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 Segmentation of trees in urban settings is important for tracking vegetation 
and managing green infrastructure in urban areas. However, there are 
numerous factors that make it difficult to obtain precise results, such as 
differences in tree species, season, and environmental variables. Street-view 

imagery can provide a valuable database to be used for the detection and 
identification of trees. Unfortunately, the process of labelling images 
manually is time-consuming and inconsistent. In recent years, deep learning 
models have provided better automation and precision. However, difficulties 
in obtaining results persist due to factors such as occlusion, background, and 
changes in lighting conditions. Therefore, this paper presents an overview of 
the current trends in the use of deep learning for the detection and 
segmentation of trees. Specifically, the following aspects will be discussed 
in this work: preprocessing of images, semantic and instance segmentation, 

models based on deep learning, and transformers. This literature review also 
analyzes current datasets, evaluation measures, and applications, offering 
knowledge about existing challenges and future directions for further 
studies. The article is designed to be a source of reference for scientists and 
practitioners working on problems related to urban vegetation classification 
and computer vision. 
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1. INTRODUCTION 

Trees in urban areas play a vital role in sustainable urban development, especially in terms of air 

purification, lowering the heat in urban areas, capturing carbon, and ecological resiliency [1]. With the 

increasing trend of data-driven urban planning in recent years, there is a need for accurate detection and 

segmentation of trees in urban settings to help manage green spaces, monitor environmental changes, and 

implement climate change adaptation strategies. In the smart city concept, the use of vegetation data has 

become increasingly important in decision-making and urban planning. Specifically, it should be noted that 

street-level imagery can serve as an alternative source of vegetation data in contrast to aerial and satellite 
imagery [2]. 

Accurate segmentation is essential because it enables pixel-level delineation of individual tree 

structures, facilitating accurate canopy cover estimation, evaluation of the state of trees, species-specific 

study, and spatial distribution analysis [3]. As compared to simple detection, segmentation provides more 

specific data that is necessary for urban forestry analysis, decision-making, and its incorporation into 

https://creativecommons.org/licenses/by-sa/4.0/
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geographic information systems. The increased level of detail makes it possible to use it for advanced 

purposes like automatic inventory creation, growth tracking, and quantifying ecosystem services, thereby 

improving the overall effectiveness of urban green infrastructure management in smart city ecosystems. 

However, tree segmentation in street view images is particularly challenging. Trees of the same 

species can be very different from one another depending on the season or species; trees are occluded by 

buildings and vehicles, and there are variations in the lighting conditions [4]. In contrast to the remote 

sensing images, the street-level images contain a lot of distractions in the background and distortions due to 
the perspective, which makes it a lot more difficult to classify the image at the pixel level. Massive datasets 

from services like Google Street View (GSV) are great to support large-scale analysis of urban vegetation, 

but the background annotations are manual, and to do them on a large scale is just not practical [5]. The  

above-mentioned limitations mean that there is a need for more advanced algorithms to perform pixel 

segmentation in complex and varied urban environments. There have been notable improvements in the 

accuracy of tree detection due to the recent developments in computer vision, particularly the deep learning-

based semantic and instance segmentation models [6]. A significant segmentation performance enhancement, 

as well as increased generalization, has been observed as the field of research has moved from traditional 

techniques to convolutional neural networks (CNNs), and more recently to transformer-based architectures 

and models [7]. The introduction of the segment anything model (SAM) is a significant development in the 

field, as it has proven exceptional zero-shot generalization and segmentation customizability across a range 

of different visual tasks. With flexibility to interact with SAM using points, bounding boxes, or masks, the 
dependence on massive, manually annotated datasets is drastically reduced [8]. SAM is scalable and 

adaptable, rendering it ideal for segmentation of urban trees within complex street images, especially in smart 

city data processes, where scalable and adaptable solutions are needed. 

In spite of these kinds of developments, few studies have been done on the utilization of lightweight 

versions of SAM, such as efficient vision transformer (EfficientViT)-SAM. EfficientViT-SAM also 

possesses architectural advancements that enhance computational effectiveness and speed up inference, 

which are more appropriate in real-time and big-city applications. Nevertheless, empirical analysis and its 

application in city street-level tree segmentation have yet to be implemented [9]. This is one of the possible 

research directions to explore how to balance EfficientViT-SAM to be accurate and efficient in real-world 

urban settings, particularly in smart city systems with high performance and low computational cost. Modern 

pipelines typically combine preprocessing, model training, inference, and quantitative evaluation steps and 
are often optimized to handle large-scale data and real-time inference scenarios [10]. Recently, the trend has 

been to target more computational efficiency that facilitates its integration with smart city platforms, 

geographic information systems, and AI-based urban analytics dashboards. 

Although vegetation segmentation in remote sensing has been extensively studied [11], [12], little 

has been done to analyze the techniques used to study street-level imagery. Issues with street-view 

environments include perspective-based object occlusion of detailed tree boundaries that have not yet been 

fully addressed in aerial research. Basic models such as SAM and variants have emerged at a rapid pace since 

2022-2026. However, reviews of the application of these models to urban tree segmentation with street-level 

imagery are still lacking. This is a niche area that is not well covered in most existing studies related to 

segmentation or remote sensing. Therefore, an in-depth analysis is needed to examine trends, performance 

using the most popular datasets, and the trade-off between accuracy and efficiency in urban applications.  
A literature review will help in understanding the effectiveness of such segmentation methods on trees in 

street-level imagery. It will also consider the trade-off between yield and low computational power. The 

objective is to offer an idea of what works best in urban-scale applications. 

