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ABSTRACT

Phenology, the study of biological cycles in plants, is crucial for understanding ecosystem dynamics and the
effects of climate change. Climate change has globally altered phenological patterns, thus impacting
ecosystem interactions. While phenology research is well-established, its reliance on traditional satellite
imagery presents limitations. Satellite data might have low temporal resolution, which restricts the accurate
monitoring of phenological events. There is a need for reliable information using high-frequency data to

gain deeper insights into these phenological events.

We propose to develop a phenological classification model to facilitate the understanding of seasonal
dynamics, utilizing PhenoCam imagery known for capturing frequent and detailed observations of
vegetation. Specifically, our study utilizes PhenoCam images from two stations in the University of T'wente
over a four-year period (2020-2023). Convolutional Neural Networks (CNNs) serve as the primary tool for
image analysis, due to their ability to automatically learn and extract complex features. This approach aims
to achieve accurate classification of phenological states in deciduous vegetation, focusing on spring green-

up and summer green peak.

This study comprised three main phases. Firstly, we utilized PhenoCam imagery to capture comprehensive
representations of phenological stages, complemented by data from other phenological sources. These
images were meticulously organized and labelled to facilitate subsequent processing. Various approaches
were employed to ensure accurate labelling of the images into their respective phenological stages. Secondly,
a Convolutional Neural Network (CNN) model was developed to precisely identify phenological states from
the labelled imagery. Lastly, we evaluated the CNN model's performance and compared it with traditional

machine learning model.

The results demonstrated that the CNN model outperformed a traditional machine learning model (RF) in
accurately identifying phenological states. Across all evaluated metrics, the CNN model consistently
achieved an accuracy of 0.95. Overall, this study contributes to phenological research by offering a robust

framework for predicting vegetation phenological stages using advanced computational techniques.

Keywords: Phenology, PhenoCam, convolutional neural network, spring green up, summer green peak,

deciduous vegetation, machine learning model.
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1. INTRODUCTION

11. Background

Phenology focuses on the study of the biological cycles of plants (Ge et al., 2023). It allows the detection of
typical events such as blooming, changes in leaf coloration, and germination, among others(Richardson,
2023). It addresses not only individual plants but also entire ecosystems and their interactions with
environmental factors. Phenology plays an important role in many sectors, such as nature conservation.
Understanding how climatic factors impact phenological occurrences is essential for nature conservation,
and this can be achieved through tracking phenological stages (A. D. Richardson, 2023).

Phenology has gained attention recently as an indicator of how climate change is impacting ecosystems.
Phenological patterns have been altered globally by climate change, driven by factors like increased
greenhouse gas emissions, deforestation, and altered land use (Ge et al., 2023). Changes in climate variables
can directly impact the occurrence of phenological events, influencing ecosystem dynamics (Wang et al.,
2023). Variables like temperature, precipitation, day length, solar radiation, humidity, and wind speed affect
these natural processes. Shifting weather patterns have led to changes in phenological events such as
flowering and leaf emergence (Lee et al., 2023).

Environmental factors play a crucial role in driving phenological changes. Extended periods of certain
conditions can impact the duration of leaf activity and carbon uptake in forests (Meng et al., 2021). Changes
in precipitation patterns, including more frequent and intense droughts, can decrease soil moisture levels,
posing challenges for tree species adapted to specific environmental conditions. These changes may lead to
declines or shifts in distribution among affected species (Schidel et al., 2023).

Phenological networks are essential for monitoring and understanding the impacts of climate change on
ecosystems, biodiversity, and agriculture (Templ et al., 2018). They promote collaboration, engage citizen
scientists, and provide valuable data for scientific research and conservation efforts (Templ et al., 2018). For
instance, the Pan European Phenological Network (PEP725) serves as a robust source of ground truth
phenological data across Europe (Templ et al., 2018).

Satellite imagery is widely used in phenological research due to its wide coverage and the ability to monitor
large-scale environmental changes. However, some limitations can be addressed. One of the primary
drawbacks of satellite images is the limited temporal resolution. Satellites typically pass over a specific area
at regular intervals, and the revisit time can range from a few days to weeks, leading to gaps in capturing
phenological events, especially those that occur rapidly or over short periods of time (Wang et al., 2023).
Second, cloud cover and pollution are significant challenges in acquiring reliable satellite data, these factors
can introduce discrepancies in the data and affect the quality of observations (Ge et al., 2023). Moreover,
acquiring high-quality satellite imagery can be expensive, particularly for high-resolution datasets.

A PhenoCam network is an arrangement of PhenoCams located strategically across different locations to
capture time-lapse images of vegetation and monitor phenological changes. These networks are designed to
provide comprehensive and distributed coverage, allowing to observe and analyse plant life cycle in different
environments (Richardson, 2023). PhenoCams provide high-frequency image capture, recording neat-
surface images every 30 minutes. They commonly capture colour images in the visible spectrum (RGB) (A.
Richardson, 2023).
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Capturing the dynamics of phenological events requires consistent data collection intervals. Time series data
offer a chronological sequence of observations, facilitating the tracking of phenological states (Lee et al.,
2023). They enable analysis of shifts in phenological patterns over extended periods, aid in detecting
anomalies from typical patterns, and contribute to assessing the occurrence and rate of phenological shifts.
This information is crucial for decision-making, ensuring timely responses to changing environmental
conditions (Lou et al., 2023).

