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Mapping Urban Visual Pollution at Global
Scale Using Street-View Imagery and Deep
Learning
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Abstract

Visual pollution — encompassing man-made elements such as advertisements, in-
frastructure, and urban clutter — degrades perceived environmental quality and adversely
affects human wellbeing. We propose a scalable framework for detecting and quantify-
ing visual pollution from street-view imagery using deep-learning-driven object detec-
tion. To enable analysis at global scale, we curate a dataset of over two million images
spanning 179 countries, drawn from multiple geospatial sources. We define eight visual
pollutant categories and an auxiliary road-sign class, introducing finer-grained distinc-
tions beyond prior work — notably separating shop signage and mobile advertisements
from billboards. We train a YOLO-based detector on a manually annotated subset of this
corpus to localise pollutant instances across diverse geographic and cultural contexts. We
validate the framework through a series of experiments: measuring the regulatory impact
of outdoor advertising bans in São Paulo, Brazil and selected Polish municipalities; and
analysing land-use-driven variation across the city of Edinburgh, UK. In all settings, we
observe interpretable spatial and temporal patterns in visual pollution, demonstrating the
potential of this pipeline as a practical, scalable tool for urban environmental assessment.

1 Motivation
Visual pollution refers to the degradation of a visual environment by man-made elements
such as billboards, wires, poles, and litter [29]. Although it does not have the same direct
environmental or physical health impacts as other forms of pollution, it has been shown to
negatively affect well-being, perceived livability, and mental health [14]. Some governments
have recognised this issue and introduced regulatory measures. For example, São Paulo
implemented the Clean City Law, which banned most forms of outdoor advertising [23],
while Poland introduced the Landscape Act, enabling municipalities to regulate signage and
advertisements [9]. Despite these efforts, visual pollution remains relatively under-addressed
globally.

The term visual pollution originally referred to the visible presence of polluting sub-
stances e.g. exposed sewage pipes, garbage [12]. In more recent decades, however, the term
has come to denote the diminishing of the visual or aesthetic quality of a scene by unap-
pealing or intrusive man-made objects [14, 27, 29], moving from a primarily environmental
concern to a more aesthetic one. Many researchers interpret the visual quality of a scene as
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tied to its degree of order or coherence. Weber’s work on architectural aesthetics empha-
sises that spatial regularity, symmetry, alignment, and visual continuity enhance aesthetic
judgment [43]. Scenes exhibiting high compositional harmony are generally perceived as of
higher visual quality. In contrast, scenes lacking a governing structure or organising principle
tend to appear chaotic or cluttered, yielding lower perceived quality [24]. From this perspec-
tive, visual pollution may be conceived as visual disorder, excessive contrast, incongruity, or
unpredictability that undermines perceptual harmony.

Visual pollution has been linked to negative mental health outcomes, with cluttered and
chaotic scenes contributing to stress and reduced comfort in urban spaces [14]. In addition,
certain forms of visual clutter, such as billboards, have been associated with distracted driv-
ing and increased safety risks [11]. Early regulations, such as the Bonus Act of 1958, offered
financial incentives to U.S. states to control outdoor advertising within 660 feet (200 metres)
of interstate highways [28], and later legislation, most notably the Highway Beautification
Act of 1965, required states to establish and enforce standards for billboard size, spacing, and
lighting [13, 32]. Together, these acts reflect governmental awareness of the consequences
of unchecked visual advertising. Similar concerns have recently been documented in the
developing nations, where rapid urbanisation and unchecked outdoor advertising have con-
tributed to visual pollution; for example, in Addis Ababa, Ethiopia, where 72% of surveyed
local residents perceived outdoor advertisements as diminishing the city’s visual appeal [15].
Billboards and advertisements are not the only visual pollutants to consider. Overhanging
telephone and utility wires may be less of an issue in developed countries, where many
have been placed underground, but in developing countries such as India, Pakistan, and
Bangladesh, they remain a significant source of visual clutter [1, 14]. In Indian case studies,
utility wiring is often found alongside hoardings and unplanned signage, constituting a major
visual pollutant [16]. Earlier work on overhead wires also regards them as a long-recognised
source of aesthetic disturbance [33], and more recent environmental studies have quantified
their negative visual impacts in both urban and rural landscapes [35].

