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ABSTRACT
Given the growing environmental challenges, accurate monitoring and prediction
of changes in water bodies are essential for sustainable management and conserva-
tion. The Continuous Monitoring of Land Disturbance (COLD) algorithm provides
a valuable tool for real-time analysis of land changes, such as deforestation, ur-
ban expansion, agricultural activities, and natural disasters. This capability enables
timely interventions and more informed decision-making. This paper assesses the
algorithm’s effectiveness to estimate water bodies and track pixel-level water trends
over time. Our findings indicate that COLD data can reliably estimate estimate
water frequency during stable periods and delineate water bodies. Furthermore, it
enables the evaluation of trends in water areas after disturbances, allowing for the
determination of whether water frequency increases, decreases, or remains constant.
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1. Introduction

Detecting surface water in aquatic ecosystems is essential for environmental monitor-
ing, water resource management, and ecosystem conservation, particularly in commu-
nities where water resources are closely linked to recreational and economic activities.
The decline in water levels in many lakes has raised significant concerns, highlighting
the need for accurate detection methods to assess water availability, understand hydro-
logical cycles, and manage droughts and floods. Remote sensing offers a valuable tool
for measuring the spatial variability of surface water in these ecosystems. Advances
in remote sensing technologies and satellite imagery have significantly improved our
ability to monitor water bodies, providing critical data for hydrological analysis and
identifying the drivers of water level fluctuations (Duan et al. 2021).

The Continuous Monitoring of Land Disturbance (COLD) algorithm, developed us-
ing Landsat time series data, offers an effective approach for detecting various types of
land disturbances as new imagery becomes available (Zhu et al. 2020). Additionally, it
suports the generation of historical maps of these disturbances. Through experimen-
tation with different data inputs and time series analysis techniques, the algorithm
has been refined to enhance detection performance. Key improvements include the use



of surface reflectance instead of Top-of-Atmosphere (TOA) reflectance, the integra-
tion of multiple spectral bands, and the efficient removal of outliers based on model
predictions. Importantly, the algorithm can distinguish between actual land distur-
bances and changes resulting from vegetation regrowth, improving the accuracy of
land disturbance mapping. This capability lays a robust foundation for investigating
the algorithm’s potential to estimate water frequency, defined as the proportion of
observations classified as water relative to the total number of stable observations,
where no disturbances occur. This enables the delineation of water bodies and the
analysis of water trends at the pixel level following disturbance events.

Generating land cover classifications from remotely sensed data is a relatively
straightforward process, but achieving high accuracy presents challenges. To enhance
classification accuracy, many products incorporate multitemporal images into their
algorithms (Melichar et al. 2023; Liu et al. 2021; Shetty et al. 2021). However, au-
tomating the collection of multitemporal images can introduce several potential is-
sues. One major challenge is ensuring data consistency across images. Variations in
atmospheric conditions during different image acquisition dates can affect spectral
signatures, making it difficult for algorithms to maintain consistent classification over
time. For instance, cloud-free images are essential for accurately classifying each pixel
across multiple observations. This requirement is often unattainable, particularly for
sensors with low temporal frequency, such as Landsat. As a result, acquiring suitable
images may take several years, leading to the production of Landsat-based land cover
maps at five- or ten-year intervals (Zhu and Woodcock 2014).

Additionally, temporal variability in images, such as phenological changes in veg-
etation or land use changes due to human activities, can lead to misclassification if
the algorithm does not account for these temporal dynamics (Wang and Yao 2024).
This issue is particularly pronounced when images from long intervals are used or
when mapping areas that undergo frequent changes. Consequently, land cover maps
produced using conventional multitemporal methods may be unreliable for identifying
land cover changes, as classification errors can be misinterpreted as actual changes.
This problem is further exacerbated in smaller areas where subtle changes are more
likely to occur.