Phenological processes often involve complex and nonlinear patterns, influenced by various environmental
factors. While statistical methods have their utility in certain aspects of phenological research, machine
learning (ML) methods provide capabilities in handling complex and high-dimensional data (Guo et al.,
2021). ML provides a data-driven approach to phenological studies, relying on algorithms to automatically
learn and extract meaningful information from large datasets (Guo et al., 2021). Studies have demonstrated
that ML methods, can outperform traditional statistical methods in various domains, estimating and
monitoring flowering phenological stages is one of them (Zhu et al., 2022).

Deep learning models (DL), when well-designed and trained on relevant data, have demonstrated state-of-
the-art performance in various image-related tasks. This high performance makes them a promising
approach for accurate and reliable phenological classification (Capinha et al., 2021). Several characteristics
of DL models make them particularly effective when dealing with large datasets, as they can capture complex
patterns and features present in diverse datasets (Capinha et al., 2021).

One of these powerful tools is convolutional neural networks (CNNs), which are known for accurately
classifying phenological stages captured in images. CNNs are designed to automatically learn hierarchical
spatial features from images and can recognize patterns regardless of their location in the image. The
convolutional layers in CNN models extract features from images, representing meaningtul patterns in the
input data, and these features are automatically learned during the training process(Kattenborn et al., 2021).
CNNs have been applied to a broad range of thematic categories. Most of the applications correspond to
agricultural studies, with a smaller scale focusing on conservation and forestry (Kattenborn et al., 2021).
Several phenological studies have been conducted using CNN models. One of these studies fused MODIS
and OLI images to map vegetation growth days and key phenological stages for mixed vegetation regions
in China, using vegetation indices (Kun et al., 2023). This study highlights the capacity of CNNs in extracting
phenological features.

1.2. Research gap

Phenological events can occur rapidly, posing challenges for their accurate monitoring using traditional
satellite imagery, which operates at lower frequencies (Song et al., 2024). This limitation results in gaps that
impact precise observation of these dynamic transitions. Ensuring reliable information on phenological
changes is crucial for effective ecological monitoring, highlighting the need for approaches that can offer
more detailed and frequent insights into these ecological shifts (Song et al., 2024).

Common approaches to monitor phenological patterns include observational networks like PEP725.
However, these data have some drawbacks such as spatial distribution, location accuracy and citizen
scientific experience (Tian et al., 2021). PhenoCam images offer the capability to monitor phenological
changes at multiple levels, ranging from forests to individual trees, and even down to leaf and branch scales,
serving diverse research purposes (Song et al., 2024). These images provide consistent and continuous data,
facilitating detailed analysis across various spatial scales. Despite the presence of numerous stations aimed
at monitoring deciduous vegetation, there remains a significant gap in leveraging PhenoCam technology for
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a comprehensive exploration and understanding of seasonal dynamics in these ecosystems(Richardson,

2023).

The application of machine learning techniques, particularly deep learning, using PhenoCam images is an
emerging area of interest in phenological research (Richardson, 2023). While existing studies have primarily
focused on deep learning for phenological classification tasks using satellite images, the potential of applying
these techniques to PhenoCam imagery remains underexplored (Katal et al., 2022). Deep learning has
demonstrated promising results in automating the analysis of phenological stages and dynamics from
satellite data (Katal et al., 2022). However, leveraging PhenoCam images presents an opportunity to enhance
accuracy, which is crucial for monitoring rapid phenological changes at finer spatial scales and improving
ecological insights (Richardson, 2023).

The application CNNs with PhenoCam imagery represents a promising approach in phenological research,
providing valuable insights into the seasonal dynamics of vegetation. This thesis aims to contribute to the
field of phenology through this application, offering a reliable framework for future studies. The outcomes
are intended to serve as a benchmark in environmental management and conservation efforts.

1.3. Objective

Develop a phenological classification model for deciduous trees in the University of Twente region, applying
CNN with PhenoCam images from 2020 to 2023. The model aims to classify the images into two key
phenological states: spring green-up and summer green peak, enabling a comprehensive understanding of
the seasonal dynamics over this period.

In order to accomplish this objective, the following subobjectives and corresponding research questions will

guide this study:

1.3.1. Subobjectives
1. Data collection

e To gather and ensure the quality of PhenoCam images spanning the four-year period (2020-
2023) for the study area, along with phenological data from additional resources.

e To assign labels to the images based on their respective phenological states.
2. CNN model development
e To develop a CNN model that identifies phenological states for deciduous trees, specifically
spring green-up and summer green peak, for a four-year period (2020-2023) by classifying
images into these two key phenological states.

3. Model assessment

e To assess the performance of the developed CNN model in identifying phenological states for
deciduous trees and compare it with traditional machine learning models.

1.3.2. Research questions

1. Data collection
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e How can PhenoCam images spanning the four-year period (2020-2023) be effectively gathered
and organized alongside supplementary phenological data?

e Which approaches and additional datasets could be utilized to label PhenoCam images based
on their phenological states?

2. CNN model development

e To what extent does the choice of architecture and parameters for the CNN model influence
its ability to identify the phenological states?

3. Model assessment
e How does the developed CNN model identify the phenological states for deciduous trees?

e How does the CNN model’s performance in identifying the phenological states compare with

traditional machine learning models?

2. STUDY SITES AND DATASETS

21. Study site

The study area incorporates two PhenoCam stations situated within the campus of the University of Twente,
located in Enschede, the Netherlands (Figure 1). The PhenoCam network is a collaborative network of
digital cameras that continuously captures images of vegetation. It was established in 2008 and currently
consists of more than 700 sites wotldwide (A. Richardson, 2023).

The campus of the University of Twente is situated in an urban environment, providing an ideal
representation for studying phenological patterns within an urban context. By examining deciduous trees in
this setting, we gain valuable insights into vegetation dynamics and phenological processes.

