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Abstract

Illegal roadside waste dumping represents a persistent urban environmental problem, particularly in rapidly growing cities. Conven-
tional monitoring approaches based on manual field surveys and mapping are labor-intensive, costly, and difficult to scale. This study
presents an automated framework for detecting and mapping illegal roadside waste using volunteered street-view imagery and zero-
shot semantic segmentation with the Segment Anything Model 3 (SAM 3). A dataset of approximately 14,000 Mapillary images
from Dhaka, Bangladesh, collected between 2023 and 2025, was used for the analysis. Waste-related objects were identified using
SAM 3 with text prompts, eliminating the need for task-specific training data. Detected instances were geolocated and visualized
through an interactive web-based application and can be exported in GeoJSON format for further analysis outside of our web-based
application. The results demonstrate the potential of combining visual foundation models with street-level imagery for scalable and
cost-effective urban waste monitoring in resource-constrained settings. The proposed workflow is transferable to other cities with
sufficient street-level imagery coverage and can support evidence-based municipal planning, cleanup operations, and enforcement.

The developed code is publicly available at: https://github.com/hcu-cml/roadside-waste-detection-mapping.

1. Introduction

Illegal roadside waste dumping has become a pressing envir-
onmental challenge in rapidly urbanizing cities of developing
countries, as municipal solid waste management infrastructure
struggles to keep pace with population growth and waste gen-
eration rates (Wikurendra et al.l 2024; Ngalo and Thondhlana),
2023). Poor waste management leads to environmental degrad-
ation and public health hazards, including contamination of soil
and groundwater, respiratory complications (Wikurendra et al.,
2024; Ichipi and Senekane} 2023) and may further increase the
risk of urban flooding when drainage systems are obstructed by
the accumulation of non-biodegradable roadside waste (Zhang
et al.,|2024).

Together with stronger policy implementation and stricter le-
gislation, systematic roadside waste monitoring is an important
component of improving waste management in rapidly urbaniz-
ing cities (Du et al.,2023). One reason is the limited document-
ation and spatial tracking of dumping sites, which hinders sys-
tematic analysis of temporal trends, spatial patterns, and causal
factors that could inform preventive strategies and targeted en-
forcement efforts (Fazzo et al.,|2020). Consequently, such mon-
itoring enables the identification of areas with underdeveloped
waste management infrastructure, helping stakeholders determ-
ine suitable locations for organized waste disposal sites (Zhang
et al.|[2025)). Furthermore, since many roadside waste sites per-
sist for extended periods before being discovered and remedi-
ated, sanitation workers can benefit from knowing the precise
spatial locations of waste. This reduces the need for continuous
visual searching and facilitates more efficient collection.

Traditional approaches to monitoring illegal dumping sites rely
primarily on manual surveys, citizen complaints, and periodic
field inspections by municipal staff (Cicala et al.,[2024). These
methods are inherently time-consuming, expensive, and diffi-
cult to scale across extensive urban areas, resulting in incom-

plete spatial coverage and delayed detection of emerging dump-
ing incidents (Kim and Cho, [2022). In contrast, volunteered
street-view imagery (SVI) has an extensive geographic cover-
age across diverse urban environments (Ma et al.,|2026). Con-
sequently, SVI represents a widely accessible and scalable data
source for urban analysis and monitoring tasks. However, pre-
vious approaches to analyzing visual pollution and detecting
roadside waste have largely relied on supervised deep learning
methods, such as the YOLO architecture (Hossain et al., [2021)).
These approaches have limited applicability and transferability
because of the substantial variation in urban morphology and
waste appearance across different cityscapes, as well as the cor-
responding need for large amounts of annotated training data.