To address these challenges, using Continuous Observation of Land Dynamics
(COLD) data could be a promising approach for classifying water bodies, as it (1)
accounts for the temporal dynamics of land cover changes, (2) is robust against data
inconsistencies, and (3) reliably detects water change trends. The main contributions
of this study are as follows:

(1) The proposed classification and regression models can effectively identify the
water frequency of various areas.

(2) Estimate the changing in water frequency at the break time between two stable
periods.

2. Related work

Various methods for extracting water surfaces using remote sensing data have been de-
veloped, including both machine learning and traditional approaches (Gharbia 2023).
Machine learning methods require large datasets and careful sample selection to en-
sure generalization across different regions. Traditional algorithms, in contrast, often
rely on spectral differences between water and non-water areas, using multiple bands
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for effective extraction. A notable example is the water index method, which combines
spectral bands and remote sensing indices to distinguish water bodies. This method
has demonstrated high performance in studies and offers advantages such as simplic-
ity, robustness, and ease of deployment across large, diverse areas, enabling quick and
efficient extraction (Wang et al. 2020).

Deep learning, with the invention of convolutional neural networks (CNNs), has
been particularly useful for segmentation tasks in remotely sensed image analysis.
These models can automatically extract both low- and high-level features from im-
ages, enabling the classification of water bodies with high accuracy, even in challenging
environments (Chang et al. 2024; Mullen et al. 2023; Nasir et al. 2023; Liu, Liu, and
Hu 2024; Erdem et al. 2021; Gharbia 2023). For example, the CNN-based model U-Net
has been widely used in segmentation tasks (Cao et al. 2024; Gharbia 2023). An en-
semble model, WaterNet, combines various U-Net architectures with the cGAN-based
Pix2Pix to improve water body segmentation accuracy (Erdem et al. 2021). Simi-
larly, Wang (Wang et al. 2023) investigates the SER34AUnet model, an enhancement
of the U-Net architecture specifically tailored for water extraction in cold and arid
regions. While deep learning models are powerful for tasks such as water body extrac-
tion, they are heavily data-dependent and require large amounts of labeled data for
training. Acquiring large, continuous, high-quality labeled datasets can be challenging
and time-consuming (Gharbia 2023). Due to the difficulty of acquiring high-quality
training datasets, these models are prone to overfitting, especially when the dataset
is small or not representative of the broader context, leading to poor generalization
on unseen data (Liu, Liu, and Hu 2024).

Recent advances in visual foundation models like the Segment Anything Model
(SAM) (Kirillov et al. 2023) and Contrastive Language-Image Pre-training (CLIP)
(Radford et al. 2021) show strong potential in various computational tasks. SAM,
while effective at distinguishing features such as water from shadows in urban environ-
ments, faces challenges in accurately segmenting water bodies during low water levels
and seasonal changes (Ozdemir et al. 2024). This often leads to under-segmentation
of shorelines, especially in low-water regions. SAM also struggles with high color con-
trast in complex environments, causing inaccurate water segmentation and misclas-
sifications (Nasir et al. 2023). Since neither SAM nor CLIP were trained on remote
sensing imagery, their performance in such applications is limited. Fine-tuning with
more representative datasets could improve accuracy but requires additional resources
(Ozdemir et al. 2024).

These models face challenges, such as the need for cloud-free, high-resolution im-
ages, which are difficult to obtain consistently for long-term water change detection
(Yue et al. 2023; Cao et al. 2024; Ozdemir et al. 2024). Many methods rely on individ-
ual images for segmentation models, making them sensitive to cloud cover (Yulianto
et al. 2022). However, the Continuous Change Detection and Classification (CCDC)
model by (Zhu and Woodcock 2014), which uses all Landsat data, addresses this by
building a dynamic time series model that detects various land cover types, includ-
ing water. Its updated version, Continuous Monitoring of Land Disturbance (COLD),
enhances small-change detection, automates processing, ensures model stability, and
handles cloud and snow effects (Zhu et al. 2020). Our proposed model leverages this
data to estimate water indices, classify water bodies, and monitor water trends across
regions.
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3. Study site and datasets

This section examines the use of Landsat data to monitor surface water changes, essen-
tial for understanding ecological and hydrological processes. We discuss the selection
of imagery from the United States Geological Survey from 1984 to 2001, focusing on
low-cloud-cover images and specific water bodies. We also highlight the advantages
of Landsat’s free availability and moderate resolution for large-scale environmental
monitoring.