Efforts to assess visual pollution face persistent challenges, mainly because visual per-
ception is inherently subjective and shaped by individual experiences and cultural context
[1, 29, 40]. Nevertheless, reliable assessment requires some degree of quantification to min-
imise subjectivity and enable consistent comparison across studies. To this end, researchers
have employed a wide range of approaches: from human judgement and expert evaluation
[10, 40, 41] to computer-based analysis and automated detection [1, 37], to evaluate and
quantify visual pollution. For example, Ahmad et al. [1] built a custom CNN to classify four
pollutant categories in Bangladesh, on a smaller 800 image dataset. Tasnim et al. (2023)
[36] compared EfficientDet, Faster R-CNN, and YOLOv5 to classify textile-specific visual
pollutants in Bangladesh, on a dataset of around 2,663 images comprising of images from
web-crawling and manual collection from factories. Gupta et al. [17] used a YOLOv6-based
Visual Pollution Index on drone imagery from Kolkata, but remains constrained by localised
data collection and a limited category set. Almalki and Algethami (2025) [5] combined an
ensemble of YOLOv5 and EfficientDet with BLIP-2 captioning, to produce textual descrip-
tions of detected pollutants to reduce manual reporting errors. Rahman et al. (2026) [31] in
their scoping review of deep learning architectures used for visual pollution detection and
monitoring, highlights the issue of localization of datasets and geographic bias in existing
work. They propose a multi-layered real-time monitoring framework that integrates detec-
tion, segmentation, and classification, drawing on diverse data sources such as street-view
imagery, CCTV, and crowdsourced captures. See Table 1.

Although existing research has attempted to detect and quantify visual pollution, sev-
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eral limitations persist including reliance on localised datasets, manual or semi-automated
quantification methods, and a narrow focus on a limited set of pollutant categories making
large-scale, globally representative analysis challenging. We aim to further advance the field
with four contributions as follows. First, we construct a large-scale global street-view dataset
spanning 179 countries, enabling the study of visual pollution across diverse geographic and
cultural contexts. Second, we extend the scope of visual pollutants to eight classes: bill-
boards, graffiti, utility poles, bins, potholes, barriers, mobile advertisements, and shop signs.
An auxiliary road sign class is included to disambiguate billboard detections. Third, we
develop a detection model trained on a geographically diverse annotated subset of sourced
imagery, with the aim of improving robustness and generalisation performance across di-
verse environments. Fourth, we explore the relationship between estimated visual pollution
level with policy changes, and land use for validation.

Table 1: Summary of computer vision literature on visual pollution estimation.
Paper Country CV model(s) Labelled

data
Fine-

tuned?
Pollutant types covered

B W T L G P S F C X

[1] BGD Custom CNN (5 layers) ∼800 No ✓ ✓ ✓ ✓ – – – – – –

[36] BGD
FRCNN, YOLOv5,
EfficientDet ∼2,663 Yes ✓ – – – – – – – – ✓

[37] BGD
YOLOv5/7,
Faster SegFormer,
EfficientDet

Custom Yes ✓ ✓ ✓ ✓ – – – – ✓ ✓

[4] KSA
YOLOv5/7, FRCNN,
MobileNetSSDv2,
EfficientDet, Detectron2

34,460 Yes – – – – – ✓ – ✓ ✓ –

[3] KSA Dataset paper 34,460 – – – – – – ✓ – ✓ ✓ –
[26] KSA YOLOv5 + BiLSTM Kaggle Yes – – – ✓ ✓ ✓ ✓ ✓ ✓ –

[5] KSA
YOLOv5 + EfficientDet
+ BLIP-2 captioning ∼44,426 Yes ✓ – – ✓ ✓ ✓ ✓ ✓ ✓ –

[17] IND YOLOv6 Custom Yes ✓ – – ✓ ✓ ✓ ✓ ✓ – –

✓ = pollutant type covered – = not addressed NR = not reported.
Categories: B: Billboards, W: Comm. wires/cables, T: Comm. towers/poles, L: Street litter/waste, G: Graffiti, P: Potholes/road
defects, S: Broken/faded signage, F: Cluttered sidewalk/facade, C: Construction barriers, X: Textile/industrial waste.
Countries: BGD: Bangladesh, KSA: Saudi Arabia, IND: India.