As a result, we present an approach for a location-based
decision-support system for automated city-wide monitoring
and mapping of roadside waste using SVI and a zero-shot visual
foundation model, demonstrated through a case study in Dhaka,
Bangladesh. The proposed approach is flexible and poten-
tially transferable to other cities due to the zero-shot capab-
ilities of visual foundation models. To improve usability, we
developed a web-based application that visualizes areas with
aggregated roadside waste using a heatmap representation on
a two-dimensional (2D) map, as illustrated in Figure[T} Addi-
tionally, our approach provides the GPS coordinates of detected
roadside waste, together with the corresponding image acquis-
ition timestamps, in GeoJSON format. This ensures usability
beyond the web-based visualization and facilitates further spa-
tial and temporal analyses.

The remainder of this paper is structured as follows: Section
reviews recent advances in the prediction and mapping of road-
side waste while Section [ describes our data sources. Sec-
tion [4] presents our proposed methodology in detail. Section 3]
evaluates the quality and demonstrates the effectiveness of our
approach. Finally, Section [f] concludes the paper and outlines
directions for future research.
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Figure 1. Heatmap visualizing the spatial density distribution of large quantities of roadside waste within the web application. The web
application can be found under: https://www.cml.hcu-hamburg.de/demos/roadside-waste-detection-mapping/| Green
segmentation mask within the SVIs shows detected roadside waste for exemplary Mapillary images. Lighter colors indicate lower
roadside waste density, whereas darker colors indicate higher roadside waste density.

2. Related Work

Automated detection of illegally dumped waste has been invest-
igated using a range of remote sensing and computer vision ap-
proaches, progressing from traditional machine learning image
classification methods to deep learning-based techniques and,
more recently, to foundation models with zero-shot generaliza-
tion capabilities.

High-resolution satellite and aerial imagery have been widely
used to identify dumpsites at both urban and global scales. In
this context, deep convolutional networks based on Faster R-
CNN and Feature Pyramid Networks (FPN)
have been applied to dumpsite detection across 28 cities, re-
ducing investigation time by more than 96% compared with
manual photo interpretation and enabling the analysis of so-
cial drivers underlying dumpsite distribution [2023).
In addition, semantic segmentation architectures such as Dee-
pLabV3+, PSPNet, and HRNet have been employed on remote
sensing imagery for waste-related detection tasks
[2023). Earlier work formulated illegal landfill identification as
a multi-scale aerial scene-classification problem using a deep
learning-based ResNet50 architecture (Torres and Fraternali,
[2021). More recently, large vision foundation models such as
Meta’s Segment Anything Model (SAM) (Kirillov et al} 2023)
have demonstrated strong zero-shot segmentation capabilities
in remote sensing applications, highlighting their potential for

detection and segmentation tasks in this domain (Osco et al.|
2023).

Although satellite and aerial imagery support large-scale dump-
site mapping, they remain fundamentally constrained by occlu-
sions, tree canopy cover, and limited spatial resolution, which
hinder the reliable detection of small or partially concealed
roadside waste accumulations. These smaller sites often con-
stitute the majority of illegal dumping in dense urban envir-
onments. Street-level imagery, captured from ground-level
viewpoints, directly reflects the visual perspective from which
such waste is typically observable and therefore provides com-
plementary spatial detail that aerial imagery cannot capture
(Biljecki and Tto, [2021). To date, however, most studies have
focused on waste site detection from aerial or satellite imagery,
while only a limited number have explored street-view imagery
for this purpose.

Volunteered street-level imagery platforms, particularly Mapil-
lary, have emerged as promising open alternatives to com-
mercial services such as Google Street View. Unlike pro-
prietary platforms, Mapillary operates under a free license
and accepts user-contributed imagery collected with consumer
devices. Mapillary data have been used in a variety of urban
monitoring applications, including the evaluation of street-level
greenness (Zheng and Amemiyal [2023)) and the prediction of
building storey number (Arzoumanidis et al} [2026)), demon-
strating the platform’s utility for automated urban analytics.
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Nevertheless, the use of Mapillary imagery is associated with
several important challenges. Spatial coverage is often incon-
sistent (Fan et al, [2025)), while the imagery is further affected
by occlusions, distortions, varying viewing angles, and substan-
tial visual noise (Hou and Biljecki, 2022). These limitations
make the detection of illegal dumping in volunteered street-
level imagery challenging.