This paper presents a literature review of methodologies for automated tree segmentation in  

street-level imagery data. It incorporates new methods, looks at evaluation metrics and benchmarking 

practices, and discusses new trends such as transformer-based segmentation, foundational models such as 

SAM, and the potential of efficient architectures such as EfficientViT-SAM in the context of smart city 

applications. It also shows the engineering concerns that must be considered to scale such systems to  

real-world urban systems, and that tree segmentation is a critical aspect of applied computer vision for 

building smart and sustainable cities. The key highlights of this research are: i) it offers an overview of the 

advanced methods of segmentation to detect trees and extract them in street-level images and ii) it identifies 

the current limitations and recommends possible future research opportunities to enhance the techniques of 
urban tree segmentation. This is how the rest of the paper is structured. Section 2 will describe the process of 

reviewing existing research and how to classify various approaches to tree segmentation. This will aid in 

learning the methods employed. Section 3 will compare methods that consider the new research directions 

and will explain the benefits and drawbacks of each of the methods. It will also consider how these methods 

work in real-life situations. There will be a conclusion of the paper in section 4, and future directions of 

research are outlined. 
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2. METHOD 

2.1.  Systematic review framework 

This literature review presents a straightforward systematic review of the literature on urban tree 

segmentation in street-level imagery. The process of literature review includes four phases: i) literature 

search, ii) screening and eligibility evaluation, iii) extraction of data, and iv) comparative analysis. By 

following this structured approach, the review ensures a transparent, reproducible, and comprehensive 
synthesis of existing methods and their performance metrics. 

 

2.1.1. Literature search strategy 

To find as many relevant studies as possible, an extensive literature review was carried out in large 

academic databases, including Scopus, Web of Science (WoS), IEEE Xplore, ScienceDirect, and 

SpringerLink. In doing so, this study focused only on papers published between 2015 and 2025, with an 

increased focus on papers published between 2023 and 2025. The intention behind this step was to take into 

account all the recent trends concerning computer vision segmentation. The literature search was conducted 

with a set of relevant keywords, including urban tree segmentation, street view imagery, semantic 

segmentation, instance segmentation, deep learning, transformer-based segmentation, urban vegetation 

mapping, and green view index (GVI). These keywords, combined with the aid of the Boolean operators  

(AND, OR) served to reduce the search results and ensure that the studies found were very closely related to 
the scope of the research. 

 

2.1.2. Inclusion and exclusion criteria 

Inclusion-exclusion criteria were used to select the appropriate papers to be included in the literature 

review to ensure their relevance and quality. The following were the inclusion criteria: articles had to be 

published in a journal or conference, and had to be about the topic of tree or vegetation segmentation in 

street-level imagery, including that of GSV and Mapillary, and use a deep learning-based segmentation 

model or some other sophisticated segmentation method. In the exclusion criteria, they did not emphasize 

street-level images, relying only on aerial or satellite images; published the article on a site, not any 

experiment, purely theoretical research, and no measures to evaluate the performance of the model. Articles 

that were pre-printed were not normally provided unless of great significance and interest to the subject. 
 

2.2.  Comparative analysis framework 

A systematic review of the selected studies was conducted to create a systematic comparison, and a 

framework was created based on four main dimensions: preprocessing strategy, type of segmentation, model 

structure, dataset, training strategy, and evaluation measures and performance. It offers a standardized way of 

comparing and contrasting different approaches, and it is possible to compare different approaches more 

objectively despite the differences in data sources, model designs, and evaluation methods. 

Segmentation is a fundamental task in computer vision, the main goal of which is to divide an image 

into identifiable and meaningful parts. The pixels are assigned labels depending on common characteristics 

such as color, texture, or closeness [13]. There are several types of segmentation based on the degree of detail 

and the aim of isolating certain objects [14]. Semantic segmentation classifies all the pixels in an image into a 
single category but does not differentiate between different objects [15]. An example is that in a street view 

image, all of the pixels composing a tree are labeled as tree, but nothing is done to distinguish between trees. 

This form of segmentation can help comprehend the composition of the scene, such as the extent to which 

trees occupy an image [16]. Instance segmentation is extended and labels pixels by category and 

differentiates between instances of the category [17]. This approach is suitable when the objective is to count 

or track individual objects in a scene [18]. Panoptic segmentation is a hybrid of semantic and instance 

segmentation. It assigns to every pixel a class label and instance ID, distinguishing between all objects and 

also labeling the background [19]. In a street image, it would therefore label each tree and pedestrian with a 

distinct label and label the road, sky, and buildings as a background class. In this manner, you get the whole 

picture of the entire scene. 

 

2.3.  Taxonomy of segmentation approaches 
The reviewed studies sorted segmentation methods into four main categories, which are traditional 

image processing methods, CNN-based semantic segmentation, instance- and region-based segmentation, 

and transformer-based and foundation models. This classification represents the history of the evolution of 

segmentation methods with the transition to modern deep learning models. Over the last several years, the 

number of segmentation methods to be used in tree segmentation tasks has been investigated and published in 

research journals, including both classic and recent methods, such as deep learning-based approaches. These 

methods are broadly divided into categories, as shown in Figure 1. 
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Figure 1. Image segmentation techniques 

 

 

2.3.1. Traditional segmentation 
Classical image processing methodologies, which focus on dividing an image into semantically 

coherent regions by using low-level visual features like color, intensity, texture, and edges without deep 

learning models, are referred to as traditional segmentation. Some of the common algorithms in this 

paradigm include thresholding, clustering, edge detection, region growing, and watershed algorithms [20]. 

These methods rely on manually written rules or set filters to specify object edges or homogeneous regions 

that can be very parameter-sensitive to be optimized to fit a specific dataset or imaging environment. 