3.1. Landsat data

Monitoring surface water is crucial for understanding ecological and hydrological pro-
cesses. Recent advancements in satellite-based optical remote sensing have signifi-
cantly enhanced surface water detection (Huang et al. 2018). A common method
involves using Landsat remote sensing data and water indices to track changes in
water bodies throughout the year over large areas (Yue et al. 2023; Feng et al. 2022).

For this study, we obtained Landsat imagery from January to December
(1984–2001) from the United States Geological Survey, covering both wet and dry
seasons. Landsat images were chosen for their free availability, moderate resolution,
and suitability for our study scale and computational resources. Images were selected
based on quality, scene availability, and a cloud cover threshold of less than 5% annu-
ally. Water bodies such as Lake Stanley Draper, Carl Blackwell Lake, Shawnee Reser-
voir, and Sooner Lake were included. For most years, data from more than half of the
months were available. One image per month was selected when possible; months with
unsuitable images or excessive cloud cover were excluded. The final dataset, encom-
passing seven regions, was consolidated for model training and validation, ensuring
accurate water body identification and trend detection.

3.2. COntinuous monitoring of Land Disturbance

The COLD data aligns with the tiling system used by the Landsat Analysis Ready
Data (ARD) (Dwyer et al. 2018) across the Continental United States (CONUS),
which consists of 427 mapped tiles. Each tile references the Albers Equal Area Conic
projection and is based on the WGS84 datum. The tiles are uniformly sized at 5,000
by 5,000 pixels, with each pixel representing a 30-meter square, covering an area of
150 by 150 kilometers per tile. Tile identification is facilitated through horizontal (’h’)
and vertical (’v’) coordinates.

Our specific focus is on tile h12v16, located in Oklahoma, which was selected for
its availability of COLD data. The COLD data is aggregated into a 5000x5000 matrix
file, with the dataset covering the time frame from 1994 to 2001. Each pixel contains
one or more stable time points based on multiple coefficients.

4. Methods

In this section, we describe the methodology used to build a dataset for training ma-
chine learning models to characterize water surfaces from 1984 to 2001. The Modified
Normalized Difference Water Index (MNDWI) was employed to extract water body
maps due to its simplicity and proven performance (Yue et al. 2023; Yulianto et al.

4



2022; Bijeesh and Narasimhamurthy 2021). Based on the water index, water bodies
were delineated and used as inputs for the machine learning models. Combined with
COLD data, we developed various models to estimate the average water index or wa-
ter frequency. This approach effectively distinguishes between water and non-water
bodies while identifying pixel-wise changes in water trends. The general approach is
depicted in Figure 1.

Figure 1.: Methodology to predict the water mapping and water change from COLD
data.

4.1. Water bodies extraction

Water indices, derived from two or more spectral bands, provide a straightforward and
effective method for water extraction (Yue et al. 2023; Yulianto et al. 2022; Huang
et al. 2018). Various indices can estimate surface water areas or flood sizes. The
MNDWI is effective for this task using the shortwave infrared band (SWIR) for better
detection of minor water features and being less affected by sediment and other water
constituents, making it more reliable (Xu 2006). These indices have proven effective
in multiple studies (Gong et al. 2020; Minh Trinh 2024), providing a solid foundation
for building the input data for training models to utilize COLD data for detecting
water surfaces and their changes over time.

