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Vegetation plays a vital role in regulating air quality and mitigating climate
change by converting carbon dioxide into oxygen. However, ongoing human
activity continues to degrade vegetation ecosystems, necessitating scalable and
accurate monitoring methods. Traditional field-based statistical approaches are
often costly and inefficient. This study proposes a deep learning model, dilated
residual U-Net, for semantic segmentation of vegetation from drone-acquired
aerial imagery. The model incorporates residual connections to reduce infor-
mation loss and dilated convolutions to enhance receptive field coverage with-
out increasing computational cost. Experiments conducted on the DroneDeploy
Segmentation dataset demonstrate that the proposed model achieves a Dice co-
efficient of 0.4451 with an inference speed of 0.0675 seconds per image, outper-
forming baseline U-Net and Residual U-Net models. These results highlight the
potential of lightweight, CNN-based architectures for environmental monitoring

in resource-constrained settings.
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1. INTRODUCTION

Vegetation plays an important role in preventing air pollution, as it converts carbon into oxygen, which
is crucial for humans [1]-[5]. The amount of carbon dioxide is a major problem for humans, as carbon dioxide
gas causes global warming [6], [7]. Despite the benefits provided by vegetation, the vegetation ecosystem is
often destroyed by humans for certain purposes [8]. This damage phenomenon is usually studied by forestry
experts to minimize vegetation damage [9]. Direct field studies can be costly and time-consuming, therefore
remote sensing techniques can be applied as an alternative to minimize costs and time in studying vegetation
damage phenomena [[10], [L1]. One of the most commonly used remote sensing techniques for vegetation de-
tection is the normalized difference vegetation index (NDVI), which analyzes vegetation greenness and health
from satellite imagery, using red and near-infrared light reflectance [12]. However, this technique cannot dis-
tinguish between trees, grass, and shrubs. NDVI requires near infrared (NIR), which is sometimes difficult to
obtain [13]-[15].

Therefore, a better method than NDVI is needed for vegetation detection. With the massive develop-
ment of technology, vegetation detection can be done using artificial intelligence, with semantic segmentation
being the most commonly used example. Semantic segmentation is one of the tasks in computer vision that
aims to label or classify each pixel in an image [[16]. Semantic segmentation in remote sensing images is
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very useful, particularly for monitoring in the field of agriculture to increase productivity and environmental
protection. Thus, semantic segmentation can be used to divide regions in an image [[17], [18].

Convolutional neural networks (CNNs) have become the state-of-the-art approach in computer vision
tasks, including semantic segmentation. One early CNN-based method for segmentation is the fully con-
volutional network (FCN), which, despite its effectiveness, is computationally expensive and suffers from
prolonged inference times. U-Net, originally developed for biomedical image segmentation, offers improved
performance but presents challenges such as training instability due to its depth and a tendency toward vanish-
ing gradients [16]], [19]], [20]]. For these reasons, a study by [21] proposed incorporating residual connections
into both the encoder and decoder paths of U-Net, thus enhancing gradient flow and preserving contextual in-
formation. A similar approach was also done by [22], who improved the Dice coefficient from 0.772 to 0.808
in nasopharyngeal cancer segmentation by integrating residual mechanisms.

Meanwhile, a study by [16] introduced dilated convolution blocks into the LinkNet architecture for
aerial image segmentation, achieving an accuracy score of 86.1%. The use of dilated convolutions has also
proven effective in biomedical applications, where [23|] demonstrated improvements over classical U-Net by
2% to 14% across five different medical imaging modalities. These studies highlight the individual strengths
of residual and dilated components for semantic segmentation tasks.

Drawing on these insights, we propose a novel architecture called dilated residual U-Net, which in-
tegrates both residual connections and dilated convolution blocks within the standard U-Net architecture. The
residual connections aid in mitigating information loss and vanishing gradients, while the dilated convolu-
tions expand the receptive field without increasing the kernel size or computational cost [24], [25]. In con-
trast to prior studies that introduce residual connections or dilated convolutions as independent architectural
enhancements [16], [22]-[24] this work integrates both mechanisms within a single U-Net architecture and
evaluates their combined effect on vegetation segmentation from RGB drone imagery. Unlike approaches that
rely on multispectral data or vegetation indices, the proposed model operates solely on RGB inputs and targets
resource-constrained deployment scenarios. This positioning allows a direct assessment of how architectural
refinements alone can improve segmentation robustness under realistic data limitations.

