al., 2017; Wulder et al., 2019).

485 When combining five trained OBIA classifiers from five Landsat sensors into a singular OBIA code we find that
486  the overall accuracy of the classifier decreases in comparison to training the five images individually (Table 10,
487 Table 11). Here, we investigate the feature class values of individual bands and input features (MNDWI, NDVI)

488 and find that the differences in the overall accuracy of the OBIA classification is due to the heterogeneous
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489  differences in values that are skewing the overall classification, causing overlap and leading to misclassification
490 (Figure 7). Zhai, Qu and Hao, (2018) highlight that the primary method of land cover classification obtains metrics
491 such as the mean, median and standard deviation values of feature values for classification in a supervised
492 approach. They find that any changes to the mean, median and standard deviation values of input features can
493 have a significant impact on the classification of individual land classification and the overall OBIA classifier. We
494 identify the same outcome when comparing all the Landsat sensors, but specifically Landsat 9 with all sensors for

495 water classification (Figure 7).

496  The distribution peaks for individual bands are wider for all sensors compared to Landsat 9, which may be the
497 cause of the misclassification of land classifications as there is more overlap between differing land classes. Wider
498  peaks are associated with an increased range of values that are used to classify land cover, and multiple wide peaks
499  that overlap increase the likelihood of misclassification through an increased number of land cover classes share
500 a similar wide range of values. For example, when comparing the distribution peaks of the near-infrared band
501 (NIR), Short-Wave Infrared 1 (SWIR 1) and Short-Wave Infrared 2 (SWIR 2; B5, B6 and B7) we find significantly
502 less overlap between water and other land classes for Landsat 9 than all sensors (Figure 8). Studies have found
503 that the NIR band has the largest difference in reflectance values between water and non-water bodies, as water
504  absorbs more in this wavelength where non-water, specifically shadow, has a higher reflectance (Feyisa et al.,
505 2014; Mondejar and Tongco, 2019). This is emphasised in our comparison of one image OBIA classification
506  compared to five, with significantly more misclassification between water and other land classes in the five image
507 OBIA classification (Figure 9). Therefore, the five image OBIA classifier for all sensors produces less accurate
508 maps due to the increased density of NIR, SWIR 1 and 2 and other bands at differing values, creating widening

509  peaks that overlap with other land classification and driving misclassification.

510 Another factor that contributes to a lower overall accuracy for the five image OBIA classifier is temporal changes
511 in land cover. Our five trained and tested images for the OBIA are split across 34 years and are taken in the month
512 of February, apart from the Landsat 4 image in December due to low availability of satellite images. Studies have
513 suggested that seasonal variations and irregular intervals of satellite imagery captured by multispectral images
514 may influence the overall OBIA classifier (Bueno et al., 2019). For example, for the Landsat 4 image in December
515 we may see difference in individual land cover reflectance values, particularly for fresh snow vs partially melted
516 snow and leaf-off vs leaf on conditions. This may produce wider distribution of values of each land class and

517 leading to an increase in the misclassification between classing, causing overlap reflected in our study.

518 Training and evaluating one Landsat 9 image produces a rapid and efficient OBIA classifier that can be applied to
519  the whole collection. Due to the complexities of radiometric sensitivity, heterogenous values for bands and indices
520 and temporal changes in land cover throughout the study, training and testing five images across the collection
521 returns lower accuracies for the OBIA classifier and leads to increased misclassification between land classes and

522  most importantly in water detection in the image.

523
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525 Figure 7 Kernel density estimate (KDE) plot to visualise the distribution of band values for 8 and 12-bit resolution
526 sensors, Landsat 9 and all sensors for water.
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Figure 8 Kernel density estimate (KDE) plot to visualise the distribution of bands and indices values for the
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Figure 9 The comparison of five different images with the binary OBIA classification for one image trained against
5 images trained. Landsat 4-9 Collection 2 Tier 1 TOA imagery courtesy of the U.S. Geological Survey.
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537 4.4  Comparison of water extraction methods and the OBIA classifier

538 Despite the initial longer processing time required, the OBIA approach compared to other traditional methods of
539  water extraction in GEE reduced the time needed for manually identifying threshold values for different sensors
540 (Ali et al., 2023; Rastner et al., 2014). We applied scene specific thresholding based on the five training images
541 in the collection which gave us large thresholds due to the spectral differences between lakes and between sensors.
542 This additional step of manually inspecting and selecting threshold values was time-consuming. Additionally, the
543 comparison between the OBIA and other water extraction indices (NDWI, MNDWI, AWEI_sh) demonstrates the
544 superiority of the OBIA in delineating water bodies with the addition of bands (Table 7, Figure 10, Figure 11).
545 This is highlighted when using the NDWI index, as shadow and water body values are similar, which can lead to
546  misclassification in the image, a limitation also seen in mapping glacial lakes in the Himalaya (Li and Sheng,
547 2012). Of the methods tested, MNDWI is the worst performing water index as it was not able to classify dark
548 surfaces correctly due to SWIR band spectral values (Guo et al., 2017). Similarly, the MNDWI and AWEI sh in
549  this study misclassified snow and shadow, leading to false positives in water detection (Acharya et al., 2018;
550 Feyisa et al., 2014). The superiority of the OBIA is represented by having the highest percentage accuracy of
551 water of 94% whilst the RF PBIA approach, NDWI, MNDWI and AWEI sh had 74.5%, 68.4%, 56.6% and 56%,
552 respectively.

