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Abstract

Urban image classification is a challenging task due to factors such as occlusions, diverse
appearances, and ambiguous visual contexts. This paper addresses these challenges by
consolidating and discussing methodologies focused on tree-powerline interactions, a crit-
ical problem for urban safety and infrastructure planning. Using state-of-the-art Deep
Learning Networks (DLNs), prior studies evaluated performance on a curated dataset
of 11,000 labeled street-level images collected and annotated with the INvestigate and
Analyze a CITY (INACITY) platform and the Street-Level Image Labeler (SLIL) tool.
These evaluations revealed significant limitations in baseline models, with a maximum
accuracy of 74.6% on this dataset. To address these limitations, earlier work introduced
a “Challenging” class and applied semi-supervised learning techniques, including the
Noisy Student protocol and Focal Loss, achieving recall rates of 83.7% for positive cases
and 78.8% for negative cases. Dimensionality reduction using the Self-Supervised Neural
Projection (SSNP) method was explored for clustering and visualization tasks, while the
Supervised Decision Boundary Maps (SDBM) technique improved classifier interpretabil-
ity by addressing scalability and clarity in decision boundary visualizations. This paper
consolidates these contributions, presenting an integrated narrative that highlights tools,
datasets, and methodologies for advancing urban image classification. These efforts pro-
vide scalable, interpretable, and accurate solutions for urban safety and infrastructure
management challenges.
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1 Introduction

Urban image classification presents significant challenges due to the complexity of street-level imagery, where
diverse elements such as buildings, vehicles, trees, and powerlines often overlap or occlude each other. Addi-
tional factors, such as varying environmental conditions and camera perspectives, exacerbate these difficul-
ties, making automated analysis a demanding task. These challenges are particularly evident in detecting
tree-powerline interactions, a critical issue for urban safety and infrastructure management. Mismanagement
of these interactions can result in hazards such as electrical outages, fires, or accidents, necessitating accurate
and efficient detection methods.

This paper synthesizes contributions from previous works, integrating advancements in dataset creation,
learning methodologies, dimensionality reduction, and classifier interpretability. Specifically, we evaluate
the performance of state-of-the-art Deep Learning Networks (DLNs) on a curated dataset of 11,000 labeled
images, focusing on tree-powerline scenarios [Il [2]. To support this, we developed tools like the INvestigate
and Analyze a CITY (INACITY) platform [3, 4] and the Street-Level Image Labeler (SLIL) [B], which
streamline image collection and annotation processes, enabling the creation of high-quality datasets for
urban analysis.
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Baseline evaluations revealed that existing DLNs struggle with ambiguities and complexities in urban
imagery, achieving a maximum accuracy of 74.6% [1I]. To address these limitations, we introduced a “Chal-
lenging” class and applied advanced learning techniques, including the Noisy Student protocol and Focal
Loss, achieving significant performance improvements [2]. Furthermore, we explored dimensionality reduction
with the Self-Supervised Network Projection (SSNP) method for enhanced data visualization and cluster-
ing [6] and proposed the Supervised Decision Boundary Maps (SDBM) [7] technique to improve classifier
interpretability.

By integrating these innovations and building on prior work, this study provides a robust framework
for addressing the complexities of urban image classification, offering scalable and accurate methods with
practical applications in urban safety and planning.

2 Review

This section examines existing research on the collection, classification, and analysis of urban street-level
images, with an emphasis on applications related to greenery, trees, and powerlines. It explores methodologies
and tools developed for these tasks, highlights their achievements, and identifies persistent challenges, such
as handling complex urban scenes, interpreting ambiguous visual contexts, and addressing hard-to-classify
instances.

Collecting and Analyzing Urban Images Urban studies [8, 9] have been facilitated since 2009 with
Google Street View [I0], which offers a collection of street-level urban images from locations across every
continent. Additionally, Geo-located Imagery Databases (GIDs) such as KartaView [II] and Mappilary
Vistas [12] provide similar services by turning urban image collection into a distributed, crowd-sourced effort
by citizens. These initiatives, aligned with the principles of citizen science [13] [T4], are both cost-effective
and accessible, making the process of gathering data for urban studies more scalable.

While these GIDs enable large-scale urban studies, they often lack domain-specific annotations critical for
detecting and analyzing specific elements, such as trees interacting with powerlines. Moreover, these GIDs
do not fully address challenges inherent to street-level imagery, including occlusions, lighting conditions, and
diverse camera perspectives.