The campus is 146 acres, and the region has a temperate climate with mean monthly temperatures from 2
to 18 °C, annual precipitation varies between 505 mm and 897 mm and the mean monthly relative humidity
from 73% to 89%, according to KNMI station. With an elevation of 45 meters.

The study area boasts a diverse and vibrant mix of vegetation, which primary vegetation is deciduous
broadleaf and secondary grassland, the dominant specie is Quercus. The campus landscape is covered with
a variety of deciduous tree species (Schelhaas et al, 2014) , contributing to the rich ecological mosaic. The
foliage undergoes dynamic transformations throughout the seasons, ranging from the vivid greens of spring
and summer to the warm hues of autumn.

The study area is characterized by the presence of Quercus species, commonly known as oak trees.
Deciduous trees shed their leaves annually and exhibit distinct seasonal changes that can be clearly observed
in the spring and summer seasons (Gricar et al., 2022). These two seasons, spring and summer, are the focus
of this study.

10
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In early spring, oak trees begin the process of bud break, where dormant buds swell, and new leaves start to
emerge. This period is crucial as it marks the transition from winter dormancy to active growth (Gricar et
al., 2022). As the season progresses, the new leaves expand, and the tree canopy becomes denser. The fresh
leaves are typically bright green, contributing significantly to the overall greenness of the landscape (Gricar
et al., 2022).

By early summer, oak trees have usually developed a full canopy of mature leaves. The dense foliage provides
ample shade, the leaves reach full maturity, displaying a deep green colour (Gricar et al., 2022).
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Figure 1. Loc

i

ation of the study area in the University of Twente. Base map: Google satellite.

21.1. PhenoCam stations

The two PhenoCam stations have been operational since June 25, 2019, and remain active. Table 1
presents the characteristics of the stations, and Figures 2 and 3 display views from these stations.

Table 1. PhenoCam stations. Source: PhenoCam site.

Station Characteristics Utwentel Utwente2
Latitude 52.240077 52.237472
Longitude 6.850103 6.86078
Elevation 25 30

Start Date 2019-06-25 2019-06-25
Location Building de Spiegel Building de Horst
Camera orientation NNW ESE

Temporal resolution 30 minutes 30 minutes
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Figure 3. Station Utwente2. Source: PhenoCam site.

12
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2.2 Data collection

2.21. PhenoCam images

PhenoCam images are three-channel (RGB) images with a temporal resolution of 30 minutes. This frequent
interval allows for detailed observation of changes in vegetation over time, providing valuable insights into
the dynamics of phenological processes. The images are freely available and can be downloaded through a
free account on the PhenoCam website, where users can select specific timestamps and dates per station (A.
Richardson, 2023). For this study, images were selected for download from March 1 to June 30, between
9:00 and 15:00 each year, resulting in 12 images per day for each station. Table 2 summarizes the images
downloaded.

Table 2. Images downloaded

Year Dates Utwentel Utwente2 Total
images images images
2020 March 21 — June 30 120 121 241
2021 March 21 — June 30 117 122 239
2022 March 21 — June 30 121 121 242
2023 March 21 — June 30 116 117 233
Total 474 481 955

2.2.2. Phenological Network Observations PEP725

The PEP725 phenological network is a comprehensive database that gathers phenological observations
from across Europe. This standardized data covers various plant species and is essential for understanding
the impact of climate change on plant phenology (Scheifinger, 2023). The data for this study was provided
by the University obtained from the network management team.

The sources and specifications of the data used in this study are summarized in Table 3.

Table 3. Data source and specifications.

File Source Owner Restrictions and Format  Personal data
license
PhenoCam images Secondary  PhenoCam site No restrictions ipg No
data
Phenological networks Secondary = PEP725 site No restrictions csv No
observations data
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3. RESEARCH METHOD

3.1. Data preprocessing

The preprocessing of the PhenoCam images involved several steps to ensure the data were organized and
of high quality. Initially, images were renamed according to the structure station_year_month_day.jpg (e.g.,
utl_2020_5_20.jpg) to simplify identification and retrieval for further analysis. Subsequently, one of the
twelve downloaded images per day was selected based on brightness values, prioritizing those with the
highest values. Brightness is a metric utilized in various image applications (Smyth et al., 2022), enabling the
identification of well-illuminated and clear images. Following this selection, a visual inspection was
conducted to verify that the images were correctly selected.

Five regions of interest (patches) were identified within these images to focus on specific vegetation areas
(see Figures 4 and 5). Patches 1 and 2 were selected from the images of the station UTwentel, while patches
3, 4, and 5 correspond to images from the station UTwente2. These patches were selected based on areas
with deciduous vegetation, ensuring a consistent patch size of 180x180 pixels. This size was chosen to
guarantee that the patches included the desired vegetation type while excluding elements such as sky, water,
roads, buildings, people, and other vegetation types. The images were renamed according to the structure
station_patch_year_month_day.jpg (e.g., ut2_p3_2021_4_15.jpg). Table 4 presents the number of image
patches per station for the four-year period (2020-2023).

14
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Figure 5. Selected patches from station Utwente2.

Table 4. Number of patch images per station per year.

Year Utwentel Utwente2 Total
patches patches patches
2020 240 363 603
2021 234 366 600
2022 242 363 605
2023 232 351 583
Total 948 1443 2391

The process of determining the date to differentiate between the two phenological states involves a

qualitative assessment. Visual inspection will be the primary method to identify the phenological transitions.

To provide additional validation and context to this approach, a quantitative method using Green Chromatic
Coordinates (GCC) will be applied. Additionally, data from PEP725's observations will be compared to

support the findings.

