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A B S T R A C T

Tree species classification using unmanned aerial vehicle (UAV) images has gained increasing
attention due to recent advancements in deep learning algorithms and UAV technology. Recent
studies have primarily focused on the use of UAV images captured during the growing seasons.
Despite the fact that winter is a critical and convenient period for forest inventory, limited stud-
ies have explored the application of winter images for species classification. By training a deep
learning model (ResNet18), we achieved an average F1-score of 0.9 for classification among
eight species using winter UAV images in a temperate forest. To enhance model interpretability,
we applied the Grad-CAM method, which generated feature maps identifying critical regions
for species classification. To examine the impact of color on species classification, we converted
RGB images to grayscale. Model accuracy on grayscale images decreased slightly (F1-score 0.86)
but it effectively learned features from canopy images. This study contributes to the field by
pioneering the use of winter images for tree species classification in temperate forests, which
provides new opportunities for year-round UAV-based forest inventory. Given winter provides
the opportunity to inventory other under-canopy features such as trunk diameter, adding the
capability of species classification with winter images could greatly improve the capacity and
efficiency of UAV-based forest inventory.

1. Introduction

Tree species classification is a critical task for forest inventory, management, and conservation. Recent advancements in remote
sensing techniques and machine learning algorithms have led to increased attention on remote sensing-based species classification
due to their effectiveness in cost and labor. Meanwhile, an increasing number of studies have focused on applying artificial
intelligence models to address various challenges with promising results, such as species classification, super-resolution, and anomaly
detection (Li et al., 2024; Cheng et al., 2023). Among these technological advances, unmanned aerial vehicles (UAVs) are becoming
popular because of the relatively low cost and high efficiency of data acquisition (Fassnacht et al., 2016). Particularly, the use
of high-resolution RGB (red, green, and blue) and hyperspectral images processed through convolutional neural networks (CNNs)
has demonstrated high accuracy among various tasks (Schiefer et al., 2020; Wang et al., 2023b). Existing studies span tropical,
subtropical, temperate, and boreal forests, mostly focusing on the use of various deep-learning models to classify tree species.
However, UAV image based species classification has predominantly relied on images acquired during the growing seasons (Allen
et al., 2023; Chen et al., 2023; Veras et al., 2022; Huang et al., 2024). Wang et al. (2023a) found that sentinel-2 hyperspectral
images performed well in subtropical forests with an accuracy of 0.88. Although one study by Schiefer et al. (2020) incorporated
winter images, it was limited to evergreen species, leaving the use of winter image for species classification unexplored in temperate
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Fig. 1. Workflow of this study. (a) UAV image collection of eight species, with example images captured during winter (collected on March 16, 2022). (b)
Label generation: the original image of white pine (left) and the raw image overlapped with hand-generated bounding boxes (right). (c) Image processing and
grayscale image generation: the original crown of white pine paired with its grayscale image. (d) Model training on eight species. (e) Grad-CAM visualization:
the original crown of white pine paired with the Grad-CAM map.

deciduous forests. As most trees drop their leaves during the winter, it provides a unique opportunity to observe the structure and
the geometry of their trunks, branches, and twigs from the UAV images, which can potentially be used for species identification.
Furthermore, winter images allow other forest inventory tasks such as tree segmentation and biometrics measurement (e.g., trunk
diameter) that would be difficult during growing season (Hao et al., 2021).

Despite these advantages, the potential for using winter UAV images for broadleaf species classification remains largely untapped.
To address the gap, this study investigates the viability of winter UAV images for tree species classification in temperate forests.
We aim to determine whether AI models can discern tree species from canopy structural details in UAV based winter images. Our
results demonstrate the potential for conducting tree species identification with winter images for temperate forests. Empowering
the potential for species identification with winter images could reshape current forest inventory practices and enhance our ability
to manage and improve temperate forest ecosystems.

2. Method

The workflow for this study consists of five main steps: UAV data acquisition with eight species, label generation through hand
digitalizing individual crowns, image processing and grayscale image generation, model training, and Grad-cam visualization to
understand model results (Fig. 1).