Although the traditional methods of segmentation may be reasonable in small or simplified cases, they are 

not as strong in dealing with complex scenes that have illumination variation, scale, as well as partial 
obscuration, particularly when contrasted with the contemporary deep learning-based segmentation 

techniques [21]. 

 

2.3.2. Convolutional neural networks-based semantic segmentation 

Deep labelling version 3 (DeepLabV3) and DeepLabV3+ are deep learning models that are used in 

semantic segmentation tasks [22]. DeepLabV3 applies atrous (dilated) convolutions to obtain context 

information of different scales without loss of spatial resolution. It also features an atrous spatial pyramid 

pooling (ASPP) module in order to retrieve features in various receptive fields [23]. DeepLabV3+ extends 

this by adding a decoder module that focuses on the segmentation results, especially at the points of object 

edges, resulting in more accurate results. The encoder can be built on backbones like residual network 

(ResNet) or extreme inception (Xception), which can enable the network to learn rich semantic features [24]. 
This, along with other factors, makes DeepLabV3+ particularly effective in situations of intricate 

segmentation of scenes with great fine details.  

Pyramid scene parsing network (PSPNet) is a semantic segmentation network in deep learning, 

which is useful in acquiring both local and global context information [25]. The core of the model is the 

pyramid pooling module (PPM) that gathers the contextual features of various sizes: 1 × 1, 2 × 2, 3 × 3, and  

6 × 6 regions, and concatenates the features with the original feature map [26]. This enables the network to 

make sense of the overall arrangement of the scene and remember small details. PSPNet typically uses a 

powerful backbone like ResNet to extract features as well as to work on complex segmentation with 

hierarchical world contexts and pixel-level forecasts [27].  

Fully convolutional networks (FCNs) represent a novel approach to semantic segmentation that 

proposes a semantic architecture of end-to-end pixel-based classification [28]. Unlike conventional CNNs, 

FCNs lack fully connected layers and use only convolutional layers, with the ability to accept inputs of 
arbitrary dimensions and generate outputs that are spatially dense [29]. The backbones (visual geometry 

group (VGG) or ResNet) do feature extraction and are followed by learned upsampling (deconvolution) 

layers that successively reintroduce spatial resolution. FCNs make use of skip connections to combine  

fine-grained spatial information obtained in earlier network layers with high-level semantic information 

obtained in later layers [30] to achieve better localization. This mixture of multi-level information was a 

change of direction in the history of fully trainable, dense prediction architectures. 

Segmentation network (SegNet) is a convolutional encoder-decoder network that was trained to do 

semantic segmentation [31]. Its encoder is usually founded on a hierarchical classification network, such as 

VGG, that obtains hierarchical feature representations with the help of convolution and pooling  
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algorithms [32]. The unique characteristic of SegNet is a decoder design that repurposes the max-pooling 

indices of the encoder in non-linear upsampling. This approach helps to preserve spatial accuracy in the 

process of reconstructing the segmentation map, which leads to better boundary delineation and fewer 

trainable parameters than architectures that use solely learned upsampling. The last layer generates  

pixel-level predictions of classes that enable SegNet to be useful in tasks that involve accurate segmentation 

with comparatively low-energy computations [33]. 
The multi-vision image segmentation and coordinate fusion (MISF) architecture primarily 

comprises two main stages, which are image segmentation and coordinate fusion for tree size attribute 

calculation. It begins by capturing images of a standing tree from multiple perspectives using a camera setup 

that often involves three binocular subsystems. Deep learning-based semantic segmentation methods such as 

SEMD are then used to accurately delineate the main body of the tree from the background and automatically 

identify key edge feature points in these segmented images [34]. Finally, the information from these 

segmented multi-view images is subjected to coordinate fusion, allowing for the reconstruction of the tree's 

3D spatial data and the automatic calculation of its height, diameter at breast height (DBH), and crown width. 

The dual-encoder model with a graph reasoning decoder block is an image segmentation 

architecture that utilizes two specialized encoders, which are a basic encoder with VGG blocks and ASPP for 

multi-scale semantic and contextual features, and an edge encoder with directional convolutions for detailed 

structural information of elongated objects. The innovative graph reasoning decoder block applied in the final 
decoding stage addresses discontinuous or blurry edges by first fusing features with attention, then projecting 

them onto a graph performing relational reasoning with graph convolution networks (GCNs) to infer 

connections between object parts, and finally reprojecting the refined graph features back into a coherent 

segmentation map [35]. 

 

2.3.3. Instance and region-based segmentation 

YOLO-Seg is an extension of you only look once object detector to real-time segmentation [36]. 

The architecture incorporates the functionality of segmentation into the YOLO system by including a decoder 

module that generates pixel-level segmentation masks in addition to the standard bounding box outputs [37]. 

YOLO-Seg ensures high inference rates by relying on the high-speed and efficient feature extraction 

backbone of YOLO, and can detect objects jointly and fine-granularly [38]. 
The powerful deep learning architecture, mask region-based convolutional neural network  

(Mask R-CNN), is a faster region-based convolutional neural network (Faster R-CNN) variation with an 

additional branch for pixel-wise instance segmentation. It uses a backbone network, which is usually ResNet, 

to extract features hierarchically and a region proposal network (RPN) to generate region candidates in the 

form of bounding boxes [39]. The model in both of the proposed regions performs three functions at once: 

classification of object categories, fine-tuning of bounding box coordinates, and a high-resolution binary 

mask with the assistance of a small fully convolutional subnet [40]. This auxiliary mask prediction head 

enables precise object boundaries, and thus Mask R-CNN is most suitable in areas that require accurate 

detection in addition to fine geometric details about instances. 