Billboards Graffiti Utility Poles Bins Potholes Barriers Mobile Ad. Shop Signs Road Signs

Figure 1: Example images for each of the nine urban street-scene classes used in this study.

2 Methodology
Data Sources We used three primary data sources: MAPILLARY, KARTAVIEW, and OPEN-
STREETMAP. MAPILLARY and KARTAVIEW provide street-level imagery captured by con-
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Figure 2: (Left) Number of selected cities per country with population above 100,000.
(Right) Number of cities per country with at least 300 available images.

tributors worldwide, whereas OPENSTREETMAP provides geographic information on infras-
tructure and objects in the environment. MAPILLARY is a crowdsourced street-view imagery
platform operated by META. Users upload geo-tagged images captured using smartphones,
dash cameras, or other recording devices. These images are then made publicly available
through an API. KARTAVIEW, formerly known as OPENSTREETCAM, is another crowd-
sourced street-view imagery platform operated by GRAB HOLDINGS, and provides street-
level imagery uploaded by contributors worldwide. Both MAPILLARY and KARTAVIEW
ensure privacy is protected by blurring faces and license plates in their images [21, 25].
OPENSTREETMAP is an open, collaboratively maintained geospatial database operated
by the OPENSTREETMAP FOUNDATION. It provides structured geographic data describ-
ing roads, infrastructure, and points of interest contributed by volunteers worldwide. The
selected features included bins, billboards, power infrastructure, barriers, and traffic signs
[44, 45, 46, 47].

To achieve broad geographic coverage while keeping the dataset manageable, a global
city dataset provided by SIMPLEMAPS [34] was used containing approximately 48,000 en-
tries, including city–country pairs, geographic coordinates (latitude and longitude), and pop-
ulation estimates. For computational efficiency, we filtered to include only cities with popu-
lations exceeding 100,000 and available shapefiles for city boundaries, reducing the dataset
to 5,414 cities. Figure 2 (left) illustrates the initial distribution of selected cities across coun-
tries. Images were annotated using LABEL STUDIO [38]. An initial YOLOv12 model was
trained using a small subset of images to speed up the annotation process. Detections from
this model were converted to Label Studio’s format and attached to the corresponding im-
ages, allowing them to be adjusted. To ensure geographic diversity, we attempted to sample
10 images per country for manual annotation where available and suitable, yielding 1,319
images. All annotations were manually reviewed and corrected before inclusion in the final
training dataset.

Visual Pollutants Billboards and Mobile Advertisements Billboards are a well-known
form of visual pollution and are among the most widely studied categories in the literature
[1, 41]. We make a distinction between static billboards, such as Figure 1 (Billboards), and
advertisements displayed on vehicles, such as Figure 1 (Mobile Ad.). This distinction is im-
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portant because vehicle-based advertisements introduce a temporal component when using
street-view imagery, and therefore do not reliably represent the persistent visual environment
of a location. We place less emphasis on mobile advertisements as a visual pollutant (Ta-
ble 2). Graffiti Graffiti has been widely identified as a form of visual pollution in existing
studies [7, 19]. It is included due to its association with perceived disorder and reduced
quality of life in urban environments. Utility Poles Utility poles are treated as an umbrella
category, encompassing structures such as telephone poles, electricity poles, and pylons.
These structures have been considered in previous studies of visual pollution [1, 33, 37],
while other work has examined the visual impact of overhead wiring [40]. We focus on
utility poles rather than wires, as poles are more consistently visible and easier to detect
in street-view imagery. Street lamps and lighting infrastructure were not annotated in the
training data as part of this category. Bins Although bins are necessary for waste manage-
ment, they can contribute to visual pollution when poorly maintained, for example, when
overfilled or placed carelessly. We have included all bins, while previous work has focused
specifically on the impact of overflowing bins [16]. Potholes Potholes are a widely studied
form of visual pollution [4, 8, 22] and are often associated with deteriorating road conditions
and poor infrastructure. As with other visual pollutants, detecting potholes enables analysis
of spatial patterns, co-occurrence with other pollutant types, such as graffiti, and associations
with socioeconomic indicators such as urban deprivation. Barriers Barriers, such as con-
crete roadside barriers, have been considered in previous studies of visual pollution [3] and
are prominently featured in existing datasets [2] In addition to permanent barriers, temporary
structures, such as construction barriers and traffic cones, were included. Shop signs Shop
sign detection has been explored in prior work outside the context of visual pollution [6, 42].
In this project, shop signs were included as a separate category primarily to maintain a clear
distinction from billboards. Road signs Road signs are not considered visual pollutants in
this project, as they serve essential functional roles in navigation and safety within urban
environments. They are included to reduce conflation with billboards during detection.