Analysis of Urban Images The application of Deep Learning [I5, [16] to urban imagery has driven
advancements in Computer Vision tasks, for instance, object detection and scene classification. Wegner et
al. [I7] proposed a Convolutional Neural Network (CNN) [I8] to detect and classify urban objects using
both aerial and street-level imagery from Google Street View, showing that the fusion of these modalities
yields better results than using either alone. Urban elements such as greenery [19], tree cover [20], shade
provision [21], and even concepts like graffiti [22] can be quantified through a combination of Computer
Vision heuristics and deep learning networks (DLNs) [19, 20, 211, 22].

Among the many elements captured in urban imagery, trees present unique challenges due to their
different species, colors, shapes, etc. In the problem of interest here, trees pose even hard challenges because
their interactions with power lines, which can cause electrical hazards, wildfires, and blackouts [23] 24 [25]
20, 27]. Managing vegetation to prevent such issues is crucial but must be done carefully to avoid negative
consequences like spreading diseases or reducing shade, which can draw public criticism [28]. Monitoring
these interactions often requires specialized indicators and substantial resources, which limits scalability [29]
30, 311 [32].

Using street-level imagery has significant advantages for analyzing tree-powerline interactions, particu-
larly in urban settings, compared to aerial views for they are usually obstructed by dense canopies. Studies
using Google Street View have demonstrated its potential for assessing urban vegetation [20], cataloging tree
species [33], and estimating metrics like the Green View Index [20]. However, variability in tree appearances,
coupled with ambiguities in visual contexts (e.g., distinguishing whether powerlines intersect or pass behind
tree canopies), continues to challenge classification methods.

Gaps in Existing Approaches Despite advancements in urban image analysis, significant challenges re-
main. Existing tools and datasets lack the granularity and domain-specific annotations required for detecting
complex interactions, such as trees entangled with powerlines. Most approaches struggle to address the vari-
ability and ambiguity inherent in urban scenes, particularly for hard-to-classify instances. Additionally, few
studies propose frameworks to handle challenging images, such as defining a separate class for these cases
or leveraging semi-supervised learning to enhance model performance. These gaps underscore the need for
a robust methodology that can improve accuracy and interpretability in complex urban scenarios.
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3 Methods and tools

In this section, we describe the tools and methods employed for urban image classification, with a focus on
addressing tree-powerline interactions. Our contributions include the creation of datasets, enhancements to
annotation and data collection tools, and techniques for improving model performance and interpretability.
These efforts aim to tackle the unique challenges of urban imagery, including occlusions, varying perspectives,
class imbalance, and ambiguous visual contexts.

3.1 Tools and methods for Urban Image Collection and Labeling

The INvestigate and Analyze a CITY (INACITY) platform [3] is a software tool for integrating
urban data and analyzing together with street-level images. Extended during this research, the platform
now supports a graph-oriented database to improve the performance and coverage of image collections from
Google Street View. This enhancement enables more comprehensive analysis and facilitates the extraction
of geospatial and image data from predefined regions of interest, contributing to a scalable, efficient workflow
for urban studies. It is beyond the scope of this paper to enter into the details about the architecture of the
platform. The details can be found in the original paper [3].

The Street-Level Image Labeler (SLIL) [56] was developed to facilitate the annotation process of
urban images. Unlike generic tools, SLIL is tailored for the specific challenges of street-level imagery. It
offers features such as direct visualization of image geolocation and simplified annotation interfaces, reducing
the effort required for labeling large datasets. SLIL also supports other image domains, making it a versatile
tool for various machine-learning tasks.

The curated datasets have overall 50,000 images collected with the INACITY platform, where we labeled
11,000 of them with the SLIL tool, focusing on tree-powerline interactions. These are from Sao Paulo and
Porto Alegre cities in Brazil, and encompass diverse urban environments. The dataset balances scenarios
with and without tree-wire interactions, and diverse urban infrastructure backgrounds [T} 2].

To address the ambiguity and complexity of certain images (e.g., distinguishing whether powerlines
intersect or pass behind tree canopies), in the paper “Locating Urban Trees near Electric Wires” [2], we
introduced a new “Challenging” class label. This class was incorporated into a semi-supervised learning
setup using the Noisy Student protocol [34] and Focal Loss [35], which effectively handled the class imbalance
and improved recall rates for both positive and negative cases. Together, these methods enhanced model
performance on challenging data while maintaining generalization on simpler cases.

3.2 Advances in Dimensionality Reduction

Dimensionality reduction (DR) plays a critical role in understanding and addressing classification challenges
in high-dimensional datasets. By projecting data into lower-dimensional spaces, DR techniques facilitate
clustering, visualization, and exploration, offering valuable insights into underlying patterns and structures.
For classification tasks, DR can improve model interpretability by highlighting separability between classes
and uncovering relationships that might otherwise remain obscured in high-dimensional spaces.