2.1. Data acquisition

The study area, Martell Forest, is located in Tippecanoe County, Indiana, USA. Situated in a temperate climate, Martell Forest
contains a diverse range of tree species, both deciduous and coniferous, which provide a rich variety of textures and structures,
particularly during the winter season when foliage is reduced. These characteristics make it an ideal study area for our research. We
used the DJI ZENMUSE P1 (35 mm) camera to acquire UAV images, with a flying altitude of 120 meters above the ground on March
16, 2022. The image ground sample distance (GSD) from the sensor is about 1.51 centimeters at this flight setting. Since we flew at
a fixed height, the GSD of images could vary slightly due to the variations in tree height and topography, resulting in actual GSDs of
1.51 to 2.01 centimeters. To maintain the image quality of individual trees, we used raw images instead of orthomosaic images. We
covered the area to include eight ecologically and economically important species: black cherry (Prunus serotina), American chestnut
(Castanea dentata), butternut (Juglans cinerea), black walnut (J. nigra), northern red oak (Quercus rubra), white oak (Q. alba), red
pine (Pinus resinosa), and white pine (P. strobus). Examples of eight species are displayed in Fig. 1(a).
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2.2. Label generation

With the field record of species information, we used an open-source program, Label Studio (Tkachenko et al., 2020-2022), to
label individual canopies from raw images with a bounding box on each crown. In Fig. 1(b), we display a raw image of a white
pine plantation and the image is overlaid with hand-labeling bounding boxes. Since we focus on species classification with image
features, we generate a dataset by cropping all individual crowns from the original images according to bounding box positions
for further analysis. Unlike training with orthophotos or whole raw images with many trees, we cropped crown images in each
ounding box and treated them independently without geo-location information for further analysis. After cropping, all the image
izes (i.e., number of pixels) of crowns can vary and depend on the size of the bounding boxes, and all images were resized to
24 × 224 pixels to fit the standard setting of model training. Eight example images were included in Figure Fig. 1(a) and six of the

eight species are deciduous and most of them shed leaves during the winter. Some of the deciduous trees such as white oak keep
some senescent brown leaves during the winter, especially for young trees. The two evergreen species, red pine and white pine keep
needle-shaped green leaves, with a small portion of the leaves turning yellow.

2.3. Model training

Given the popularity and simplicity of models, we chose to train ResNet18 to classify UAV winter images. ResNet18 and
its variants have been used as baseline models for various computer vision tasks and also commonly selected for tree species
classification with UAV images (He et al., 2016; Ferreira et al., 2020; Martins et al., 2021; Natesan et al., 2019; Veras et al.,
2022; Zhang et al., 2021); and therefore, we used it used to classify species with winter images. While deeper and more complex

odels (e.g., ResNet50, DenseNet (Huang et al., 2017), VisionTransformer (Alexey, 2020)) could potentially capture additional
features, they also require larger datasets and more computational resources to avoid overfitting. For this study, ResNet18 achieved
satisfactory classification performance while maintaining simplicity and efficiency. Nonetheless, it is important to acknowledge
that more complex architectures might yield incremental improvements, albeit with increased computational costs. Considering the
relatively limited amount of images in the dataset, we chose to use a pre-trained ResNet18 model based on a large dataset (He
et al., 2016), and then fine-tuned it to our study. Our dataset was divided into a training set comprising 80% (2156 images) of the
ata and a testing set including the remaining 20% (538 images). During training, we implemented image augmentation techniques,
ncluding random rotation and cropping. For testing, we used center rotation and cropping. Model training was conducted on an

NVIDIA RTX A3000 GPU, with an Intel (R) Xeon(R) Silver 4316 CPU @ 2.30 GHz. We trained the model over 100 epochs to achieve
model convergence.

2.4. Grad-cam feature map generation

To partially open the black-box nature of deep learning, and understand what features are highlighted by the model, we utilized
the Gradient-weighted Class Activation Mapping (Grad-CAM) (Selvaraju et al., 2017) method to visualize the activation layer, which
is the layer for final classification. Since we had about 539 images in our testing dataset, we randomly selected ten images from
each species in the testing dataset. With these eighty images, we used the model to first predict the species and then visualize the
feature maps from Grad-CAM. After the species prediction, we categorized the results with feature maps into two groups: the correct
group and the misclassified group (Fig. 3).

2.5. Classification of grayscale images

To understand the impact of color on species classification, we converted our dataset into grayscale and trained a model based on
rayscale images, similar to the model based on RGB images in Section 2.2 For grayscale generation, see Appendix. The architecture

of ResNet18 is designed for processing three-channel images, while the gray-scale image has one channel. To accommodate this
architecture while using grayscale images, we replicated the single grayscale channel across three bands. This method allows the
model to process the image without altering the underlying information, as each band contains the same intensity values. Replicating
the grayscale channel ensures compatibility with ResNet18 while maintaining the integrity of the grayscale data.

We predicted results on randomly selected images with the grayscale model and generated feature maps using the same
Grad-CAM method detailed in Section 2.3 but with a grayscale version (Appendix Fig. 4).