Model A YOLO26 [20] model from the Ultralytics YOLO family was selected for ob-
ject detection. YOLO-based architectures are widely used for visual pollution detection
due to their strong performance in real-time object detection and a favourable balance be-
tween accuracy and computational efficiency [18]. Previous work has shown that YOLO
frequently outperforms other common architectures, often with measurably greater accuracy
[3, 37]. YOLO26, released in 2026, introduces architectural and optimisation improvements
over earlier YOLO variants, with a particular emphasis on efficiency and small-object de-
tection performance, directly relevant to visual pollutants, such as utility poles and distant
signage, which often occupy only a small portion of the image. The medium-scale variant,
yolo26m, was selected to balance detection accuracy (mAP50–95) against inference speed,
as the dataset scale demands processing millions of images at reasonable computational cost.

Training was performed on a Google Compute Engine virtual machine of type
g2-standard-4, which provides 4 vCPUs and 16 GB of system memory and an NVIDIA
L4 GPU with 24 GB of GDDR6 memory. A train-validation-test split of 70%-20%-10% was
used with stratified sampling. Training hyperparameters are shown in Supplementary Table
1. Training was conducted for 220 epochs to ensure sufficient model convergence. Perfor-
mance metrics, including precision, recall, and mAP50, stabilised between epochs 180 and
190, indicating that the model had largely converged while avoiding premature termination.
Input images were resized to a resolution of 1024× 1024 to preserve fine-grained details
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Pollutant Severity Detections Cities Countries Avg. conf Recall

Billboard 0.9 446,645 3,707 176 0.787 0.776
Graffiti 0.4 20,152 1,906 156 0.711 0.625
Utility Pole 0.3 1,136,380 3,770 176 0.776 0.780
Bin 0.2 13,587 1,791 145 0.701 0.739
Pothole 0.1 2,824 1,180 146 0.634 0.591
Barrier 0.1 42,748 2,486 163 0.753 0.780
Mobile Ad. 0.1 14,122 2,458 158 0.723 0.783
Shop Sign 0.1 78,880 3,074 171 0.707 0.688
Road Sign 0.0 592,092 3,581 176 0.796 0.841

Table 2: Severity weights and detection statistics by pollutant class. Bold values from [40].

present in street-view imagery. This is particularly important for small or thin objects, such
as utility poles and distant road signs, which may be difficult to detect at lower resolutions.
A batch size of 16 was chosen to balance computational efficiency and GPU memory con-
straints. The learning rate schedule was configured with an initial learning rate of 0.003 and
a final scaling factor of 0.01, allowing for rapid initial learning followed by gradual con-
vergence. A warmup period of 5 epochs was used to stabilise early training and prevent
large gradient updates. Mosaic augmentation was applied with a probability of 0.5, and was
disabled during the final 15 epochs to allow the model to fine-tune on more natural image
distributions. Early stopping with a patience of 50 epochs was used to prevent overfitting
while ensuring that training was not terminated prematurely. Finally, 8 data loader workers
were used to maximise data throughput and minimise input bottlenecks during training.