To build the dataset for training machine learning models to characterize water
surfaces from 1984 to 2001, the MNDWI was used to extract water features. It was
widely adopted for its efficiency and reliability, enabled the extraction of water and
land masks from lake images (Chisadza et al. 2022; Gong et al. 2020). A manual
threshold of zero, chosen for its simplicity and accuracy, classified pixels as water or
non-water. This threshold served as the ground truth to assess the correlation between
COLD data and water bodies. Using Landsat 5 data, the MNDWI was calculated from
bands 2 and 5 (Mahua, Kasim, and Pasisingi 2023).
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4.2. Water and non-water bodies classifier using COLD data

The water indices extracted monthly from the stable periods of COLD data within
a given year are used to calculate the water frequency or the average water indices
over multiple years. These indices represent the water index for each pixel in the
COLD data, corresponding to different stable periods. Water frequency is defined
as the proportion of times a pixel is classified as water during a stable period. It is
calculated by averaging the water observations from the available months in each year
within that period. The frequency value ranges from 0 to 1, where 0 indicates no
water observed, and 1 signifies that the pixel was consistently classified as water, as
determined by the MNDWI.

Each pixel has 56 coefficients corresponding to different stable periods from the
COLD data, which are used as input features to estimate water frequency within these
intervals. To mitigate potential errors arising from uncertainties in image processing,
pixels with a water frequency of less than 0.25 are classified as non-water (land) areas,
while pixels with a water frequency greater than 0.25 are categorized as water bodies
(Feng et al. 2022; Yue et al. 2023).

Leveraging the water index as a benchmark and employing COLD data as input fea-
tures, we developed regression and classification models to estimate water frequency
and distinguish between water and non-water bodies for each pixel. These models
include gradient boosting for the regression model and XGBoost for the classification
model. Based on the outcomes, we can determine whether COLD data provides suf-
ficient information to estimate water frequency and accurately classify each pixel as
either water or non-water.

4.3. Determining Water Changes at Breakpoints in COLD Data

Pixel data in COLD captures multiple coefficients for several stable periods. A break-
point marks the transition between periods where the previous model no longer fits the
new Landsat time series, requiring the model’s coefficients to change to reflect spectral
variations, as shown in Figure 1. In this experiment, we input the COLD coefficients
of pixels with breakpoints into a regression model to predict water frequency before
and after the break. This analysis helped us identify whether the change was due to
shifts in the water frequency across the stable periods surrounding the breakpoint, as
illustrated in Figure 1.

The three classes used in this experiment were determined by the absolute difference
in the predicted water frequency index between periods before and after the break.
To minimize computational error, the first class, labeled as 0, was assigned to cases
where the absolute difference was close to zero or less than 0.25. Pixels with a difference
greater than 0.25 were classified as an increasing water frequency class, whereas those
with a difference smaller than –0.25 were classified as a decreasing water frequency
class.

5. Results

This section evaluates classification and regression models to estimate water frequency
and segment water and non-water bodies using COLD data. Ground truth is derived
from water indices from Landsat data. We apply machine learning models to estimate
water frequency and classify pixels based on water frequency during stable COLD

6



periods, using 7-fold cross-validation for unbiased results. The models are trained on
six regions and tested on the remaining one to demonstrate robustness in detecting
water bodies and trends. Visualizations highlight the results, showcasing COLD data’s
potential for water segmentation and change detection.

5.1. Water Frequency Prediction Using a Regression Model

In this experiment, the input to our models consists of water frequency data across
available years during the stable period of the COLD dataset. We apply a gradient
boosting regression model to estimate water frequency for each pixel during these
stable periods, facilitating the identification of whether pixels represent water bodies
or non-water bodies. For inference, data from one region is held out while the model
is trained on the remaining six regions of interest.

The normalized mean squared error (NMSE) of our regression model is reported
with an average value of 0.43 and a 95% confidence interval of 0.12 to 0.75. This
indicates that the model’s predictive performance surpasses that of a baseline model,
which would simply predict the mean of the actual values. The model demonstrates
strong predictive power, as it captures a significant portion of the variance in the
data. However, the upper bound of 0.75 suggests that the model exhibits considerably
higher error in some cases, likely due to variations in environmental conditions across
different regions.