31.1. Visual inspection

For this approach, I systematically reviewed each image in chronological order, meticulously identifying

dates where noticeable changes in the presence of green leaves were evident. These specific dates serve as

markers to distinguish between two distinct phenological stages. Table 5 shows the identified dates.

Table 5. Dates identified by visual inspection.

year Utwentel Utwente2
first leaves first leaves
2020 2020-04-12 2020-04-10
2021 2021-04-25 2021-04-26
2022 2022-04-15 2022-04-18
2023 2023-04-21 2023-04-23
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3.1.2. GCC time series

GCC s a colour index used to measure the relative brightness of the green channel in the given images (A.
Richardson, 2023). It quantifies the amount of green colour present in a particular scene or object, making
it a useful metric for analysing vegetation health, seasonal changes, and environmental conditions (A.

Richardson, 2023). The GCC index is calculated using the formula:

GCC= 2 ye+E

The GCC approach involved generating time series data by applying this formula to the patch images. Each
value within the time series represents the daily mean GCC. Subsequently, a simple moving average (SMA)
filter was applied to the GCC time series to reduce noise and smooth the curve, ensuring a more accurate
analysis (Bauer et al., 2019). Additionally, the GCC time series were normalized within the range of 0 to 1,
promoting consistency and comparability across different datasets (K ong et al., 2022). To determine the
date to differentiate between the two phenological states and facilitate dataset classification, two
thresholding methods were utilized: one set at 0.3 and another at 0.5. These threshold values are commonly
used in studies related to vegetation phenology, such as the study by Kong et al. ( 2022). The identified date
corresponds to the point where the normalized time series intersects the threshold value (Kong et al., 2022).
The dates identified by the two threshold methods are displayed in Table 6 and figures 6 and 7.

Table 6. Dates identified by the two threshold methods.

trs_0.3 trs_0.5
Utwentel Utwente2 Utwentel Utwente2
2020-04-16 2020-04-13 2020-04-22 2020-04-22
2021-05-06 2021-05-01 2021-05-10 2021-05-07
2022-04-20 2022-04-17 2022-04-23 2022-04-21
2023-04-27 2023-04-18 2023-05-02 2023-04-24
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Figure 6. GCC time series for threshold 0.3
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3.1.3.

PEP725

The PEP725 approach focused on selecting the closest observation points available in Germany, given the

absence of observation points in the Netherlands. These selected points were approximately 19 kilometers

away from the study area (see Figure 8). To ensure relevance to the study, a filter was applied to specifically

target the genus Quercus, which is the same genus present in the study area. Additionally, a second filter

was implemented to select phase ID 11. This phenological phase corresponds to “first true leaf, leaf pair or

whortl unfolded, P: First leaves unfolded’ in the BBCH-scale, a standardized system for identifying plant

developmental stages. The date associated with this phenological phase was selected as the reference to

differentiate between the two phenological states. It is important to note that information for this phase and

genus was only available for the years 2020 and 2021 (see Table 7).

Table 7. Dates identified using PE725.

s_id lon lat alt  genus species phase_id year date
934 7.11667 523 50  Quercus Quercus robur 11 2020 2020-04-18
934 7.11667 523 50  Quercus Quercus robur 11 2021 2021-05-10

Observations within my AOI

55

53

52

49

47

Netherlands

@ Utwente Stations
® Obs Points

Lon

Observations within my AOI

® Utwente Stations
@ Obs Points

6.8

6.9

7.0 71

Figure 8. Closest observations point to the study area stations. Source: PEP725.

3.2.

Labelling

7.3 74

For the labelling process, the dates determined by the four different approaches were compared (see Table

8). It is important to note that these dates showed close agreement, indicating coherence across methods,

and reinforcing the reliability of visual inspection in determining the phenological stages.

Table 8. Comparison of approaches for phenological state differentiation.

Pep725 Visual inspection trs30 trs50
year utwentel utwente?2 Utwentel Utwente2 Utwentel Utwente2
2020 2020-04-18 2020-04-12  2020-04-10 2020-04-16 2020-04-13 2020-04-22 2020-04-22
2021  2021-05-10 2021-04-25 2021-04-26 2021-05-06 2021-05-01 2021-05-10 2021-05-07
2022 2022-04-15 2022-04-18 2022-04-20 2022-04-17 2022-04-23 2022-04-21
2023 2023-04-21 2023-04-23 2023-04-27 2023-04-18 2023-05-02 2023-04-24
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Table 9 provides the start and end dates for each phenological class, along with its corresponding number
of days.

Table 9. Start and end dates of phenological classes.

Year class_1 class_2
Beginning End Days Beginning End Days
2020 2020-03-01 2020-04-12 43 2020-04-13 2020-05-25 42
2021 2021-03-01 2021-04-25 56 2021-04-26 2021-06-15 51
2022 2022-03-01 2022-04-15 46 2022-04-16 2022-05-31 46
2023 2023-03-01 2023-04-21 51 2023-04-22 2023-06-12 49
3.3. Convolutional Neural Network

Dataset splitting ensures that the CNN model is trained on a representative subset of data, validated for
parameter optimization, and tested on an independent set to evaluate generalization (Kattenborn et al.,
2021). Following this approach, the dataset is divided as follow (see table 10):

Table 10. Dataset distribution.

Dataset Year Class 1 Class 2 Total
patches patches patches
Training 2020 213 210 423
2021 270 255 525
Validation 2022 230 230 460
Testing 2023 251 242 493

For this setup, the model is trained to learn from historical patterns and the validation set helps in fine-
tuning the model’s parameters for optimal performance on unseen data. Finally, the testing dataset evaluates
the model’s ability to generalize to future scenarios(Ferchichi et al., 2024).