Visual Pollution Index The VPI is computed at an image or city level as:

CCR =
Number of Distinct Categories Detected

Total Number of Categories

SWS =
∑(Severity Value×Number of Instances for Each Category)

Total Number of Instances
VPI = CCR×SWS

(1)

The scoring method is based on the Visual Pollution Index (VPI) proposed by Gupta et
al. [17], with several severity weights derived from Wakil et al. [40]. It first calculates the
Counting Categories Ratio (CCR), which measures the diversity of pollutant classes within
an image. Images containing a more diverse range of pollutant types receive a higher CCR.
The Severity Weighted Score (SWS) then applies class-specific severity weights to reflect the
relative visual impact of each pollutant. For example, billboards are perceived as more vi-
sually polluting than potholes, so they contribute more heavily to the final score. Additional
pollutant weights were assigned based on their perceived visual impact relative to other cat-
egories. Bins were assigned a slightly lower score than utility poles, as they are typically
smaller and less visually dominant within a scene. Road signs were assigned a score of zero
due to their functional necessity in urban environments. Shop signs and mobile advertise-
ments were assigned low, non-zero values to account for both their occasional visual impact
and minor model confusion with billboards. While the VPI system was intended for use on
individual images, it can easily be extended to entire cities. Regions in the dataset contain
varying numbers of images, leading to inconsistent sample sizes. As a result, regions with
fewer images may yield unstable or unrepresentative scores, whereas regions with more im-
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Q1 Q2 Q3 Q4 Q5

Figure 3: Examples of images in lowest (Q1) to highest (Q5) quantiles of VPIs.

ages provide more reliable estimates. To mitigate this, only cities containing more than 300
(2,300 cities) images were included in city-level comparisons (see Figure 2 (right)).

3 Results

Detection In total, 2,199,851 images were collected across 5,414 cities in 179 countries.
Although most countries had at least some regions that returned images, the distribution was
highly uneven. The majority of images originated from Western countries, with the United
States alone contributing over 350,000 images. A small number of images were recorded
with capture dates prior to 2010 (Supplementary Figure 1).

In total, 2,347,430 detections were produced. Of these, approximately 48.4% (1,136,380)
correspond to the utility_pole class, followed by road_sign, with 592,092 detec-
tions. This distribution is expected, as both categories represent essential infrastructure that
is prevalent in most urban environments. The next most frequent class is billboard, with
446,645 detections. The remaining classes appear significantly less frequently, indicating a
clear class imbalance within the dataset. See Table 2. Figure 3 shows examples of images
with different VPI scores.

OPENSTREETMAP To analyse how well the pipeline is able to capture visual pollutants,
the detections are compared against OPENSTREETMAP features for alignment. In total,
6,546,984 OPENSTREETMAP features were collected. The majority of these were cate-
gorised under the power tag, which includes electrical infrastructure such as utility poles
and related components. More than one million bin-related features were identified, support-
ing validation between image-based detections and map-based infrastructure data. Figure 4
compares the detections from street view images with reported objects in OPENSTREETMAP
stratified by economic development. We observe similar trends in both cases, e.g., detection
or presence of barrier and bins increases with socioeconomic status while utility poles de-
crease.
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(a) (b) (c)
Figure 4: OSM and imagery rates: (a) Barrier, (b) Bin, (c) Utility pole.

Temporality To examine temporal patterns in detections, the detection rate and raw de-
tection counts were analysed by time of day (Figure 5). As expected, images are captured
predominantly during daytime. Detection rates for mobile advertisements, potholes, and
road signs were comparatively stable throughout the day. However, detection rates for shop
signs, billboards, utility poles, and barriers were higher at night relative to daytime, likely
because artificial illumination makes these objects easier to detect in the image. Graffiti
exhibited a similar pattern during the evening hours, although the mechanism is less clear.

Figure 5: Detection rate and raw detection count by time of day

Visual Pollutants in Edinburgh To analyse how visual pollution varies across land-use
types, the city of Edinburgh was selected as a case study. OPENSTREETMAP data was
retrieved using the Python package osmnx, which provided polygon boundaries and asso-
ciated land-use classifications for different areas of the city. Since most images were taken
on the road rather than explicitly within a classified area, detections were assigned to the
closest classified area. Five land-use categories were considered: commercial, residential,
industrial, retail, and park/leisure/green. Figure 6 shows how pollutant detections vary across
different land-use types in the city. It can be seen that billboards have the highest density
in commercial (0.21) and retail (0.23) areas, and the lowest in residential areas (0.05). Fur-
thermore, residential and park areas have a higher density of bins than other regions. This
aligns with the expected distribution of urban infrastructure, providing qualitative validation
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that the pipeline can capture meaningful variation in visual pollution across different urban
areas.