The Self-Supervised Neural Projection (SSNP) [36] stands out among DR methods for its unique com-
bination of desirable properties: scalability, stability, support for out-of-sample data, inverse mapping capa-
bilities, and clustering effectiveness. Recognizing its potential for handling complex datasets, we conducted
a detailed analysis to optimize SSNP’s application and provide practical guidelines for its effective use [37].

Our study systematically examined the influence of various hyperparameters, including:

1. Clustering Methods: The impact of clustering algorithms such as K-means [38], DBSCAN [39], and
Agglomerative Clustering [40] on pseudo-label generation.

2. Neural Network Configurations: Exploration of activation functions, regularization techniques,
and weight initialization methods to optimize network performance.

3. Projection Quality Metrics: Metrics like trustworthiness, continuity, and neighborhood hit were
used to evaluate and compare the output of SSNP with traditional DR methods like t-SNE, UMAP,
and autoencoders.

Our analysis demonstrates that SSNP have competitive projection quality, particularly in separating
clusters visually and preserving data structures in reduced dimensions. These findings advance the practical
use of SSNP for tasks such as clustering, data exploration, and visualization in high-dimensional data spaces.
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Supervised Decision Boundary Maps (SDBM) [41] improves the interpretability of classifiers. SDBM
addresses the limitations of Decision Boundary Maps (DBM) [42], including scalability and multi-class com-
plexity. Key features include:

1. GPU-accelerated supervised projections: Enables fast and fine-grained boundary visualization.
2. Generic applicability: Works with any single-output classifier.
3. Improved interpretability: Produces smoother, artifact-free maps.

Our follow-up study [6] demonstrates the stability of SDBM under dataset perturbations, such as noise
or variations in training data. This robustness ensures the reliability of SDBM for analyzing real-world
classifiers.

4 Experimental Results

In this section, we present the experimental setup and results for evaluating our proposed methods and
tools. These experiments validate the effectiveness of our approaches in improving the classification of urban
street-level images, particularly those involving challenging scenarios such as tree-powerline interactions.

4.1 Baseline DLN Performance on Urban Images

We evaluated the performance of state-of-the-art Deep Learning Networks (DLNs), including VGG16 [43],
MobileNets [44], [45], ResNets [46], DenseNets [47], and EfficientNets [48], on a dataset of 11,000 labeled
images collected via the INACITY platform and annotated with the SLIL tool. The dataset includes images
from Sao Paulo and Porto Alegre, Brazil, with labels identifying tree-powerline intersections.

The highest accuracy achieved by plain DLNs was 74.6%, highlighting the difficulty of classifying ur-
ban scenes characterized by occlusions, varying environmental conditions, and ambiguous visual contexts.
Figure [1| illustrates a GradCAM++ visualization [49], showing relevant regions for the DLN classification
of an image of a tree canopy intersecting powerlines. These experiments emphasize the need for advanced
techniques to handle challenging urban images. We refer the interested reader to our paper “Detecting tree
and wire entanglements with deep learning” [I] for more details.

Figure 1: (Left) Image of a tree with branches and leaves in contact with overhead powerlines. (Right) The
corresponding Grad-CAM++ image, showing (in red) that the whole extension of the wires passing through
the tree canopy has been identified and relevant for classifying this image (as a true positive) by the DLN
used.

4.2 Addressing Challenging Images with Semi-Supervised Learning

To improve performance on challenging images, in our paper “Locating Urban Trees near Electric Wires using
Google Street View Photos: A New Dataset and A Semi-Supervised Learning Approach in the Wild” [2], we
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introduced a new “Challenging” class and applied the Noisy Student training protocol [34] with the Focal
Loss cost function [35]. Using a semi-supervised learning setup, we combined 11,000 labeled images with
40,000 pseudo-labeled images generated during the training process. This approach significantly enhanced
recall rates. Positive class recall improved from 66.5% to 83.7%. Negative class recall improved from
63.7% to 78.8%. Our findings revealed that excluding challenging images from training datasets improved
generalization performance for all tested DLN architectures except VGG16, which achieved a significantly
lower accuracy of 57.28% under this setup, compared to 73.63%. Before removing these images, DenseNet121
achieved an accuracy of 84.49%, which increased to 88.54% after their exclusion, highlighting the benefits of
this approach. For a detailed analysis of these results, please refer to Appendix B of the thesis [50].

4.3 Dimensionality Reduction with SSNP

We evaluated the Self-Supervised Network Projection (SSNP) method [37] for dimensionality reduction
(DR) across synthetic and real-world datasets to analyze its scalability, stability, and projection quality.
These experiments systematically explored the effects of hyperparameter configurations and pseudo-labeling
strategies, focusing on the quality of projections and the preservation of data structures in reduced spaces.