A CNN model is composed of several types of layers, each serving a specific function. To build a CNN
model involves choosing appropriate layers, starting with the convolutional layers, which are essential for
learning spatial hierarchies, and followed by pooling layers that help spatial dimensions. Fully connected
layers at the end process the learned features for classification (Kattenborn et al., 2021) (see Figure 9).

To effectively implement these layers, it is important to understand their roles and the activation functions

that help the model learn from data. A suitable activation function such as Rectified Linear Unit (ReLU)
introduces non-linearity, allowing the model to learn the complexity of the data during convolutional and
initial dense layers (Kattenborn et al., 2021). The last dense layer will use a softmax activation for
classification, representing the likelihood or probability of each class. For pooling layer, the network focuses
on reducing the spatial dimension of the input by downsampling the information, characterized by the
pooling size (pooling window) and the step size by which the window moves (Kattenborn et al., 2021). Fully
connected layers transform the features learned by convolutional and pooling layer into a suitable format
for making class predictions (Kattenborn et al, 2021). The last dense layer will have two neurons
representing the two phenological states.

The network’s output will be a 1D vector with class probabilities for each image, where the model classifies
based on the highest probability among classes. Key considerations include using dropout rates to prevent
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overfitting and fine-tuning model parameters to ensure accurate classification of phenological stages
(Kattenborn et al., 2021).

Designing the CNN model is an iterative process and involves the refinement of hyperparameters
(Kattenborn et al., 2021) such as:

. Type of model: sequential, layers are added sequentially.
. Number of layers: Task-dependent, number of layers can vary.
. Number of filters: Determines how many features the convolutional layer can recognize from

the input data.

. Kernel size: Specifies the size of the filter used in convolutional layers.

o Number of units or neurons per layer: Determines the dimensionality of the fully connected
layer.

. Dropout rate: Randomly ignores a fraction of units during training to prevent overfitting.

. Epochs: number of times the entire dataset is passed through the neural network during
training.

. Optimizer: A specific algorithm used to update the weights of the neural network during

training to minimize the loss function (Pannu et al., 2020).

° Batch size: number of training samples utilized in one iteration.
. Learning rate: It controls the step size or rate at which the model learns.
Convolutional Pooling Layer Fully Conected
Layer Layer
n_“ — e e Output

Feature Extraction Classification

Figure 9. CNN architecture.
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3.4, Random Forest

To provide a comparative analysis, a Random Forest (RF) classifier is implemented alongside the CNN
model. The Random Forest algorithm, known for its robustness and ability to handle high-dimensional data,
is an ensemble learning method that constructs multiple decision trees during training for classification tasks
(Li et al, 2021). The number of trees and the maximum number of nodes in each tree are critical
hyperparameters of RF models. (Li et al., 2021)

For the RF model, the dataset was structured differently compared to the CNN input. Instead of using the
180x180x3 RGB images, a set of engineered features was implemented, consisting of 10 features designed
specifically for capturing various aspects of vegetation characteristics:

o Mean RGB values (3): GCLM-based texture features detrived from the average intensity across
the red, green, and blue bands (Zhang et al., 2021).

o Variance per band (3): GCLM-based texture features that quantify the variability of pixel
intensities across the red, green, and blue bands (Zhang et al., 2021).

o Standard deviation per band (3): Texture features that complement variance by indicating the
spread of pixel intensities within each band.

. GCC (1): Green Chromatic Coordinate, a vegetation index that measures the relative greenness
of vegetation (A. Richardson, 2023).

This transformation into a 1x1x10 format aimed to capture essential statistical information about the images
while reducing the dimensionality, making it suitable for the RF model.

3.5. Performance assessment

The performance of the CNN model is evaluated during both the validation and testing phases using
accuracy as a fundamental metric, which represents the proportion of correctly classified instances out of
the total instances, for measuring the model's effectiveness in correctly classifying phenological states
(Kattenborn et al., 2021). During the validation phase, the model’s accuracy is calculated to ensure proper
learning from the training data, crucial for fine-tuning model parameters and identifying potential overfitting
or underfitting issues (Kattenborn et al., 2021). After model fine-tuning and validation, the model’s
performance is assessed using the testing dataset provide an unbiased estimate of its ability to generalize to
unseen data (Kattenborn et al., 2021).

3.51.  Other metrics

Other common metrics are applied to evaluate the models (Kattenborn et al., 2021):
e F1 Score: Mean of precision and recall.
e  Precision: Measures the accuracy of positive predictions.

e Recall: Ratio of true positive predictions to the total actual positive instances.
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3.5.2. Learning curve

The learning curve is a crucial tool for understanding the performance of the CNN model over the training
and validation phases. During the training phase, it tracks changes in the model's accuracy and loss metrics
across epochs. In the validation phase, the learning curve assesses the model's performance on unseen data
at regular intervals. Analysing the validation performance enables adjustments to the model’s architecture
and hyperparameters to enhance overall model performance and prevent overfitting (Kattenborn et al.,
2021).

The Random Forest model's performance is evaluated through accuracy metrics and learning curves (Li et
al., 2021). Accuracy is calculated during both validation and testing phases to measure the model's
effectiveness in correctly classifying phenological states. The learning curve, showing accuracy over the
number of trees is analysed to understand the model's learning dynamics and its ability to generalize. This
analysis helps in fine-tuning of hyperparameters to enhance overall performance and prevent overfitting.