We illustrate the model’s ability to segment water bodies by applying a 0.25 thresh-
old to the predicted water frequency. Pixels below this threshold are classified as
non-water, and those above are classified as water bodies (Feng et al. 2022). Water
body classification accuracy on the inference dataset is shown in Table 1. In the water
body map derived from the regression model (Figure 2, middle), darker blue pixels
represent periods covered by the training data, while lighter blue pixels represent pe-
riods beyond the training scope. Both accurately depict water bodies, demonstrating
the model’s robustness across time. Brown pixels indicate non-water bodies outside
the training period, while dark brown pixels represent non-water within the training
period.

5.2. Assessing Water Frequency Prediction: Classification vs.
Regression Models

Table 1.: Cross-Validation Water Body Classification: Regression vs. Classification
Model Inference Accuracy

Regression Classification
Mean Overall Accuracy 0.90 ± 0.06 0.91 ± 0.07
Water Frequency ≤ 0.25 0.92 ± 0.07 0.94 ± 0.09
Water Frequency > 0.25 0.77 ± 0.11 0.78 ± 0.10

In this experiment, we compared classification model with the regression model to
delineate water frequency. For ground truth, we used a threshold of 0.25 to classify
pixels as either water bodies or non-water bodies (Feng et al. 2022). Among the various
models, we selected XGBoost as the best performer for classifying water bodies. Our
classification result comes out as shown in Table 1. The model performs reliably for
clear cases, such as low and high-frequency water bodies.
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Additionally, our results indicate a slightly higher in performance when using the
classification model as shown in Table 1. However, the confidence intervals overlap
each other, indicating no significant statistical difference. The visualization between
regression and classification map inference are shown in the Figure 2. This compar-
ison reveals that the regression model tends to over-segment the water bodies, as
evidenced by the incorrect segmentation of the water bodies in the top-right region
of the regression model.

Figure 2.: Visualization of water map based on the outcomes from the classification
(middle) and regression model (right) in a region withs its Landsat image (left). Blue
pixels indicate water bodies, while brown and dark brown pixels represent non-water
bodies. Lighter-colored pixels represent the inference on pixels with stable periods
beyond the timeframe of those used in the training process.

5.3. Determine water change using COLD data

This section analyzes pixel data with breakpoints between stable periods to deter-
mine whether water frequency trends increase or decrease. Pixels with breakpoints
are filtered and used in a regression model to predict water frequency based on COLD
coefficients before and after the breakpoint. Predicted frequency changes are classified
as a decrease (less than -0.25), an increase (greater than 0.25), or unchanged (between
-0.25 and 0.25). This method helps interpret significant changes at the breakpoint and
how COLD coefficients respond. By analyzing these coefficients, we aim to predict the
water frequency trend for each pixel at the breakpoint.

In addition, we also do experiments for determining water change using classification
models instead of regression models. In this, we concatenate all COLD coefficients of
before and after breakpoint together and use them to predict the differences between
known water frequency before and after the breakpoint with the same range previously
defined.

A comparison of regression and classification models shows that the regression
model consistently outperforms the classification model across all metrics. The re-
gression model’s overall accuracy is 0.81±0.09, compared to 0.77±0.14 for the classi-
fication model, with a narrower confidence interval, indicating greater stability. In the
moderate water frequency range (−0.25 ≤ WF ≤ 0.25), the regression model achieves
0.85 ± 0.09, outperforming the classification model’s 0.82 ± 0.14. For rare water fre-
quency classes (WF < −0.25 and WF > 0.25), the regression model again performs
better, with accuracies of 0.50 ± 0.11 and 0.42 ± 0.14, compared to 0.43 ± 0.15 and
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0.31±0.12 for the classification model. While both models struggle with these extreme
cases, the regression model consistently shows stronger predictive power. It encounters
challenges primarily when water frequency significantly changes, as these events are
relatively rare. A method to address the imbalanced dataset, such as SMOTE (Chawla
et al. 2011), has been applied to improve the model’s performance by oversampling
the minority class.