553
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555 Figure 10 Glacial lake area (km?) for the Tasman glacial lake using the OBIA, pixel-based indices and manual
556  delineation.

557 When applying a RF PBIA approach using the same six feature classes and 250 points per class, we find that it
558 produces less accurate results than the OBIA classification. Despite higher accuracies than individual water-based
559 indices, the RF PBIA approach persists in the misclassification of pixels due to the highly diverse spectral
560  properties of differing feature classes in images (Jawak et al., 2022). This is evident between water and shadow
561 where there is a high amount of shadowed and dense vegetation surfaces misclassified as high amounts of speckled
562  pixels, a disadvantage commonly observed in a PBIA approach (Figure 11, Rastner et al., 2014). Manual
563 delineation still remains an accurate way of mapping water bodies however, this method can give inconsistent and
564 generalised results, requiring multiple outlines created to avoid user bias and takes around 100-300 times longer
565 than automated methods (Paul et al., 2013). Our OBIA approach is superior in the delineation of different feature
566  classes in Landsat imagery and can be applied at high accuracy throughout the whole Landsat collection without

567 the need to manually inspect pixel values in individual images.
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569  Figure 11 The a) Original image, b) the OBIA classification and c) the binary PBIA classification map. Landsat 9
570 Collection 2 Tier 1 TOA imagery courtesy of the U.S. Geological Survey.
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571 5  Conclusions

572 We ran multiple experiments and comparisons to create and test a new and efficient OBIA approach for mapping
573 glacial lakes across the entire Landsat archive. We find that the best combination for classification and
574 segmentation points was 100-250 (RF, number of points per class) and 4-128 (connectivity, neighborhoodSize).
575 We find that using a DEM and topographic features improves the distinction between water bodies and shadow
576  inLandsat images, particularly because of the spectral similarities between the two land classes. Our studies show
577  that the addition of a hillshade and slope provided by a DEM reduced the misclassification 50.7% and eliminated

578 the misclassification of shadow as water in an image.

579 The inclusion of the MNDWI and NDVI were important for improving the delineation of water and vegetation
580 bodies due to their stable thresholds and can be used as additional indices to aid in the OBIA classifier to delineate
581 land classes in Landsat 4-9 satellite images. This is shown by the improvement in the overall accuracy of the
582 OBIA classification, and the producer’s and user’s accuracy for water, respectively. Therefore, future studies

583 should consider applying additional data sets and indices to improve the overall accuracy of an OBIA approach.

584  Our study identifies that training and evaluating one Landsat 9 image produces a rapid and efficient OBIA
585 classifier that can be applied to the whole collection, significantly outperforming the five image OBIA classifier.
586 We found that using a single image from each Landsat 4-7 sensor can produce a rapid and efficient OBIA classifier
587 that can be reproduced successfully for its own image collection. However, due to the complexities of radiometric
588 sensitivity, heterogenous values for bands and indices and temporal changes in land cover throughout the study,
589  applying a five image OBIA classifier to an image collection leads to increased misclassification between land

590 classes and most importantly in water detection.

591 Our study presents a new and robust tool for glacial lake extraction through OBIA that can be applied to the whole
592 multi-spectral Landsat resulting in an overall accuracy of 94.6%, with a producer’s accuracy and user’s accuracy
593 0f'95.3 % and 95.5% respectively for water. This demonstrates that our OBIA approach can accurately and rapidly
594 delineate glacial lakes on a regional scale, applied to any image in the Landsat era, and is an improvement on the
595 previous work of pixel-based and manual delineation approaches by reducing the time required of manual
596 correction. Our OBIA approach will support the future development of a better understanding of the changes in
597 lake-terminating glaciers and lakes in the Southern Alps of New Zealand - by providing an accurate, rapid and
598 automated method to rapidly extract glacial lakes that will aid in understanding the magnitude of their contribution
599  to past and future regional ice mass loss. Future studies may consider applying an OBIA approach to Sentinel 2
600 imagery, to improve the number of images studied, due to its high revisit frequency of 5 days that can be combined

601 with Landsat 8 and 9 imageries, with the possibility of monitoring glacial lakes every two to three days.

602 Code and data availability

603 The data generated for this study is available at https:/github.com/tomosglaciology/Glacial LakeExtractions. The

604  repository contains the figures, scripts and documentation necessary to reproduce the methods and results
605  presented in this manuscript. Our Google Earth Engine script can be accessed directly at:

606 https://code.carthengine.google.com/4ea63fd5a2b413db47dc07c55a4622d4.
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