4. RESULTS AND DISCUSSION

41. CNN

41.1. Model architecture

To define an optimal architecture for the CNN model, I carefully reviewed and based the design on several
studies that implemented similar architectures for image classification tasks (Kattenborn et al., 2021; Pannu
et al,, 2020). Using TensorFlow and Keras as powerful deep learning frameworks, I adopted a foundational
design of two convolutional layers with ReLU activation functions. These were followed by max pooling
layers to progressively reduce spatial dimensions and extract relevant features. Dropout layers were added
to prevent overfitting, and dense layers for the binary classification purpose.

'This architecture can be described as follows:

1. First convolutional layer: Includes 32 filters of size 3x3, applying ReL.U activation, and accepts an
input shape of 180x180x3.

2. First max pooling layer: Performs max pooling with a pool size of 2x2.

3. Second convolutional layer: Includes 64 filters of size 3x3 with ReLLU activation.
4. Second max pooling layer: Performs max pooling with a pool size of 2x2.

5. Dropout layer (25%): Introduces dropout regularization to reduce overfitting.

6. Flatten layer: Transforms the output from the convolutional layers into a vector for the fully
connected layers.

7. First dense layer (128 neurons): Fully connected layer with ReLLU activation.

8. Dropout layer (50%): Further applies dropout regularization.
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4.1.2.

9. Output layer: Final layer with 2 neurons and softmax activation for classification.

Model summary

The model is defined in a sequential mode, meaning that layers are added in sequence. Based on the model’s

architecture, Table 11 shows the output shape of the tensor after passing through each layer and the number

of parameters (weights) associated with each layer, these parameters are learned during the training process.

The model is illustrated in Figure 10.

Table 11. Model summary.

Model: "sequential”

Layer (type) Output Shape Param #
conv2d (Conv2D) (None, 178, 178, 32) 896
max_pooling2d (MaxPooling2D) (None, 89, 89, 32) 0
conv2d_1 (Conv2D) (None, 87, 87, 32) 18496
max_pooling2d_1 (MaxPoolingd2D) (None, 43, 43, 32) 0
dropout (Dropout) (None, 43, 43, 32) 0

flatten (Flatten) (None, 59168) 0

dense (Dense) (None, 128) 15147136
dropout_1 (Dropout) (None, 128) 0
dense_1 (Dense) (None, 2) 258

Total params: 15166786 (57.86 MB)
Trainable params: 15166786 (55.86 MB)
Non-trainable params: 0 (0.00 Byte)

The detailed summary offers insights into how the model processes data. This structural overview is

fundamental for understanding the model's architecture and its computational requitements during training

and predictions on new data.

64@87x87

64@43x43

32@178x178

32@89x89

1x59168

Max-Pool Convolution Max-Pool Dense

Figure 10. CNN model architecture
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41.3. Hyperparameters

The hyperparameter values play a crucial role in determining the model’s performance during training, as
previously detailed. To find the optimal model's hyperparameters, I considered several factors.

Firstly, early stopping was implemented with a patience of 10 epochs, this is a functionality provided by
Keras. This mechanism helps in preventing overfitting by terminating the training when the validation loss
stabilizes. A patience of 10 epochs means that the training process will end if there is no improvement in
the validation loss for 10 consecutive epochs, ensuring the model does not continue to train on fluctuations,
thereby avoiding premature stopping before reaching optimal performance.

The optimizer is critical in training neural networks as it adjusts the learning rate and updates the model
weights to minimize the loss function (Kattenborn et al., 2021). Initially, I used the Stochastic Gradient
Descent (SGD) optimizer, incorporating a momentum of 0.9 as implemented by Pannu et al. (2020), and
set the learning rate to 0.01 over 50 epochs. The purpose of using momentum is to accelerate SGD for
faster convergence. However, this configuration produced unsatisfactory results, with an accuracy of 0.5
and a loss of 0.693. This outcome indicated that the model was not learning effectively.

After analysing these initial results, I adjusted the optimizer to plain SGD while keeping the same learning
rate and epoch settings. This change led to a significant improvement in the model's performance, achieving
an accuracy of 0.945 and a loss of 0.122 (see Figure 11). This substantial improvement suggests that the
simpler optimization strategy allowed for more stable and effective learning in this context.

Table 12 shows the hyperparameter values during fine-tuning.

Table 12. Hyperparameter values

Hyperparameter

Optimizer SDG SGD

Learning rate 0.01 0.01

Batch size 32 32

Epochs 50 50

Early stopping patience 10 10

Momentum 0.9 -

Sample net training curve loss Sample net training curve error rate
0.71 \\ — train 0.5 7 —— train
0.6 4 \ val 1 val
\ 0.4 \
0.5 |
v A
u -
» 0.4 \ ® 03 N
8 : \
0.3+ T 02 ik
!
0.2 4
0.1 A
0.1
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Figure 11. Loss and etror cutve of the CNN model duting the training and validation phase.
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414, Intermediate results

Intermediate results are visualized to gain deeper insight into the CNN model (see Figure 12). These
visualizations include the input images with their corresponding class labels, the first convolutional layer
where low-level features like texture are captured, followed by the max-pooling layer that reduce spatial
dimensions. Subsequently, the visualization progress through the second convolutional layer, the second
max-pooling layer and finally the first dense layer.
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Input Image

Input Image

Input Image

Input Image

Input Image

True Label

True Label: [0. 1.]

True Label

True Label: [1.0.]