Large language models (LLMs), for example, have been em-
ployed to extract latent semantic representations from images
of waste sites (Zhang et al., [2025)). Related work has also in-
tegrated visual indicators of potential roadside dumping with
socioeconomic variables derived from census data to support
more robust detection and interpretation of waste-site occur-
rence (Yang et al.|[2025). Furthermore, transformer-based mod-
els, including the Swin Transformer architecture (Liu et al.,
2021)), have been applied to automated waste detection in street-
view imagery, facilitating the analysis of associations between
urban environmental conditions and socioeconomic character-
istics (Zhang and Mal 2026). Collectively, these studies re-
flect a broader methodological transition toward multimodal,
context-sensitive frameworks for understanding illegal dump-
ing in urban environments.

In addition to illegal roadside waste detection, the automated
identification of garbage bins and waste containers has also
been investigated using deep learning-based object detection
methods, with most studies relying on variants of the YOLO
architecture (L1 and Dail 2026 Dong et al., {2025} [Moral et al.,
2022). In response to the challenges of using street-view im-
agery for waste detection, [Paulo et al.| (2026) proposed a multi-
task dataset for urban waste management. This dataset is de-
signed to support three core evaluation tasks, namely, waste
container detection, waste container tracking, and waste over-
flow segmentation.

3. Study Area & Data Acquisition

Dhaka, Bangladesh, is among the most densely populated
megacities worldwide and produces an estimated 3,500 tons
of waste per day, with more than 12% of the generated waste
being dumped along roadsides and in open spaces (Bahauddin
and Uddin, 2012). Owing to the relatively good spatial cover-
age of Mapillary imagery, the city was selected as the area of
interest for demonstrating the effectiveness of the proposed ap-
proach. The study area defined by the bounding box coordinates
90.25°E to 90.55°E longitude and 23.65°N to 23.95°N latitude,
covers approximately 900 km?. Street-view imagery was ob-
tained from Mapillary and provides geotagged street-level im-
ages through its Application Programming Interface (API).

The Mapillary API was queried to retrieve images within the
defined study area. Temporal filtering was applied to retain only
images captured after January 1, 2023, ensuring a contemporary
representation of urban conditions. Due to API constraints lim-
iting queries to 0.01 square degrees per request, the study area
was subdivided into a grid of smaller tiles (0.08° x 0.08°), and
images were retrieved iteratively with deduplication to avoid
redundant entries.

For each image, the following metadata were extracted and
stored: a unique image identifier, geographic coordinates (latit-
ude and longitude), capture timestamp, compass angle (camera
orientation), and the image URL for download. Images were
downloaded at a resolution of 2048 x 1536 pixels to balance

detail retention with processing efficiency. The final dataset
comprised 14,327 unique geotagged images distributed across
the study area.
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Figure 2. Schematics of possible detection outcomes using SVI
to corresponding roadside waste locations.

Depending on our SVI extraction methodology, the experi-
mental outcomes can be categorized into four primary scen-
arios. First, an SVI frame may fail to capture the roadside waste
entirely, leaving the accumulation undetected, as illustrated in
Figure 2] Second, the waste may be fully visible within the
frame and successfully detected by the framework (cf. Fig-
ure ). Third, the waste may be fully visible but remain un-
detected (cf. Figure[2). Fourth, the waste may be only partially
visible within the image scene, due to truncation or occlusion,
leading to either a successful or failed detection, (cf. Figure[2).