2.6. Model accuracy evaluation

The model’s accuracy was assessed using precision, recall, and F1-score metrics. Precision presents the ratio of correctly classified
positive examples to the total number of images classified as positive by the model. Recall indicates the ratio of correctly identified
positive examples to the total number of actual positive images in the dataset, effectively measuring the model’s ability to recognize
positive instances. F1-score provides a balanced measure by combining precision and recall, making it a valuable metric for
evaluating the overall effectiveness of a classification model.
3 
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Table 1
Model accuracy on winter images for species: black cherry (Prunus serotina), American chestnut (Castanea dentata), butternut (Juglans cinerea), black walnut (J.
igra), northern red oak (Quercus rubra), white oak (Q. alba), red pine (Pinus resinosa), and white pine (P. strobus). The number of images for each species for
esting is also included below. Metrics over 0.95 are highlighted with an asterisk (*), while metrics under 0.8 are shown in bold.

RGB Image Model Grayscale Image Model

Species Test Images (20% of Total) Precision Recall F1-score Precision Recall F1-score
Prunus serotina 55 0.86 0.89 0.88 0.81 0.91 0.85
Castanea dentata 16 0.80 0.50 0.62 0.75 0.56 0.64
Juglans cinerea 74 0.95 0.93 0.94 0.96* 0.88 0.92
J. nigra 157 0.91 0.94 0.92 0.91 0.96* 0.93
Quercus rubra 94 0.97* 0.97* 0.97* 0.99* 0.95 0.97*
Q. alba 20 0.90 0.95 0.93 0.85 0.85 0.85
Pinus resinosa 19 0.99* 0.99* 0.99* 1.00* 0.74 0.85
P. strobus 81 0.99* 0.99* 0.99* 0.92 0.95 0.93
Average 0.92 0.89 0.90 0.89 0.85 0.86

3. Results

3.1. Model accuracy

The model trained with the RGB dataset (RGB model) achieved an average F1-score of 0.9 ( Table 1). The classification result
varies among eight species. The model performs particularly well for northern red oak, black walnut, red pine, and white pine, with
all values of precision, recall, and F1-score over 0.95. American chestnut, however, was the only species with the aforementioned
metrics below 0.80. Upon comparing precision and recall values, we found that American chestnut exhibited low recall and high
precision values (0.5 and 0.8, respectively), indicating the model failed to identify a significant portion of the true positives and
resulted in many false negatives. In contrast, white oak displayed a slightly lower precision and a higher recall (0.9 and 0.95,
respectively), suggesting that the model was sensitive to true positives but also tended to produce more false positives. In comparison,
the model trained with grayscale images (grayscale model) achieved slightly lower accuracy with an average F1-score of 0.86 (
Table 1). Similar to the RGB model, American chestnut showed low recall and high precision values (0.75 and 0.56, respectively)
on the grayscale model. However, the grayscale model demonstrated low precision and high recall for butternut and red pine,
indicating a tendency to generate more false positives.

By analyzing the confusion matrix of the two models, we found that both models exhibited similar tendencies to overclassify
other species as black walnut and underclassify American chestnut as other species (Fig. 2 ). For example, in the RGB model, five
utternut images were misclassified as black walnut. Similarly, in the grayscale model, eight images of butternut were misclassified
s black walnut. Conversely, several images of black walnuts were misclassified as butternuts in both models, likely due to their

close phylogenetic relationships. Additionally, black cherry and American chestnut, were also misclassified as black walnuts for
both models. For white oak and northern red oak, the RGB model did not show significant confusion, possibly because the canopy
of many white oak displays hanging leaves, a feature less common in northern red oak in our dataset. In contrast, the two models
exhibited different performances when classifying white oak, red pine, and white pine. The RGB model achieved better performance
on these three species. However, without color information, the grayscale model tended to misidentify the two conifers and also
the white oaks. Five red pine images were incorrectly classified as white pines.

3.2. Grad-CAM results

To better understand the classification results with winter images, we analyzed a randomly sampled set of eighty images and
heir corresponding Grad-CAM feature in both RGB and grayscale images. The results were consistent with the model’s performance
n the test dataset. The RGB model correctly classified seventy out of the eighty images (87%). In Fig. 3, we highlighted eight
rown images, one for each species as examples, paired with their corresponding Grad-CAM feature maps. These images are from
he correctly classified group. In feature map images, the brighter color indicates that the regional features are more significant
or classification, while the darker regions are less significant. From these crown images, we can observe branches, small twigs,
nd senescent or live leaves from different species, which provide critical information for species identification. Most feature maps
ighlight the center and outskirt of the center region of crowns such as black walnut, northern red oak, and butternut. The feature
aps for white oaks effectively cover the crown region, which is characterized by senescent leaves hanging on their branches. For

white pine and red pine, the feature maps emphasize areas near the crown boundary including leaf regions.
All misclassified images, along with their corresponding feature images, are displayed in Fig. 3 with blue subtitles within the blue

box. The feature maps of these misclassified images display slightly different patterns compared to the correctly classified group.
Some feature maps highlight the center of crowns, while others focus on the edge of canopies or on the background of the images.
Closer examination of the misclassified images, particularly those of American chestnut, reveals insufficient resolution in the crown
4 
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Fig. 2. Confusion matrix tables from the RGB-based model (a) and the grayscale image-based model(b). The darker color means more images fill into the
category.