The rest of this paper is organized as follows. Section 2 provides related works from previous studies.
Section 3 details our proposed method. Section 4 discusses our experiment result. Section 5 concludes our

paper.

2. RELATED WORKS

U-Net is a CNN that was originally developed for medical image segmentation. Its architecture is
based on the FCN, but it is specifically modified to perform well with limited training data while maintaining
high segmentation accuracy. The U-Net structure resembles a U’ shape and consists of two main parts: the
contracting path, which is famously known as the encoder, and the expansive path, which is famously known
as the decoder. The contracting path follows a typical CNN architecture, with multiple convolutional layers,
ReLU activation functions, and max pooling layers. This path progressively reduces spatial dimensions while
capturing increasingly abstract feature representations. Conversely, the expansive path reconstructs the spatial
resolution of the input image through a sequence of up-convolution (transposed convolution) and concatenation
with corresponding feature maps from the contracting path. This combination of high-resolution spatial features
and learned abstract features allows the network to localize more precisely. Instead of pooling operations, the
expansive path uses upsampling layers to restore resolution, enabling the network to propagate contextual
information to finer-grained output layers and ultimately achieve more accurate segmentation results [26]].

The application of U-Net in tree segmentation conducted by [27] has demonstrated U-Net’s ability to
detect the presence or absence of trees in an image. It is claimed that U-Net can absorb strong visual information
from the local and spatial structures of high-resolution images. The U-Net used in their study employed a basic
U-Net architecture with validation using Monte Carlo. In the process of splitting the dataset into training and
testing data, repeated resplitting was performed to produce prediction results with accuracy within an interval.

Aerial imagery datasets generally contain a lot of information in each image. Information loss can be a
problem in semantic segmentation with datasets that are rich in information. To address the issue of information
loss, a study by [16] introduced dilated blocks to the LinkNet architecture with a ResNet50 backbone. The
dilated block is implemented at the bottleneck of LinkNet. The purpose of adding the dilated block is to
enlarge the receptive fields of a kernel without needing to increase the size of the kernel [16], [28], [29]. The
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architecture of the dilated block, which is an element-wise addition of various convolution layers with different
dilation rates.

Zhang et al. [21] focused on road extraction from aerial images. They have it that the U-Net has
a weakness, which is information loss in the U-Net layers. To minimize this issue, they proposed a new
approach by adding residual connections to the U-Net architecture. The residual connection aims to minimize
information loss and reduce the number of parameters in the model. They concluded that their proposed model
was able to achieve better segmentation results.

3.  PROPOSED METHOD

This study proposes an enhanced semantic segmentation model derived from the U-Net architecture,
aimed at addressing common limitations associated with deep convolutional networks. An overview of the
architectures and their detailed building blocks is illustrated in Figure 1. While U-Net has demonstrated strong
performance in various segmentation tasks, its high number of layers often leads to information loss as spa-
tial features are progressively downsampled, as shown in Figure 1(a). For this reason, we integrate residual
connections into each convolutional block within both the encoder and decoder, as shown in Figure 1(b). The
full layout of the proposed architecture is illustrated in Figure 1(c). Each convolutional block is based on the
convRelu structure, whose detailed blocks are presented in Figure 1(d). These residual connections enable
the preservation of critical low-level features by allowing gradient flow across non-adjacent layers, as illus-
trated in Figure 1(e), thus alleviating the vanishing gradient problem commonly encountered in deep networks
[30]-[34]. To further improve efficiency without compromising segmentation accuracy, a dilated convolutional
block was employed in the bottleneck block of the network. Dilated convolutions allow for a larger receptive
field without increasing the number of parameters or computational cost, thus enabling the model to capture
contextual information while preserving fine spatial details [35]. The integration of the dilated bottleneck block
is illustrated in Figure 1(f).
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Figure 1. Overview of the architectures and their building blocks: (a) the architecture of U-Net,
(b) residual U-Net, (c) and dilated residual U-Net, (d) the detailed blocks of convRelu,
(e) residual connection, and (f) dilated