Figure 6: Detections in each land use type for each pollutant

Visual Pollution prevalence in United Kingdom The United Kingdom was selected for
exploring visual pollution at a national level. A grid-fitting algorithm yielded 9,998 approx-
imately uniform spatial cells, from which 10,000 points were sampled and queried against
the MAPILLARY API to retrieve street-view imagery. This resolution ensured most cities
contained multiple cells. Figure 7 presents the VPI calculated from these images, showing
higher VPI values in the urban centres of the country, notably the areas in and around Lon-
don, Birmingham, Manchester, and Leeds. This aligns well with the expectation that busier
urban areas are more visually polluted, while less busy areas and protected spaces, such as
the Scottish Highlands or Snowdonia tend to exhibit lower visual pollution.
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Figure 7: (Left) VPI in 9998 regions in UK. (Right) UK population density. [39]

Global prevalence of visual pollution index When looking at the visual pollution index
globally, the highest-scoring cities are concentrated in South Asia, Southeast Asia, and parts
of Africa (Figure 9 and Table 3). These regions are often associated with high urban density,
rapid development, and less restrictive control of outdoor advertising and street infrastruc-
ture. As a result, scenes frequently contain a greater diversity and frequency of pollutant
categories, which increases both the CCR and SWS components of the VPI. In contrast, the
lowest-scoring cities are primarily located in Europe, North America, and East Asia. These
regions typically benefit from stricter urban planning policies, more consistent infrastructure
management, and regulation of signage and advertising. Consequently, both the diversity
and frequency of detected pollutants are reduced, leading to lower VPI values. To explore
this aspect further, we assessed the prevalence of visual pollution stratified by development
indicators of Low Income, Lower Middle Income, Upper Middle Income, and High Income
countries. Of the nine pollutant classes, the ones that showed the most change were bill-
boards, road signs and utility poles. As shown in Figure 8, higher socioeconomic areas have
lower rates of billboards and utility poles compared to lower socioeconomic areas. One
reason for this could be stricter regulations on placement and style of billboards and under-
ground power infrastructure, which requires fewer overground poles.

Evaluating Policy Changes Various countries and cities have implemented policies to
combat visual pollution. This study attempts to assess their efficacy in Brazil and Poland.

São Paulo, Brazil The Lei Cidade Limpa (Clean City Law) implemented in 2006 in São
Paulo provides a natural case study to evaluate the impact of regulation on visual pollution.
As the law led to the removal of a large number of billboards, it is expected that São Paulo
would exhibit a lower proportion of billboard detections than other major Brazilian cities.
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Top 10% VPI Bottom 10% VPI

Country Cities/Total % Country Cities/Total %

Indonesia 38/56 67.9 United States 64/323 19.8
India 32/54 59.3 Spain 17/50 34.0
Philippines 16/35 45.7 Japan 13/157 8.3
South Africa 12/33 36.4 Russia 13/82 15.9
Pakistan 8/29 27.6 Finland 8/8 100.0
Vietnam 6/23 26.1 Pakistan 6/29 20.7
Nigeria 6/15 40.0 Sweden 6/11 54.5
Thailand 5/10 50.0 Turkey 4/51 7.8
Peru 4/13 30.8 Italy 4/36 11.1
Ghana 4/7 57.1 Netherlands 4/26 15.4

Table 3: Countries of cities with top and bottom 10% of VPIs. For brevity, we show 10
countries in each group. “Cities/Total” shows grouped cities over total qualifying cities.

Figure 8: Detection rates for selected pollutants by economic classification.