images. Moreover, American chestnuts had the fewest number of images and the lowest number of pixels among the species studied.
This limitation can be attributed to the pruning practices applied to these trees for other experimental purposes, resulting in small
tree crowns.

Comparatively, the grayscale model correctly classified sixty seven out of the eighty images (84%)(Fig. 4 in the Appendix). The
correctly classified group demonstrated similar feature maps as the RGB model. However, in contrast to those misclassified RGB
images, the feature maps of misclassified grayscale images exhibit few highlighted regions, with most of the highlighted pixels
located in the background or out of the canopy region, such as the examples of white oak and northern red oak in Fig. 4.
5 
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Fig. 3. Image examples paired with feature maps from eight species: black cherry (Prunus serotina), American chestnut (Castanea dentata), butternut (Juglans
cinerea), black walnut (J. nigra), northern red oak (Quercus rubra), white oak (Q. alba), red pine (Pinus resinosa), and white pine (P. strobus). The regions
with brighter colors are more important for the model to predict species classification. The eight images outside of the box are from the group with correct
classifications. All misclassified images are paired with feature maps with blue subtitles within the box. The ten paired images are from black cherry, American
chestnut, butternut, and white pine.

4. Discussion

In this study, we used high-resolution winter UAV images to classify tree species, achieving high accuracy among eight species
in a temperate forest. Visualizing feature maps using Grad-CAM, we gained better interpretability of our models, demonstrating that
the model can focus on critical regions, such as branches and foliage to predict species from winter images (Fig. 3). A comparison
between the RGB and grayscale image-based models indicated that color information is critical for distinguishing the trees with
6 
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leaves, but no significant difference for trees without leaves. Specifically, the confusion of the grayscale model when classifying two
conifers and some white oak images likely resulted from similar foliage characteristics in the absence of color data.

To our knowledge, this is the first study to explore the use of UAV RGB images of temperate forests collected during the
winter season. Temperate forests commonly consist of both coniferous and broadleaf species, which experience distinct phenological
changes across seasons. Due to these temporal changes in canopy characteristics, the timing of data acquisition is a critical factor for
uccessful species classification. Consequently, most research has utilized images from growing seasons with some studies enhancing
pecies classification through the use of phenological features, such as flowering and time series data of leaf flush to leaf fall (Pearse

et al., 2021; Lisein et al., 2015). Our findings highlight the application of low-cost UAV RGB images for tree species classification
and suggest the potential for expanding application scenarios for winter data acquisition.

Our experiments demonstrate the potential of using winter canopy images for tree species classification. Data acquisition for
ree structure measurement tasks, such as those conducted with LiDAR sensors and for forest inventory, is often performed during
inter in temperate forest. LiDAR technology is widely used for forest measurement tasks such as tree segmentation, detection, and
iometrics extraction. Since most LiDAR systems are equipped with a low-cost RGB camera, applying winter images could allow for a
omprehensive forest inventory in a single fieldwork session, significantly enhancing the efficiency and precision of forest inventory
ractices across various scenarios. Our finding suggests that tree species classification can be extended beyond the growing season,
roviding new opportunities for year-round monitoring.

5. Conclusion

Our study demonstrates that winter UAV images are effective for tree species classification. The visualization of feature maps
nd comparison of the RGB and grayscale models provide compelling evidence for the utility of winter UAV RGB images. These
indings have the potential to reshape current forest inventory practice and enhance our ability to better manage temperate forest
cosystems.
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Appendix

A.1. Grayscale image generation

To generate grayscale images, we utilize the Pillow library (Clark, 2015), which employs ITU-R 601-2 luma transform to computer
rayscale values according to the formula:

Grayscale Value = 0.299 × Red + 0.587 × Green + 0.114 × Blue

A.2. Appendix figures

See Fig. 4.

Data availability

Data will be made available on request.
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Fig. 4. Image examples paired with feature maps from grayscale-based model among eight species. The regions with brighter colors are more important for the
model to predict species classification. The eight images outside of the box are from the group with correct classifications. All misclassified images are paired
with feature maps with blue subtitles within the box. The thirteen paired images are from black cherry, American chestnut, butternut, white oak, northern red
oak, and red pine.
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