 

2.3.4. Transformer-based and foundation models 
One of the main components in transformer-based segmentation models is self-attention that 

facilitates the extraction of global contextual dependencies in images [41]. Such models as vision transformer 

(ViT) divide images into patches and encode them as sequences of tokens to overcome the local receptive 

field limitations of CNNs, that enable them to comprehend images as a whole in terms of both semantics and 

space [42]. The rich and context-aware features are extracted by a transformer encoder and sent to a special 

decoder to generate pixel-level segmentation masks. A good example of this approach is SAM, a three-part 

decoupled architecture intended to be a high-performance and real-time segmentation model. Its core is a 

powerful image encoder that is based on a ViT pre-trained with masked autoencoders (MAE) techniques that 

encode high-resolution images into a small embedding that can be stored in memory to be reused in the 

future. This embedding is then paired with a prompt encoder, which projects sparse inputs, like points, 

bounding boxes, or text, into a common feature space. Lastly, there is a lightweight mask decoder that uses a 

two-way cross-attention to combine the image and prompt data. To cope with the ambiguity of a single point, 
the decoder is specially created to provide multiple valid masks at the same time to effectively represent the 

hierarchy between the sub-parts and the entire object [43]. 

Masked-attention mask-former (Mask2Former) is a state-of-the-art segmentation framework that 

combines instance, semantic segmentation, and panoptic segmentation into a single framework [44]. It is 

based on the transformer-based MaskFormer architecture by having a set-based global loss and masked 

attention to directly predict a fixed set of segmentation masks and their corresponding class labels. It is based 

on a powerful backbone, such as ResNet or Swin Transformer, to extract features, and its transformer 
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decoder part trains on learnable queries to produce mask embeddings [45]. This single architecture makes it 

easier to train and infer, and to perform well on a variety of segmentation tasks. 

Although there is a vast selection of deep learning-based segmentation models that have 

successfully been used to address tree segmentation tasks, the majority of current research is centered on 

traditional CNN models, instance segmentation models like Mask R-CNN and YOLO-Seg, or more recently, 

transformer-based models such as SAM and Mask2Former. Although such methods have proven to be very 

effective in terms of segmentation accuracy (SA) and generalization, they can be computationally complex 
and have high processing demands. Variants that are efficient, e.g., EfficientViT-SAM, have proven to be a 

promising direction as they combine the powerful generalization properties of foundation models with 

lightweight and computationally efficient designs. Nevertheless, recent research indicates that little has been 

done regarding the use of EfficientViT-SAM in the distinct task of tree segmentation, especially with  

street-level images. It lacks the specific research on its effectiveness, trade-offs between robustness and 

efficiency compared with existing methods. It underscores an important research gap and encourages further 

investigation of EfficientViT-SAM to perform the urban tree segmentation task, particularly in the context of 

a situation that must be highly accurate and operate in real-time and within the framework of a smart city. 

 

2.4.  Dataset and training analysis 

The field of teaching a machine learning or deep learning model to correctly classify every pixel in 

an image is called data training, where patterns in a set of annotated training data are learned. This is usually 
a dataset consisting of image and ground truth mask pairs, with each pixel classified by its category, such as 

road, tree, and building [46]. Popular semantic segmentation training datasets consist of ADE20K, 

Cityscapes, and Mapillary Vistas, commonly used in activities like computing the GVI in cities [47]. In the 

meantime, datasets such as Jekyll dataset are specifically created to segment individual trees, thus making it 

appropriate to perform fine-grained analysis of vegetation [48]. 

 

2.4.1. Cityscapes 

The Cityscapes dataset is a leading standard in semantic urban scene perception, providing a wide 

range of 5,000 high-resolution images of streets in 50 European cities. Developed initially by German 

scientists, it aids in studying urban environments in a precise manner by recording them consistently. Since 

the image, along with precise labels on 30 types of objects, is provided, the analysis of green spaces becomes 
extremely accurate. Rather than mere buildings or walking paths, there are plants and land surfaces in the 

spring, summer, and fall months. This seasonal distribution makes it more useful in forming models to divide 

visual information into significant sections. Due to clear labeling work, investigators may subdivide large 

groups, such as vegetation, into smaller groups, such as bushes or forest stands. This detail provides avenues 

into a greater understanding of the distribution of plants in urban regions [49]. 

 

2.4.2. ADE20K 

The ADE20K dataset is a rich source of semantic knowledge, with more than 27,000 pictures that 

cover a variety of indoor and outdoor settings, such as cityscapes. It is highly effective in measuring GVI and 

also analyzing the quality of the landscapes by offering various landscape subclasses, including trees,  

grass, and rivers, with pixel-level annotations of 150 different semantic categories, which makes it highly 
effective [50]. The dataset is also the foundation of the MIT scene parsing benchmark (SceneParse150) that 

offers an established platform to train and test complex scene parsing algorithms. Because of the presence of 

object- and part-level segmentation, models that have been trained using ADE20K can be post-processed to 

isolate certain green objects or other elements of the environment, allowing detailed and advanced landscape 

architecture analysis in a variety of settings. 

 

2.4.3. Mapillary Vistas 

The Mapillary Vistas dataset is a massive and varied dataset of 25,000 high-resolution street-level 

shots that is intended to enhance knowledge about urban environments, self-driving, and smart city design. 