To evaluate this, São Paulo was compared with Rio de Janeiro, Belo Horizonte, Fortaleza,
Salvador, and Curitiba. The primary metric used was the Billboard Detection Rate, defined
as the number of detected billboards divided by the total number of images within each city.
This metric provides a simple proxy for the prevalence of large-scale advertising structures
within each city. Differences in this ratio can indicate the effectiveness of regulatory inter-
ventions in reducing specific types of visual pollution. The results show a clear, consistent
reduction in billboard density associated with regulation compared to Rio de Janeiro, Fort-
aleza, Salvador and Curitiba. Belo Horizonte exhibits an opposite pattern, displaying a lower
billboard detection rate than São Paulo. This is likely attributable to Belo Horizonte’s own
regulatory history: the city established outdoor advertising controls Código de Posturas (Law
8.616/2003), with further restrictions introduced in 2010 which prohibited billboards in parts
of the city [30]. Combined with the city’s smaller scale and lower commercial density rel-
ative to São Paulo, these factors may explain why Belo Horizonte exhibits a comparatively
lower billboard prevalence.

Poland In 2015, Poland introduced the Landscape Act, which enabled municipalities to
regulate the aesthetics of public spaces, including advertising and signage [9]. This pro-
vides an opportunity to evaluate changes in visual pollution over time under varying reg-
ulatory conditions. As noted by Brecz-Kupiec (2024) [9], implementation of the act was
decentralised, with municipalities introducing restrictions at different times, while some did
not introduce regulations at all. This variation enables a natural comparison between pre-
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Figure 9: VPI scores across all regions. Dot size denotes population density.

City Pop. Density (/km2) Images Billboards Detection Rate ∆ vs São Paulo

São Paulo 9,420 10,247 1,061 0.104 —
Rio de Janeiro 8,046 8,490 1,460 0.172 +66.09%
Fortaleza 8,556 9,888 1,636 0.165 +59.79%
Salvador 11,737 4,608 851 0.185 +78.36%
Belo Horizonte 7,216 12,261 1,117 0.091 -12.02%
Curitiba 4,472 19,255 2,527 0.131 +26.75%

Table 4: Comparison of billboard detection rates across selected Brazilian cities.

and post-regulation environments. Six cities were selected for analysis: Warsaw, Kraków,
Gdańsk, Wrocław, Łódź, and Poznań. Łódź and Gdańsk introduced restrictions in 2016 and
2018, respectively, while Kraków and Wrocław implemented regulations in 2020; Poznań
introduced them in 2023. Warsaw is included as a city with no restrictions to date. For each
city, billboards were detected between 2014 and 2026. The analysis focuses on changes
in billboard prevalence, measured using the Billboard Detection Rate defined previously.
Figure 10 shows that detection rates generally decline over time, and remain lower after
regulation. Table 5 shows the aggregated billboard detection rates before and after regula-
tion. The results indicate a reduction in billboards following the introduction of advertising
regulations across the five regulated cities. Warsaw, included as an unregulated comparison
city, also shows a reduction, albeit smaller in magnitude, which may be consistent with the
effectiveness of restrictions. Although this does not establish causality, the five regulated
cities show substantial post-regulation reductions, ranging from 41.4% to 54.7%. The con-
sistent reductions across all selected cities indicate that the approach can capture meaningful
changes aligned with real-world regulatory interventions.

4 Discussion

Pollution is a major concern in modern society. Among its various forms—air, water, light,
noise, and others—visual pollution remains comparatively underexplored, largely owing to
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City Regulation Period Images Billboards Detection Rate ∆ %

Warsaw None 2014–2019 18,327 5,358 0.292 -21.362020–2026 22,901 5,265 0.230

Kraków High 2014–2019 8,565 3,361 0.392 -54.602020–2026 14,982 2,669 0.178

Gdańsk High 2014–2017 3,527 1,171 0.332 -54.692018–2026 4,308 648 0.150

Wrocław Moderate 2014–2019 7,155 2,189 0.306 -41.382020–2026 6,646 1,192 0.179

Łódź High 2014–2015 665 353 0.531 -53.552016–2026 6,323 1,559 0.247

Poznań High 2014–2022 6,986 2,328 0.333 -42.082023–2026 6,347 1,225 0.193

Table 5: Billboard detection rates before and after regulation in selected Polish cities.