True Label
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Figure 12. Intermediate results for the CNN model during the testing phase.
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After going through these intermediate outputs, it is clearer how the model processes and interprets the
extracted features before making final predictions. The first convolutional layer identified fundamental
elements for distinguishing between spring green up and summer green peak. In the case of spring green
up, the layer highlighted details like branches, typical characteristic of early growth in vegetation before the
emergence of leaves. Conversely, during summer green peak, the layer emphasized the textured patterns of
rich foliage, indicative of dense vegetation. This feature extraction process effectively captured the
distinctive characteristics associated with the seasonal transition.
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Moreover, maxpooling layers play a critical role, by downsampling feature maps generated by convolutional
layers. Comparing a maxpooling layer to its preceding convolutional layer shows a noticeable the reduction
in details; for some samples this layer presents almost no discernible features. maxpooling achieves this by
smoothing out finer textures and patterns present in the convolutional layer's output, promoting spatial
invariance in subsequent layers for higher-level processing within the network. In contrast, the output
images from the second convolutional layer reveal more details compared to the preceding maxpooling
layer. Notably, the use of a colormap exposes a variety of colours, indicating that the second convolutional
layer captures a diverse range of features. This diversity highlights the layet's ability to recognize complex
patterns and textures in the input data.

Furthermore, the bar plot visualization of the dense layer reveals distinct patterns between spring green up
and summer green peak classes. For summer green peak, the bars exhibit a consistent density across the
entire series, suggesting a uniform distribution of neuron activations or weights. This consistency indicates
that the model's decision-making process for identifying summer green peak relies on a balanced
contribution from various neurons throughout the dense layer. In contrast, the bars for spring green up
appear more dispersed, with higher values observed in the middle sections of the plot. This dispersion
suggests that certain neurons in the dense layer are more active or weighted more heavily at specific points,
reflecting the features and patterns characteristic of the vegetation during the spring green up.

4.1.5. Performance assessment

41.51. Testing

The accuracy on the testing set serves as a crucial metric for evaluating the overall performance of the trained
model, as shown in Table 13. It measures the proportion of correctly classified instances among the total
instances in the testing set, providing an indication of how well the model generalizes to new, unseen data.

To gain a deeper understanding of the CNN model's performance, a confusion matrix was generated (see
Figure 13). This matrix offers a detailed overview of how test instances were classified, indicating the
classification accuracy and misclassification instances. In this context, class 0 corresponds to spring green
up, and class 1 to summer green peak. The confusion matrix allows for the examination of true positives,
true negatives, false positives, and false negatives, providing insights into specific areas where the model
may struggle.

Table 13. Loss and accuracy of the CNN model during the testing phase

Test Loss Test Accuracy
0.085 0.974
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Figure 13. CNN model confusion matrix
4.2. Random Forest

The random forest model has been implemented for comparison against the CNN model. The validation

accuracy provides insight into how well the model generalizes during the training phase, while the test
accuracy indicates its performance on unseen data.

The parameter values for the Random Forest model were selected through an iterative process aimed at
optimizing the classifiet's performance. This involved adjusting parameters such as the number of trees and
tree depths, and evaluating performance metrics, including accuracy, across both the training and validation
phases (see Figure 14). Initially, varying the number of trees and depths showed limited impact on the
model's accuracy, which remained relatively stable across different configurations (see Table 14).

Table 14. Validation accuracy with different parameters values

n_trees Max_depth Val_accuracy
50 20 0.930
25 10 0.939
20 10 0.935
20 7 0.935
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Training and Validation Curves
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Figure 14. Training and validation accuracy curve for RF classifier.

After fine-tuning the parameters, the Random Forest model was defined as follows:
1. n_estimators: twenty-five decision trees.
2. max_depth: the maximum depth of each decision tree is ten.

The model demonstrated robust performance on the test set, achieving an accuracy of 0.965, which suggests
strong generalization to unseen data. To gain a better understanding of its performance, a confusion matrix
was generated (see Figure 15). This matrix provides a detailed overview of how test instances were classified,
revealing only a few misclassifications. In this context, class 0 corresponds to spring green up, and class 1
corresponds to summer green peak.

Confusion Matrix - Random Forest Classifier

True labels

Predicted labels

Figure 15. Random Forest confusion matrix.
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Feature importance analysis was also applied to the Random Forest model (see Figure 16). It was observed
that the GCC feature holds the highest importance, with a value of approximately 0.7, indicating its
significant role in distinguishing between the phenological stages. Additionally, the green-related features,
variance, and standard deviation of the green band, ranked as the second and third most important features,
respectively. Despite their importance, their values were still below 0.1, indicating that their individual
contributions are relatively minor compared to GCC. The remaining features displayed even lower
importance values.

Random Forest Feature Importance

Var G
std G
Var R

Std B

Feature

Std R

Var B

T T
0.0 0.1 0.2 0.3 0.4 0.5 0.6
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Figure 16. Random forest feature importance.

4.3. Comparison of models

The learning curves, particularly in terms of accuracy, provide valuable insights into the training dynamics
and generalization capabilities of both models. The CNN's accuracy improves gradually at a slower rate,
indicating ongoing refinement in capturing important patterns and features for distinguishing phenological
stages. In contrast, the RF model's accuracy curve stabilizes eatly in training, demonstrating its robustness
and rapid convergence to high accuracy. The CNN's learning curve suggests deeper feature extraction and
learning capacity.

Overall, both models exhibited high performance across key evaluation metrics, highlighting their efficacy
in classifying phenological stages (see Table 15). Despite their distinct approaches, with RF relying on feature
engineering and CNN learning complex patterns, the CNN model demonstrated slightly superior
performance. It achieved marginally higher precision, indicating fewer incorrect positive predictions, and a
slightly higher 1 score, reflecting a better balance between precision and recall. Both models showed strong
recall rates and high accuracy.
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Table 15. Evaluation metrics for both models.