The dataset is unique in its worldwide view and represents imagery of six continents taken in diverse 

seasonal, weather, and lighting conditions. It has a high-density and fine-grained annotation of 66 object 

classes with specific polygons, and instance-specific labelling of 37 classes [51]. The detail it provides 
renders it a crucial work towards the creation of strong computer vision models that can maneuver and 

analyze various complicated real-world scenarios. 

 

2.4.4. Jekyll dataset 

The Jekyll dataset is a large collection of urban tree data, which is a collection of over 3,000 high 

resolution RGB images of trees taken using mobile devices in ten cities in China. The dataset includes 
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images taken in each of the four seasons, spring, summer, autumn, and winter, in order to capture seasonal 

variation, and is systematically divided into separate subsets to support a variety of applications in computer 

vision. These subdivisions are a stem genera subset that composed 7,675 images annotated with 28 species, a 

tree segmentation subset that consists of 3,949 images annotated with pixel-level binary masks, and a stem 

segmentation subset where the delineation of individual stems is done using LabelMe software [52]. The 

dataset can be used to develop domain-specific models that can identify trees with high precision and map 
urban forests with high fidelity due to its genus-level taxonomic labeling and polygon-based annotation. 

A comparative study of commonly used datasets in tree segmentation is provided in Table 1. Unlike 

general urban scene datasets, i.e., Cityscapes, ADE20K, and Mapillary Vistas, the Jekyll dataset is better 

suited to single tree segmentation due to its specialized creation and high-resolution annotations. Though the 

aforementioned datasets provide pixel-level semantic labels that include general categories like vegetation, 

terrain, and landscape features, the categories are aggregations of plant life, thus failing to distinguish 

between individual trees and other vegetative features. They therefore suit more applications like  

GVI computation, which focuses on measuring total visible green cover, as opposed to determining 

individual tree occurrences.  

In comparison, the Jekyll dataset is directly adapted to urban tree analysis and offers granular binary 

masks and polygon-based annotations that can precisely describe discrete parts of trees, such as both canopy 

and trunk structures. Its species-level data and multi-seasonal imagery also increase its potential to perform 
fine-grained analysis, e.g., tree-level segmentation, structural evaluation, and species identification. 

Consequently, the Jekyll dataset is a better starting point to formulate and test models that can be used to 

segment individual trees with high precision. The other datasets, on the other hand, are more suited to general 

vegetation mapping and GVI-based activities. 

 

 

Table 1. Comparison of tree segmentation datasets 
Dataset No. of 

images 

Scene type Annotation 

type 

No. of classes Tree-specific 

detail 

Suitable 

application 

Key strengths 

Cityscapes 5,000 Urban street 

(Europe) 

Pixel-level 

(fine and 

coarse) 

30 Low 

(vegetation 

grouped) 

GVI, urban 

segmentation 

High-quality 

annotations, 

consistent 

conditions, 

benchmark 

dataset 

ADE20K 27,000 Indoor and 

outdoor 

scenes 

Pixel-level + 

part-level 

150 Moderate 

(includes tree 

class) 

GVI, scene 

parsing, 

landscape 

analysis 

Large diversity, 

rich semantic 

categories, 

detailed 

annotations 

Mapillary 

Vistas 

25,000 Global 

street-level 

Polygon-

based + 

instance labels 

66 (37 instance-

level) 

Moderate GVI, urban 

analytics, 

autonomous 

driving 

Global diversity, 

varied 

conditions, fine-

grained 

annotations 

Jekyll 

dataset 

3, 949 Urban tree-

focused 

Pixel-wise 

masks + 

polygon 

(LabelMe) 

28 Species High 

(individual 

trees, trunks) 

Individual tree 

segmentation, 

species 

analysis 

Tree-specific 

design, multi-

seasonal data 

 

 

2.5.  Evaluation metrics analysis 

The evaluation stage refers to the process of measuring the accuracy of a segmentation model by 

comparing the segmentation masks it predicts to the ground truth labels [53]. This comparison enables the 

measurement of how accurately the model classifies each pixel into its respective class, thereby providing an 

objective assessment of segmentation quality. This is done with quantitative measures of the quality of  

pixel-wise classification. 

 

2.5.1. Intersection over union 
The intersection over union (IoU) is a performance measure that is widely utilized in image 

segmentation and object detection. It measures how well data is predicted by the ratio of the area overlap 

between the predicted segmentation mask and ground truth mask [54], expressed as (1), where TP is the 

number of pixels correctly predicted to be part of the object, FP is the number of pixels incorrectly predicted 

to be part of the object but background, and FN is the number of pixels that are correctly part of the object 

but are predicted as background. 
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𝐼𝑜𝑈 =
𝑇𝑃

(𝑇𝑃+𝐹𝑃+𝐹𝑁)
 (1) 

 

2.5.2. Mean absolute error 

Mean absolute error (MAE) is an analysis measure that is used to calculate the mean of absolute 

differences between the estimated values and the real ground truth ones [55]. In image segmentation, MAE is 

often used in regression-based segmentation tasks or when evaluating continuous-valued outputs, such as 

saliency maps, depth maps, or vegetation indices like the GVI [56], as calculated in (2), where 𝑦𝑖 is the 

ground truth value for a pixel, ŷ𝑖 refers to the predicted value for a pixel, and 𝑛 is the total number of pixels. 

 

𝑀𝐴𝐸 =
1

𝑁
∑ |𝑦𝑖 − ŷ𝑖|

𝑛
𝑛=1  (2) 

 

2.5.3. Segmentation accuracy, over-segmentation rate, and under-segmentation rate 
SA quantifies how well the algorithm correctly identifies and delineates objects compared to a 

perfect ground-truth segmentation as calculated in (3). Meanwhile, the over-segmentation rate (OR) indicates 

when a single, true object is incorrectly split into multiple smaller segments, and the under-segmentation rate 

(UR) refers to instances where several distinct objects are wrongly merged into a single segment [57], as 

calculated in (4) and (5), respectively. 