To evaluate the effectiveness of the proposed model, a comparative experiment was conducted against
two baseline architectures, namely the standard U-Net and a residual U-Net. All models were trained and tested
using the publicly available DroneDeploy segmentation dataset, which comprises 38 high-resolution aerial
images with a spatial resolution of 10 cm/pixel. The primary focus of this study was vegetation detection, and
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thus, the dataset was preprocessed to include only two classes, vegetation and non-vegetation (a combination of
all other classes). From the total dataset, 21 images were used for training, 5 for validation, and 12 for testing.
Given the limited amount of data, data augmentation techniques were applied to improve the generalization
capability of the models. Specifically, each training image was augmented through horizontal flipping and
rotation by 53 degrees, resulting in a more diverse training set. Due to the very high spatial resolution, each
image was subdivided into multiple 304 x 304 segments. This resulted in 4,238 training instances and 801
validation instances. Applying the same subdivision strategy, the 12 test images correspond to approximately
2,172 testing instances.

Model training was conducted using the Adam optimizer with an initial learning rate of 0.001 to
minimize the binary cross-entropy loss function. The training process spanned 50 epochs, with a batch size of
12. To enhance convergence and prevent stagnation in poor local minima, a learning rate scheduling strategy
was employed using ReduceLROnPlateau, with a patience of 2 epochs and a decay factor of 0.5. This adaptive
learning rate adjustment ensured continued improvement in model performance during training by lowering
the learning rate when validation loss plateaued.

4. RESULTS AND DISCUSSION

To assess the performance of the proposed model, this study employed three evaluation metrics, the
dice coefficient, intersection over union (IoU), and inference time (measured in seconds). The dice coefficient is
a widely used similarity measure for evaluating the overlap between predicted segmentation masks and ground
truth labels. A higher dice score indicates a greater degree of spatial correspondence, reflecting more accurate
segmentation. This metric is particularly effective in binary segmentation tasks where class imbalance may be
significant. In addition to the dice coefficient, computational efficiency was quantified through measurement of
the inference speed, defined as the time required for the model to generate predictions for a given input image.
The comparative performance of U-Net, dilated U-Net, residual U-Net, and the proposed dilated residual U-Net
is provided in Table ??.

Table 1. Experimental results

Method Dice IoU Inference Speed
Dilated residual U-Net (proposed)  0.4451+£0.0307  0.2863 + 0.0284 0.0675
Dilated U-Net 0.4316 +0.0305  0.2752 4+ 0.028 0.0535
Residual U-Net [18] 0.4262 +0.0359  0.2708 4 0.028 0.0713
U-Net [23] 0.4127 £ 0.0305  0.2600 £ 0.0276 0.0484

It can be inferred that the dilated residual U-Net demonstrates superior segmentation accuracy, achiev-
ing the highest dice coefficient among all tested models. This improvement can be attributed to the combined
effect of residual connections, which preserve multi-scale contextual features, and dilated convolutions, which
expand the receptive field. However, this increase in performance comes with a trade-off. The inclusion of
additional modules, specifically, residual blocks and dilated convolution layers, leads to a higher number of
parameters relative to the standard U-Net architecture. As a result, the inference speed of the dilated resid-
ual U-Net is slightly slower than that of the U-Net. Nonetheless, when compared to the residual U-Net, which
shares similar structural complexity but lacks the efficiency of dilated operations in the bottleneck, the proposed
model achieves a faster inference time.