Evaluation metric RF CNN
Precision 0.95 0.97
Recall 0.97 0.97
RF1 0.96 0.97
Accuracy 0.96 0.97

When comparing the confusion matrices of the CNN and RF models, both demonstrate strong
performance in classifying spring green-up (class 0) and summer green peak (class 1). The CNN exhibits
superior accuracy in classifying class 1, achieving higher true positives and fewer misclassifications compared
to the RF model. In contrast, the RF model shows stronger results in classifying class 0, with fewer instances
misclassified as class 1 compared to the CNN.

A critical distinction between the models lies in their dataset structures and their implications for robustness
and generalization. The RF model operates on a simpler dataset structure of 1x1x10, where each instance is
represented by a flat vector of ten features. In contrast, the CNN model processes data in a more complex
structure of 180x180x3, where each instance is represented by a 180x180 pixel image with three color
channels. This higher-dimensional input allows the CNN to perform feature extraction, learning spatial and
spectral patterns inherent in the data. Consequently, while the RF model exhibited stability and strong
petformance with predefined features, the CNN's capacity to learn patterns and features from data suggests
it may generalize more effectively to new, unseen data, making it adaptable to different environmental
conditions and datasets.

5. CONCLUSION

This study developed a CNN model for binary classification using PhenoCam images to accurately classify
key phenological stages, providing valuable insights into the seasonal dynamics of deciduous trees. The study
contributes to phenological research by offering a robust framework for predicting vegetation phenological
stages. The answers to the research questions are addressed as follows:

Subobjective 1

To gather and ensure the quality of PhenoCam images spanning the four-year period (2020-2023) for the
study area, along with phenological data from additional resources.

Q1. How can PhenoCam images spanning the four-year period (2020-2023) be effectively gathered and
organized alongside supplementary phenological data?

PhenoCam images spanning the four-year period from 2020 to 2023 were effectively gathered and organized
alongside supplementary phenological data using a systematic approach. Initially, the data was freely
downloaded from the official PhenoCam website, where images were conveniently named based on station
identifiers and corresponding dates. Careful selection criteria were applied to ensure the dataset's quality for
subsequent processing steps. Additionally, supplementary data from PEP725, filtered based on vegetation
type, phenological phase, and proximity to the study area, was integrated to enhance the phenological
context and accuracy of the dataset.
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To assign labels to the images based on their respective phenological states.

Q2. Which approaches and additional datasets could be utilized to label PhenoCam images based on their
phenological states?

Visual inspection served as the primary method to differentiate between the two phenological states due to
its traditional and practical approach, while the threshold methods and data from PEP725 provided
additional validation and support.

The dataset was structured into training, validation, and test sets based on the years: data from 2020 and
2021 were used for training to capture historical trends in phenological patterns. Data from 2022 were set
for validation to fine-tune model parameters and optimize performance. Finally, data from 2023 were
reserved for testing the model's predictive capabilities on unseen data from the latest year.

Subobjective 2

To develop a CNN model that identifies phenological states for deciduous trees, specifically spring green-
up and summer green peak, for a four-year period (2020-2023) by classifying images into these two key
phenological states.

Q3. To what extent does the choice of architecture and parameters for the CNN model influence its ability
to identify the phenological states?

The choice of CNN architecture and parameters significantly influences the model's ability to accurately
identify phenological states. Based on a thorough literature review focusing on CNN applications in
classification tasks, the model's atchitecture was selected to emphasize feature extraction and hierarchical
learning. Fine-tuning of hyperparameters played a crucial role in developing a robust model capable of
distinguishing between spring green-up and summer green peak effectively.

Furthermore, key considerations included monitoring the learning curve to ensure optimal performance
during the training phase. Techniques such as eatly stopping were implemented to prevent overfitting, while
adjustments to the learning rate and filter configurations were made to enhance feature learning and model
convergence. These strategies contributed to the development of a CNN model with high accuracy and
generalization capability in classifying phenological states from PhenoCam images.

Subobjective 3

To assess the performance of the developed CNN model in identifying phenological states for deciduous
trees and compare it with traditional machine learning models.

Q4. How does the developed CNN model identify the phenological states for deciduous trees?

The developed CNN model employs a deep learning architecture designed to extract and learn hierarchical
features from PhenoCam images. It identified phenological states by analysing patterns and textures
captured in the images.

Q5. How does the CNN model’s performance in identifying the phenological states compare with
traditional machine learning models?
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The CNN model demonstrates high performance in identifying phenological states compared to a
traditional machine learning model (RF). The CNN model showed slightly higher performance across all
evaluated metrics. This superiority can be attributed to the CNN’s capacity for automatic feature extraction
from image data, which allows it to learn patterns and features that traditional models may struggle to capture
with engineered features alone.

5.1. Limitations

Firstly, the dataset spans only four years, limiting the understanding on how phenological stages of
deciduous trees may have evolved over a longer timeframe. Additionally, the study focused on a limited
number of PhenoCam; including more stations across a broader area with similar vegetation types could
enhance the robustness of the analysis. While PEP725 provided valuable data, its lack of availability for the
Netherlands restricted the scope of supplementary information. Furthermore, due to limited expertise in
feature engineering, the study may not have fully leveraged all potential features for the RF model. Finally,
there is a lack of studies utilizing PhenoCam images for classification tasks to use as reference.

5.2. Future work

Addressing the limitations mentioned before could open new paths for future research. Extending the
timeframe of the dataset and expanding the number of PhenoCam stations across diverse geographic
locations with similar vegetation types would enhance phenological research. Additionally, incorporating a
temporal dimension to benefit from the high-frequency images captured by PhenoCams would provide
deeper insights into the variability of phenological dynamics. Future research could also focus on exploring
ensemble methods or integrating additional environmental variables to further enhance robustness in

phenological studies.
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