 

SA = 1 −
|𝑅𝑠 − 𝑇𝑠|

𝑅𝑠
× 100% (3) 

 

𝑂𝑅 =
𝑂𝑠

𝑅𝑠+𝑂𝑠
 (4) 

 

𝑈𝑅 =
𝑈𝑠

𝑅𝑠+𝑂𝑠
 (5) 

 

Where 𝑅𝑠 is the ground truth, 𝑇𝑠 is the area segmented, |𝑅𝑠– 𝑇𝑠| is the number of pixels that were incorrectly 

segmented, 𝑂𝑠 is the number of pixels that were wrongly included in the segmentation result but should not 

have been, and 𝑈𝑠 is the number of pixels that were incorrectly excluded from the segmentation result but 

should have been included. 

 

2.5.4. Green view index 

GVI is an environmental metric that measures the visible proportion of greener vegetation, 

especially trees, shrubs, and grasses, in street-level imagery [58]. Also used extensively in urban studies, 

environmental analysis, and city planning, GVI assesses the perceptible vegetation in urban settings from a 

pedestrian perspective, as established by (6), where the green pixels are the image segmentation of parts of 
the image that are plants, such as trees or grass. Whereas, the total pixels refer to the number of pixels in the 

street-level image, excluding sky and distant background, given the approach taken. 

 

𝐺𝑉𝐼 =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐺𝑟𝑒𝑒𝑛 𝑃𝑖𝑥𝑒𝑙𝑠

𝑇𝑜𝑡𝑎𝑙 𝑃𝑖𝑥𝑒𝑙𝑠
× 100% (6) 

 
Based on the evaluation metrics presented, the IoU proves to be more effective in individual tree 

segmentation, where it measures the extent of spatial agreement between the predicted and reference masks 

by comparing pixels between the estimated and reference masks. Whereas continuity or proportional 
vegetation data is better captured by MAE and GVI, the sensitivity needed in alignment of boundaries to 

accommodate complex urban canopy shapes and occlusions is offered by the IoU. Although measures, 

including SA, OR, and UR, provide clues on the errors in particular categories, including fragmentation or 

merging, they do not provide the balance of a holistic IoU that simultaneously takes into consideration 

missed areas and false positives to guarantee proper object-level localization. 

 
 

3. RESULTS AND DISCUSSION 

Recent studies have demonstrated substantial progress in tree segmentation techniques that leverage 

street-view imagery. The majority of this research has concentrated on estimating the GVI as a means of 

quantifying urban greenery from a pedestrian-level perspective. In contrast, relatively fewer studies  

have specifically addressed the more challenging task of segmenting individual trees within such imagery. 
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Table 2 provides a concise summary of the key methodological developments and representative works in 

both research directions. 

 

 

Table 2. Overview of segmentation techniques for urban tree detection from street-level imagery 
Author Model/method Dataset Performance Limitation 

Aikoh  

et al. [59] 

DeepLab (vs. manual 

Photoshop) 

Cityscapes 

and ImageNet 

High correlation with manual 

GVI (r = 0.97, 0.95); fast 

processing (~51s vs 30 min); 

and strong agreement with 

GSV (r = 0.966) 

Sensitive to viewpoint 

differences, seasonal 

variation, and image 

resolution 

Xia et al. [60] DeepLabV3+ Cityscapes Higher mIoU (78.37%), 

lower RMSE (2.75%), and 

faster (0.29 s) than PSPNet 

Affected by seasonal 

variation, sampling 

distance, and lack of 

time-series data 

Ki and Lee [61] FCN8s (TensorFlow) Cityscapes Accuracy = 0.8456; effective 

for large-scale GVI; captures 

3D greenery; and links to 

walking behavior 

Segmentation errors, 

temporal 

inconsistency in GSV, 

and missing 

environmental 

variables 

Sánchez and Labib [62] Mask2Former 

(Transformer-based) 

COCO, 

Cityscapes, 

ADE20K, and 

Mapillary 

Vistas 

mIoU: 57.4% (small), 59.0% 

(medium/large) and scalable 

global analysis 

Image availability, 

quality variability, 

seasonal/climate 

differences, and NDVI 

mismatch 

Yang et al. [63] YOLO-SegNet (YOLOv8 

+ SegFormer) 

Dataset Jekyll mIoU = 92.0%; pixel 

accuracy = 95.9%; and strong 

across species 

Average metrics may 

not reflect species-

specific performance 

Lumnitz et al. [64] Mask R-CNN + depth + 

triangulation 

COCO and 

COCO Stuff 

>70% detection and location 

error = 4–6 m 

Errors in occlusion, 

overlapping trees, 

small/shadowed 

objects; and limited 

training diversity 

Mo et al. [34] MISF (SEMD + multi-

vision + SURF) 

Private dataset Errors = 1.89% (height), 

2.42% (DBH), and 3.15% 

(crown width) 

Sensitive to occlusion 

and camera calibration 

errors 

Zhou et al. [35] Dual-encoder + graph 

reasoning decoder 

Dataset Jekyll +4.3% mIoU and +5.7%  

F-score improvement 

Reduced performance 

for distant tree 

branches 

Yang et al. [65] Adaptive mean shifting + 

image abstraction 

None >92% segmentation accuracy Performance drops for 

distant trees and 

complex environments 

Tilki et al. [66] Grounded SAM 

(Grounding DINO + SAM) 