Despite the overall effectiveness of the models, several challenges were observed during the evalua-
tion, particularly related to class imbalance and annotation inconsistencies in the dataset. All models have a
tendency to misclassify grassy or bushy areas adjacent to vegetation regions. This behavior can be attributed to
the imbalanced class distribution in the training data, where the vegetation class is underrepresented compared
to non-vegetation. Such an imbalance limits the model’s capability to generalize vegetation features, especially
in ambiguous or transitional regions. A representative example of this issue is presented in Figure [2| which
highlights the difficulty of correctly classifying the grass in a football field. In the ground truth as shown in
Figures 2(a)-(f), the grass in the field is labeled as non-vegetation, despite its visual similarity to typical vege-
tation, particularly in terms of green color intensity and texture. This variance poses a challenge for the model,
which tends to associate green-colored areas with vegetation, leading to over-segmentation in regions that are
contextually ambiguous.
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(a)

Figure 2. Predictions result of various methods: (a) input image, (b) ground truth, (c) U-Net,
(d) dilated U-Net, (e) residual U-Net, and (f) dilated residual U-Net

In addition to class imbalance, the dataset also contains labeling errors in the ground truth masks,
which further complicates model training and evaluation, as shown in Figure 3. For instance, in some test
images, clearly visible trees in the input image are excluded from the vegetation class in the ground truth
labels, as illustrated in Figure 3(a) and 3(b). The results produced by the U-Net, dilated U-Net, and residual
U-Net are presented in Figures 3(c)-3(e), respectively. Despite these limitations, the proposed dilated residual
U-Net demonstrates a notable ability to correctly infer the presence of vegetation in mislabeled regions, as
shown in Figure 3(f).

Although the evaluation metrics may appear modest, they should be interpreted in the context of
the dataset characteristics and task definition. The DroneDeploy segmentation dataset exhibits substantial class
imbalance, ambiguous visual boundaries between vegetation and non-vegetation, and inconsistencies in ground
truth annotations, all of which inherently limit achievable overlap-based metrics. Similar challenges have been
reported in prior RGB-based vegetation and land-cover segmentation studies, where dice scores below 0.5 are
common when fine-grained vegetation boundaries and noisy labels are present [13]. Within this constrained
setting, the proposed dilated residual U-Net consistently outperforms all baseline architectures, indicating that
the observed improvement reflects a meaningful relative gain.

®

Figure 3. Predictions result of various methods with missing ground truth: (a) input image, (b) ground truth,
(c) U-Net, (d) dilated U-Net, (e) residual U-Net, and (f) dilated residual U-Net

(b) () (d)

5. CONCLUSION

In this study, we proposed a novel deep learning architecture, namely dilated residual U-Net, which
integrates residual connections and dilated convolutions into the U-Net framework to enhance semantic seg-
mentation performance for vegetation detection. The residual connections help mitigate information loss by
preserving low-level features across layers, while the dilated convolutions allow the model to capture wider
contextual information without increasing the number of parameters excessively. Experimental results showed
that this architecture achieved a higher dice coefficient score than standard U-Net, dilated U-Net, and residual
U-Net, though at the cost of a modest increase in inference time due to the added module. Despite some incon-
sistencies in the ground truth annotations, such as unlabeled vegetation areas, the proposed model successfully
identified these regions, demonstrating strong generalization capabilities. However, challenges remain in distin-
guishing grassy or bushy areas from true vegetation, primarily due to class imbalance and the limited semantic
cues in RGB imagery.
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Future work may focus on exploring class-rebalancing techniques and advanced loss functions, and
incorporating auxiliary data such as elevation maps or multispectral imagery to improve semantic segmenta-
tion capability. Additionally, evaluating the model’s performance across diverse environments and integrating
domain adaptation methods could enhance its robustness for real world application.

Overall, this study demonstrates that modifying a U-Net architecture with both residual connections
and dilated convolutions yields consistent segmentation gains for vegetation detection in high-resolution drone
imagery, even under imperfect annotations and limited training data. While absolute performance remains
constrained by dataset ambiguity and class imbalance, the proposed dilated residual U-Net offers a practical
accuracy—efficiency trade-off, making it suitable for real-world vegetation monitoring scenarios where compu-
tational resources and annotation quality are limited.
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