Table 2.: Cross-Validation Inference Performance for Water Change Detection

Metric Regression Model Classification Model
Overall Accuracy 0.81 ± 0.09 0.77 ± 0.14
-0.25 ≤ WF ≤ 0.25 0.85 ± 0.09 0.82 ± 0.14

WF < -0.25 0.50 ± 0.11 0.43 ± 0.15
WF > 0.25 0.42 ± 0.14 0.31 ± 0.12

6. Discussion

This study demonstrates the effectiveness of both regression and classification models
in estimating water frequency and segmenting water bodies using COLD coefficient
data (Zhu et al. 2020). The gradient boosting regression model achieved a normalized
mean squared error (NMSE) of 0.43, indicating strong predictive capability, though
certain regions showed higher errors, likely due to environmental variability. For wa-
ter body segmentation, using a 0.25 water frequency threshold, the regression model
reached 90% accuracy, performing better in low water frequency areas (92%) than in
high frequency regions (77%). A comparison of models showed similar performance,
with the classification model slightly outperforming the regression model (91% vs.
90%), although the difference was not statistically significant. The regression model
tended to over-segment water bodies in some areas. Despite limited training data,
both models accurately predicted water frequency beyond the training period, as seen
in Figure 2. COLD data detected land disturbances over time, with a correlation
between its coefficients and water presence, suggesting discrepancies may be linked
to water in affected regions. This insight enhances understanding of climate change
impacts on water bodies.

In analyzing water frequency changes at breakpoints, the regression model out-
performed the classification model, achieving an overall accuracy of 81% compared to
77%. The regression model was particularly effective in predicting moderate changes in
water frequency but faced challenges in capturing extreme changes. This issue is likely
due to the imbalanced training data, where instances of unchanged or moderate wa-
ter frequency differences were more common than significant changes. Consequently,
the model performed better in handling these more prevalent cases. Another poten-
tial factor is the variation in data distribution across different regions. Overall, the
regression model consistently outperformed the classification model, demonstrating
its ability to detect trends in water frequency at breakpoints. However, there is still
room for improvement in detecting water trends, particularly in identifying increases
or decreases in water frequency. Future work could expand the study by collecting
additional data or generating realistic synthetic data for the minority class (Maryada
et al. 2022) to improve the model’s performance.

Our results are consistent with previous studies on land cover classification, such
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as (Zhu and Woodcock 2014), which employed the Continuous Change Detection and
Classification (CCDC) algorithm—an earlier version of COLD—to classify land cover
types using a classification model. In this study, we utilized a regression model to
estimate water frequency, comparing it with a classification model to map water bodies
and analyze trends based on data from the updated CCDC algorithm (COLD). Direct
comparisons between our approach and previous work using the CCDC model are not
feasible due to differences in data sources (CCDC vs. COLD data) and variations in
landscape and data collection methods. The primary contribution of our research is
the validation and extension of COLD’s capacity to detect water bodies and identify
regional trends, which supports water resource management.

We used the water index as the primary indicator of water bodies, serving as ground
truth to evaluate correlations between water and non-water pixels in COLD data.
While water indices, widely used in past studies, they still contain errors. We chose
these indices for their lower cost, using Landsat data. Future work could improve
accuracy by incorporating natural images from Google Earth Engine, captured during
the same periods as the COLD data, to better establish water body ground truth.

7. Conclusion

This study demonstrates the effectiveness of the COLD algorithm for water frequency
estimation and water body segmentation in aquatic ecosystems. Both regression and
classification models applied to COLD coefficient data produce reliable results, with
the regression model achieving a normalized mean squared error of 0.43 and 90% accu-
racy in water mapping. Despite limited training data, our model accurately predicts
water frequency beyond the training period. These results align with prior studies
on land cover classification using the CCDC algorithm, extending COLD’s applica-
bility to diverse regions. The regression model also detects water frequency changes
at breakpoints with 81% accuracy, though it faces challenges with extreme changes
due to imbalanced data. Future research could improve accuracy by incorporating
higher-resolution indicators and natural imagery, strengthening its use in environ-
mental monitoring and conservation.
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