Figure 10: Billboard detection rates in cities before and after regulation.

its subjective nature. We contribute to this area by assessing the effectiveness of deep learn-
ing for detecting and quantifying visual pollution at a global scale, across both time and
space. We evaluate the quality of our pipeline through both qualitative and quantitative
analyses. We find that the detected visual pollutants align reasonably, though not perfectly,
with reported points of interest in OPENSTREETMAP. This imperfect alignment can be
attributed to inconsistencies in OPENSTREETMAP reporting, particularly in developing na-
tions. Detection trends follow expected socioeconomic patterns — for example, a higher
prevalence of utility poles in developing nations. The resulting visual pollution maps reveal
meaningful global patterns, with visual pollution concentrated in busier areas. Finally, we
observe encouraging temporal patterns before and after a policy change, demonstrating that
the pipeline yields consistent results both spatially and temporally. Thus, the pipeline has
several strengths, the most notable being its reliance on publicly available AI tools and a
global dataset, which makes it both accessible and reproducible. This design also allows the
pipeline to be extended to additional visual pollution classes, including those reflecting local
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attributes and those in data-scarce regions.
A key limitation is the uneven distribution of data across regions: cities in India and

China have low image availability, while Europe and North America exhibit substantially
greater coverage, as seen in Figure 9. Additional limitations arise from the labelling process,
e.g., through ambiguity in category definitions. The definition of a billboard was intention-
ally broad to capture a wider range of advertising formats, including posters and banners.
While this improves coverage, it introduces inconsistency when comparing results against
real-world regulations, where definitions are typically more precise. As a result, the detected
“billboard” category does not always align directly with policy definitions. Labelling across
a global dataset also introduces challenges related to language and cultural context. In non-
English-speaking regions, it is difficult to accurately interpret signage. Consequently, some
shop signs may have been misclassified as billboards, also considering that visual styles vary
significantly between countries. This introduces label noise, which may bias the model in
specific regions, affecting both detection reliability and cross-regional comparisons. The
labelled dataset also exhibits class imbalance, with some categories appearing far more fre-
quently than others. This can lead to stronger performance on dominant classes and weaker
performance on under-represented ones, reducing the reliability of the overall scoring.

Another limitation concerns image quality. There was no scalable mechanism to auto-
matically verify that retrieved images were suitable for analysis. In some cases, images were
blurred, poorly framed, or primarily comprised close-up views of surfaces such as walls and
therefore uninformative. These cases represented a small proportion of the dataset and were
therefore retained. We also note that street-view imagery may be captured at different times
and dates. As a result, certain features such as billboards or bins may no longer be present or
may have changed location since the image was recorded. Although timestamps were stored
where available, temporal changes in infrastructure were not explicitly analysed in this work.

The proposed pipeline can be extended in various ways. The current VPI captures the
presence of various pollutants but not how their spatial distribution within the image. The
‘entropy’ of the pollutants can be meaningful in capturing the nature of visual pollution.
Additionally, the current pipeline is limited to a few visual pollutants while many others,
e.g., dilapidated buildings or litter, can be integrated given suitable training data. Finally,
the current study does not explore causality, for example, in assessing the effect of a policy
change on visual pollution or effect of visual pollution, e.g., on mental health. Exploring this
relationship would provide more actionable insight into the impact of visual pollution on our
wellbeing and addressing this pollution in our community.

The proposed work has several research and policymaking implications. To the best of
our knowledge, this is among the first attempts to capture visual pollution at a global scale,
although the notion of visual pollution can itself vary across regions. The pipeline is equally
applicable at a local level where assessing visual pollution can inform urban planning and
potentially benefit mental health. That said, integrating this into policymaking requires care-
ful attention to context. In particular, visual pollution scores do not directly correspond to
aesthetic quality: regions such as deserts may receive low scores simply because few de-
tectable pollutants are present, rather than because the environment is visually desirable.
Even so, the framework enables meaningful comparisons between regions with similar char-
acteristics, particularly where data coverage is comparable. In such cases, it can reveal which
objects contribute most significantly to visual pollution across different urban environments.
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