4. Methodology

This study proposes a fully automated end-to-end framework
for detecting and mapping illegal roadside waste dumps using a
large visual foundation model, as illustrated in Figure 3] The
workflow comprises: (1) imagery acquisition via the Mapil-
lary API, (2) zero-shot detection using the Segment Anything
Model 3 (SAM 3) (Carion et al.| 2025)), (3) confidence-based
quality filtering, (4) interactive geospatial visualization, and
(5) export the resulting roadside waste locations in GeoJSO
format, including the point coordinates of the GPS location of
each Mapillary image and the timestamp at which the image
was captured.

4.1 Zero-Shot Detection using a Vision Foundation Model

SAM 3 is a large vision foundation model enabling strong pre-
diction accuracy for detection and segmentation tasks to previ-
ously unseen object categories without requiring task-specific
fine-tuning or labeled training data (Carion et al., [2025). This
eliminates the need for annotated training data, whose creation
is both costly and time-consuming, and allows the approach to
be readily transferred to other cities with Mapillary coverage.

SAM 3 supports text-prompted segmentation, in which natural
language descriptions of target objects are provided as input
conditions to guide segmentation and detection. We instruct
the model through prompt-engineering to identify waste accu-
mulations within each image, as shown in Figure[3] For each
image, SAM 3 produces a segmentation masks corresponding
to regions that matched the text prompts, together with an as-
sociated confidence score representing the model’s estimated
likelihood that the detected region corresponds to the specified
object class. We prompt SAM 3 with the text description trash

! https://geojson.readthedocs.io/en/latest/
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Figure 3. Overview of the proposed end-to-end framework for
roadside waste detection and mapping from SVI.

pile to guide zero-shot segmentation of waste accumulations.
For the purposes of this study, an image was classified as a suc-
cessful roadside waste detection whenever the model produced
a segmentation mask, regardless of the mask’s spatial extent.
All such detections were subsequently mapped in the interact-
ive web-based application.

Arising from visually similar objects (e.g., construction mater-
ials, loose soil, or dense vegetation), SAM 3 can lead to false
positive predictions. To reduce these a confidence threshold
7. and mask thresholds 7., is applied for filtering. To set 7.
and 7, to a reasonable value that filters out enough false posit-
ives we conducted experiments testing four different confidence
thresholds with the grid search algorithm.

4.2 Geospatial Visualization

For each detection with a confidence score exceeding the
threshold 7., the geographic coordinates embedded in the image
metadata are extracted and assigned as the location of the detec-
ted waste site. To visualize the spatial density of roadside waste,
we employ a Kernel Density Estimation (KDE) heatmap (Sil-
verman, |1986). Within this visualization, high-density clusters
are delineated by a color gradient: darker color indicates a high
counted number of waste sites within a localized area, whereas
lighter color denotes regions with a lower frequency of detec-
tions by our framework. Furthermore, the spatial extent of
these clusters illustrates the overall geographical footprint of
the waste, highlighting areas that exhibit continuous, spatially
connected waste accumulations. The resulting geospatial data-
set is subsequently visualized using Foliunf’| a Python library
for rendering interactive maps based on the Leaﬂe framework,
as illustrated in Figure[T}

This design choice allows municipal authorities and urban plan-
ners to explore spatial heatmaps and point-layer overlays rep-
resenting illegal dumping hotspots across large urban areas
without specialized GIS software, as illustrated in Figure[I] The

2 https://python-visualization.github.io/folium/
latest/
3 https://leafletjs.com/

resulting interactive web-based application potentially provides
stakeholders with a visual location-based decision-support tool
for prioritizing cleanup operations, scheduling field inspections,
and targeting enforcement interventions in areas characterized
by high densities of waste accumulation.