SA-1B IoU ≈ 0.50 for trees; multi-

task detection + segmentation 

Difficulty in complex 

urban vegetation 

segmentation 

 

 

3.1.  Studies on green view index estimation 

A number of studies have used deep learning-based semantic segmentation to predict the GVI using 

street-level images. Aikoh et al. [59] compared the calculation of GVI manually in Adobe Photoshop with an 

automated method based on DeepLab and found extremely high correlations, which gives reason to believe 

that deep learning can give an approximation of manual results. Other models like PSPNet, SegNet, and  

FCN-8s have been reported to have similarly high correlations. Despite the fact that some cases of minor 

misclassification were observed, like that of reflections, shadows, or man-made objects, the effect was 

minimal. The automated method proved to be far more efficient and was in good agreement with GSV data. 
However, other factors could affect accuracy, like divergent opinions, season, and image resolution; 

therefore, more validation is needed in comparison to human perceptual standards. 

Xia et al. [60] showed how DeepLabV3+ is effective at semantic segregation of street-level imagery 

to evaluate urban greenery and calculate the GVI. Testing on the Cityscapes dataset showed that 

DeepLabV3+ outperforms PSPNet. Based on these results, the current research proposes a pedestrian visible 

green view index (PVGVI) framework, which uses panoramic street view and high-precision semantic 

segmentation to better represent urban greenery as seen from a pedestrian viewpoint, thus addressing the 

overestimation that comes with traditional GVI frameworks. The framework allows scalable and automated 

analysis through a connection to a street view API that allows cross-city comparison and allows higher-order 

applications. Although these benefits are present, several shortcomings still exist, such as less reliability of 

segmentation in different seasonal conditions, reliance on the density of sampling intervals, and limited 
access to longitudinal street view images. 
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The greenery at the street level has proven to have an influence on the pattern of human behavior. 

The FCN-8s model is used in the framework of the TensorFlow system by Ki and Lee [61], which uses 

semantic segmentation of GSV to extract vegetative components and calculate the GVI. The Cityscapes 

dataset was used to train the model. The findings indicate that GVI is a more polished and  

perceptionally-driven city vegetation index than traditional ones. The study also reveals that the association 

between green spaces and walking is mediated by the green space assessment method, which, according to 

GVI, is more strongly associated with utilitarian walking as opposed to closeness to parks. It should be 
mentioned that socioeconomic disparities are reflected in the fact that the lower-income groups are more 

susceptible to GVI. These results emphasize the necessity to implement street-level green infrastructure, 

particularly in disadvantaged areas, and to take into account methodological constraints such as  

potential misclassification of pictures by segmentation, time delays of GSV data, and the lack of crucial 

environmental variables. 

Transformer-based models have also been enhanced as well, and semantic segmentation is more 

precise regarding the analysis of urban green space. Sánchez and Labib [62] applied Mask2Former to project 

Mapillary street-level imagery to map GVI at the global level, which showed excellent results in 

heterogeneous cities. Riding on this advancement, the current study uses open-access Mapillary data to 

correspond to FAIR principles that ensure findability, accessibility, interoperability, and reusability, and 

foster reproducible research, suggesting a geographically flexible and scalable framework of GVI 

computation. Unlike traditional top-down remote sensing models, this model models vertically oriented, 
human-perceived vegetation and combines GVI with the normalized difference vegetation index (NDVI) to 

bridge the data gaps. The transparency of the methodology is given priority, which is especially important in 

the case of underrepresented urban settings. However, constraints exist, such as uneven spatial coverage of 

imagery, image quality variability as a result of crowd-sourced collection, and temporal variability through 

seasonal and climatic variations. Moreover, although NDVI integration aids in data imputation, it can create 

inaccuracies since it has an aerial vantage point and does not match ground-level measurements, which 

highlights the necessity of further methodological development and empirical verification. 

 

3.2.  Studies on individual tree segmentation 

Although there are many studies that have focused on approximating vegetation cover, there is a 

dearth of research studies that have focused their attention on the recognition of individual trees using  
street-level images. Yang et al. [63] introduced a hybrid architecture, YOLO-SegNet, based on the use of 

YOLOv8, which detects objects, and segmentation transformer (SegFormer), which segments semantically, 

with a promising mIoU and mean pixel accuracy, which is a significant example of strong performance in the 

isolation of individual trees in an urban environment. Though such aggregate measures are indicative of good 

overall segmentation potential, they can mask differences in model effectiveness in tree species. This 

research paper builds on this analysis by providing a species-based experiment on validation and test set 

results on segmentation, showing that YOLO-SegNet can achieve higher IoU scores on a variety of taxa of 

street trees than other models. 

Lumnitz et al. [64] apply the Mask R-CNN to detect and segment single trees in GSV and Mapillary 

images. The investigation of 296 failure cases reveals that most misclassifications occur in the presence of 

dense trees, overlapping trees, or those that are in shadow or are in leaf-off phases, mainly because of the 
lack of coverage in the training data. These results highlight the difficulties that exist in separating 

amorphous, visually unstructured objects. Nevertheless, this can be overcome through combining various 

street-level viewpoints by providing complementary views on obscured buildings. Also, false positives, 

especially hedges, and false negatives in underrepresented categories specifically affect predictions with 

small segmentation masks, showing the need to use heterogeneous training sets and multi-view images to 

improve the detection performance. 