The evaluation involved datasets with varying complexity, using clustering algorithms such as K-means,
DBSCAN, and Agglomerative Clustering to generate pseudo-labels. Metrics like trustworthiness, continuity,
and neighborhood preservation were employed to assess how well SSNP retained meaningful relationships in
the reduced data. Results demonstrated that SSNP maintained scalability with linear complexity, allowing
efficient processing of large datasets while producing high-quality projections. The method exhibited stabil-
ity across different clustering algorithms and hyperparameter configurations, showing minimal variations in
projection quality under changes such as initialization or the number of clusters. Additionally, SSNP sup-
ported out-of-sample projections effectively, preserving neighborhood relationships when unseen data were
incorporated without requiring retraining.

Our analysis suggests that the pseudo-label quality is very important for training SSNP. Among the
clustering methods tested, K-means provided the most consistent and interpretable projections. Fine-tuning
hyperparameters, including the number of clusters and network depth, further enhanced projection quality,
as reflected in trustworthiness and continuity metrics. Compared to methods like PCA and autoencoders,
SSNP consistently delivered better neighborhood preservation while maintaining computational efficiency.

4.4 Improving Classifier Interpretability with SDBM

The Supervised Decision Boundary Maps (SDBM) method [4I] was developed to address the limitations of
traditional Decision Boundary Maps (DBM), such as poor scalability and difficulty interpreting multi-class
problems.

We conducted experiments using SDBM on diverse datasets, including MNIST [51]], Fashion-MNIST [52],
and UCI HAR [53], to evaluate its effectiveness. The results demonstrate that SDBM offers significant
advantages:

e Improved interpretability: SDBM produces decision boundary maps that are smoother and easier
to interpret than those generated by traditional DBM methods. This clarity is particularly important
in understanding classification tasks with overlapping or complex decision zones.

e Enhanced computational efficiency: Leveraging GPU-accelerated supervised projections, SDBM
can generate fine-grained maps in seconds, addressing the scalability issues of DBM.

e General applicability: SDBM is compatible with a variety of classifiers, making it a versatile tool
for analyzing decision boundaries across different machine learning models.

Further analysis in “Stability Analysis of Supervised Decision Boundary Maps” [6] explored the robustness
of SDBM under real-world conditions, including dataset perturbations such as noise and variations in training
data. The results showed that SDBM maintains stable and consistent decision boundaries despite these
changes, a property that is essential for practical applications in dynamic or noisy environments. This
stability, combined with its interpretability and efficiency, makes SDBM particularly suited for analyzing
machine learning classifiers in urban imagery and other complex scenarios.

The ability of SDBM to visualize decision boundaries not only aids in understanding the internal work-
ings of classifiers but also provides insights into model performance and behavior, highlighting areas for
improvement or refinement. Its utility in real-world applications underscores its value as a reliable tool for
advancing classifier interpretability.
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5 Conclusion

This study presents advances in urban image classification by addressing the complexities of urban scenes,
such as occlusions, diverse perspectives, and ambiguous contexts. We enhanced the INACITY platform by
integrating to it a graph-oriented database for scalable image collection, and developed the SLIL tool, which
facilitates annotation processes and enables the creation of high-quality datasets. There tools make it easier
to create a comprehensive dataset of 11,000 labeled images, and other 40,000 unlabeled ones, focusing on
tree-powerline interactions.

Our evaluation of state-of-the-art Deep Learning Networks (DLNs) highlighted their limitations, with
baseline models achieving a maximum accuracy of 74.6%. To overcome these challenges, we introduced a
“Challenging” class and applied semi-supervised learning techniques, such as the Noisy Student protocol
and Focal Loss, significantly improving recall rates for positive and negative classes. These methods proved
effective in handling ambiguous and complex cases, demonstrating their robustness in real-world scenarios.

Additionally, we explored dimensionality reduction with the Self-Supervised Network Projection (SSNP)
method, optimizing its application through hyperparameter tuning and clustering strategies. This improved
the quality of projections while maintaining scalability and stability. To further enhance model interpretabil-
ity, we proposed the Supervised Decision Boundary Maps (SDBM) technique, which addresses scalability
and clarity issues in traditional methods. SDBM provides stable and efficient visualizations of decision
boundaries, enabling deeper insights into classifier behavior.

By integrating these contributions, this work provides a framework for advancing urban image classifica-
tion. The tools and methodologies developed are versatile and adaptable, offering solutions for a wide range
of challenges in urban planning, infrastructure management, and environmental monitoring. As cities con-
tinue to grow, the approaches outlined in this study will support more accurate, scalable, and interpretable
analyses of urban environments.
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