4.3 Evaluation Dataset and Metrics

Model performance was evaluated using a publicly available
waste pile dataseﬂ comprising 100 annotated street-level im-
ages with instance segmentation masks in COCO format (Lin et
al|2015). Predictions were categorized as true positives (TP),
false positives (FP), false negatives (FN), and true negatives
(TN), from which Precision and Recall were calculated as fol-
lows:

TP TP

Tprrp  reeal=gpoeg D

Precision =
Spatial overlap between predicted and ground-truth masks is
quantified by the Intersection over Union (IoU) and the Dice
coefficient:

_ M M|

o 2|M N M|
|M U M|’

== ; @)
|M] + |M]

where M and M denote the predicted and ground-truth mask
regions respectively. Beside the IoU, we report the Dice coef-
ficient as the primary overlap metric rather than mean Aver-
age Precision (mAP), which aggregates Precision-Recall curves
across multiple IoU thresholds and object categories. In a
single-class, zero-shot segmentation setting, mAP conflates loc-
alization and classification performance in a manner that pen-
alizes confident detections at moderate overlap. The Dice coef-
ficient, by contrast, directly measures the fractional overlap of
predicted mask area and is more interpretable for binary seg-
mentation tasks with irregular objects such as waste dumps,
where mask boundaries are inherently imprecise.

5. Experimental Results

As illustrated in Figure |1} high-density waste clusters within
our Dhaka study region are predominantly concentrated in peri-
urban areas, particularly Tongi, Purbachal, and Keraniganj.
Conversely, central Dhaka exhibits comparatively fewer detec-
tions, likely reflecting more comprehensive formal waste col-
lection coverage or less dense street-view imagery coverage.
Annotated examples confirm a heterogeneous composition of
waste: ad-hoc roadside piles, accumulated bagged waste in
commercial corridors and riverbank deposits that pose direct
water contamination risks, as demonstrated by the examples
available in our web application.

5.1 Quantitative Performance

To maximize the detection of roadside waste while simultan-
eously limiting the number of false positives, we employed
a grid-search strategy for hyperparameter tuning to optimize
the F1-score. Specifically, we evaluated SAM 3 on the previ-
ously described Roboflow dataset for all combinations of con-
fidence thresholds 7. € {0.1,0.2, ..., 0.9} and mask thresholds

4 https://universe.roboflow.com/sgugit-v14tb/
trash-mezgh
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Tm € {0.1,0.2,...,1.0}. The best-performing configuration,
measured by the highest F1-score, is reported in Table[I] This
configuration corresponds to 7. = 0.7 and 7, = 0.1, yielding
an Fl-score of 0.54.

Table 1. Highest detection rate of SAM 3 achieved after hyper-
parameter fine tuning with a grid search strategy.

T Tm‘ Acc. Pre. Rec. F1 mloU mbDice
0.7 0.1‘92.0% 0.551 0.533 0.542 0.820 0.894

The effect of the mask threshold is visible qualitatively in Fig-
ure ] At7. = 0.7 and 7, = 0.1, only mask regions with the
highest predicted confidence are retained, producing compact
predictions that closely follow object boundaries. As shown,
the prediction closely follows the ground truth boundary.

(b) SAM 3 prediction

(a) ground truth annotation

Figure 4. Comparison of ground truth annotation and SAM 3
zero-shot segmentation on a sample image from the Roboflow
dataset at 7. = 0.7 and 7, = 0.1.

5.2 Qualitative Analysis

The Mapillary street-level imagery in Dhaka encompasses a
broad range of visual conditions, from clearly delineated road-
side waste accumulations to highly cluttered urban scenes in
which waste boundaries are ambiguous. The following ex-
amples illustrate the predictions of SAM 3 across this diverse
spectrum, thereby highlighting both the generalization capabil-
ity and the limitations of zero-shot segmentation in this context.

5.2.1 True Positive Detections SAM 3 demonstrated not-
able generalization across waste morphologies without any
task-specific training. In Figure @ the model accurately de-
lineates a large mixed organic and inorganic waste heap depos-
ited on a roadside verge, correctly excluding the adjacent road
surface and vehicles. In another example, Figure [5b]shows pre-
cise segmentation of densely packed polyethylene waste bags
stacked against a wall, where the model successfully resolved
individual bag boundaries. In Figure construction rubble
and demolition debris accumulated on a peri-urban lane are cor-
rectly identified despite their irregular geometry and absence of
conventional waste-like appearance, suggesting the model re-
sponds to contextual cues beyond color alone. The example in
Figure [5d]is particularly noteworthy: An open dump located at
a distance from the road, almost entirely overgrown by vegeta-
tion and adjacent to a drainage channel, is successfully masked,
demonstrating that the model is not limited to proximity and can
detect spatially displaced dumps visible in the image periphery.