The MISF framework proposed by Mo et al. [34] is focused on the estimation of structural 

parameters of standing trees based on the principle of multi-view image segmentation and integration of 

spatial coordinates. MISF uses the SEMD deep learning model of multi-scale feature fusion to increase edge 

preservation and better feature point localization. The three-view camera measurements of tree height, DBH, 

and crown width give low relative errors. The important developments of MISF are improved accuracy of 

measurements, multi-view image processing with a better speeded-up robust features (SURF) matching 
algorithm, and they have proven effectiveness in real-life contexts. To achieve a more continuous branching 

structure in segmented outputs, Zhou et al. [35] introduced a dual-encoder model with a graph reasoning 

decoder block. The result of this approach is an increase in mIoU and F-score over previous models, but the 

performance decreases in distal branches at further distances from the imaging source. 

At the same time, classical methods of segmentation are still under study. Yang et al. [65] 

introduced a technique combining adaptive mean shifting with image abstraction to separate trees in the 
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complex background with a high SA. This shows that the traditional image processing schemes may be used 

even when the conditions are under control. However, the performance is poorer when target trees are far-off, 

or placed in very complex environments. On the same note, Tilki et al. [66] adopted the grounded SAM, 

which combines grounding DINO and the SAM to allow joint object detection and segmentation in  

street-level images. The approach yields variable scores in the IoU of object categories, indicating the 

continuing challenges in the accurate definition of vegetative objects in crowded urban environments. 

 
3.3.  Discussion 

Based on the presented studies, it is possible to distinguish a clear trend concerning the evolution of 

methods for assessing urban greenery, namely, the transition from manual to automatic procedures using a 

deep learning approach. When comparing the accuracy of manual techniques, represented by the example of 

Adobe Photoshop, with machine learning models such as DeepLab, the obtained correlations are very high. It 

allows stating that not only does semantic segmentation prove its efficiency compared to human perception, 

but it also significantly increases the speed of the process. In this way, the possibility of making GVI 

assessments at a large scale becomes possible, which would be impossible under purely manual conditions. 
The effectiveness of different models, including PSPNet, SegNet, and FCN-8s, highlights the importance of 

model design in terms of providing a good balance. 

The trend that becomes very clear in the literature is the increasing focus on human-centric indices 

and the utilization of big data. GSV and Mapillary provide efficient ways to estimate GVI on a city or 

worldwide level using automated pipeline approaches. At the same time, more advanced indices, such as 

PVGVI, signify the transition to assessment of vegetation from a pedestrian perspective instead of focusing 

solely on coverage-based indices. Yet, regardless of all advances in the sphere, the issue of data variations, 

including changes in viewpoint, seasonality, or low-quality images, still influences the quality of 

segmentation outcomes. 

The development of transformers and foundation models such as Mask2Former and Grounded SAM 

has introduced an extra layer into the potential of segmentation in cities. While there is evidence of better 

performance across different datasets with regard to these models, the performance of these models in the 
case of vegetation classes highlights the difficulty of segmenting occluded and overlapping objects in the 

scene. Moreover, studies on tree segmentation using individuals indicate a transition from metrics that focus 

on the area towards object-based assessments. Hybrid methods, as represented by YOLO-SegNet, which is a 

combination of YOLOv8 and SegFormer, have shown impressive results, highlighting the success of 

merging detection and segmentation algorithms. Furthermore, instance segmentation approaches, including 

Mask R-CNN, are capable of detecting tree objects with high precision when combined with depth 

estimation. However, some difficulties still exist when processing densely packed or hidden areas, where the 

model may merge multiple trees into one object or miss small tree objects. 

Recent approaches that combine segmentation techniques with geometry analysis methods like 

MISF have shown high promise for determining various tree parameters, including height, diameter, and 

crown width. Yet, there are certain issues related to their effectiveness that need further investigation. First, 
their ability to detect tree parameters is highly dependent on factors such as varying conditions at the street 

level, such as the quality of images, seasons, and lighting, as well as a lack of appropriate datasets. Second, 

the dependence on images acquired from only one sensor can be an issue for future research. Therefore, 

future research must focus on creating more robust models resistant to variations in conditions, utilizing 

multimodal information, namely combining street-level imagery with aerial/satellite imagery, and developing 

instance-level segmentation algorithms. 

 

 
4. CONCLUSION 

This literature review is a synthesis of the recent developments in the field of automated tree 

segmentation in street-level imagery to detect salient trends in the methodological procedures, datasets used, 

and architectural innovation. From the reviews, general-purpose benchmarks like Cityscapes and ADE20K 

are often utilized to perform semantic segmentation tasks, but domain-specific datasets like Jekyll are more 

often used in research focused on delineating trees on a case-by-case basis. According to the modeling 

perspective, deep learning architectures are the most prevalent, with DeepLabV3+ being the most popular, 

and then PSPNet and FCN. Traditional, non-learning-based segmentation approaches have found little use in 

the modern context of research because they are less effective in addressing the challenges of urban visual 

scenes like variability in illumination, scale differences, and partial occlusions. One such methodological 

improvement highlighted in this study is the combined use of EfficientViT-SAM, which alleviates the 

computational overhead that is common with foundation models. This methodology has zero-shot 

generalization properties akin to Efficient-SAM, but with significantly reduced hardware requirements, 
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allowing high- throughput processing to be adopted in real-world urban monitoring systems. The main 

contribution of this work is the development of a scalable computation model that balances high-fidelity 

segmentation with the functional limits of smart city infrastructure. The results reveal that transformer-based 

models can be optimized systematically to attain a desirable trade-off between the accuracy of segmentation 

and the cost-effectiveness of computation, which provides a feasible resolution to large-scale monitoring of 

urban forests. This ability enables a proper delineation of individual tree canopies in even highly populated 

urban environments to aid in evidence-based decision-making in urban planning and the strategic 
improvement of metropolitan green infrastructure. 
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