5.2.2 False Positive Detections In the example illustrated
in Figure @ tree branches being carried on a person’s head
produce a loose, irregular silhouette that the model misinter-
prets as organic waste. Figure 51 illustrates a wrong segmenta-
tion of bulk fibrous materials, i.e., jute fibre on a transport cart,

(a) roadside waste heap (b) bagged waste pile

(f) jute fibre on cart

(g) bundled sacks on cargo truck (h) fruit vendor cart

Figure 5. True and False Positive segmentation results on exem-
plary Mapillary street-view imagery from Dhaka.

which resembles bundled waste in texture and morphology. In
Figure [Sgf a truck transporting large bundled sacks of soft ma-
terials are incorrectly detected as waste, presumably due to their
compact, clustered mass and texture closely resembling bagged
waste piles. Finally, Figure [5h] shows a roadside fruit vendor’s
cart triggering a false segmentation due to the compact mass.

A key limitation of the proposed approach lies in its lack of
scene-level contextual understanding, which leads to false pos-
itives for visually similar objects such as construction materials,
vegetation, or objects carried by humans. Future work could
integrate scene understanding to incorporate contextual con-
straints, such as distinguishing between static waste accumu-
lations and objects associated with human activity or transport-
ation. For instance, detections associated with moving objects
or human carriers could be filtered using temporal or semantic
cues.

5.3 Precise Roadside Waste Extent Localization

In this work, we used only the GPS coordinates associated with
each image as input for the heatmap generation. However, map-
ping detected sidewalk waste could benefit substantially from
going beyond simple localization and instead identifying not
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only the presence of waste in an image, but also its precise spa-
tial extent and quantity. Such information could further improve
and optimize waste management strategies.

At the same time, estimating the spatial dimensions of waste
from images is inherently challenging. This difficulty arises
from factors such as occlusions, varying illumination, and chan-
ging weather conditions, among others. Although the proposed
approach can estimate the spatial extent of detected roadside
waste, accurate placement requires that this extent, for example
in the form of a polygon, be mapped to the correct location in
2D space. Achieving this requires depth estimation.

Depth estimation is particularly challenging when image data
are acquired with heterogeneous and uncalibrated camera sys-
tems, for which the intrinsic and extrinsic parameters are un-
known, as is the case for Mapillary SVI. In addition, image
quality varied substantially due to different acquisition plat-
forms, including bicycle-, pedestrian-, and vehicle-based re-
cordings. As conventional depth estimation methods relying
on calibrated camera systems and multi-view geometric recon-
struction are not applicable to such heterogeneous image data,
a deep learning-based approach was used to estimate the depth
of segmented sidewalk waste in the images. Specifically, we
employed a fine-tuned version of Depth Anything V2
for outdoor metric depth estimatiorﬂ The model
leverages a Dense Vision Transformer architecture
with a DINOv2 backbone [2023).

The resulting depth information remains uncertain and of lim-
ited accuracy, as shown in Figure[6] While no depth is estimated
for the roadside waste on the left-hand side, a depth value is as-
signed to the roadside waste on the right-hand side. However,
because the waste extends along the street, the method provides
only a single depth value rather than a depth range, making it
unclear which part of the accumulation this value represents.
This limitation is partly caused by the uncalibrated nature of
the SVI data and the resulting propagation of uncertainties in
the image. Additionally, since SVI captures only the camera-
facing surface rather than the full volume and spatial extent of
the waste accumulation, precise area estimation is not feasible.

5.4 Application to other Urban Areas

To evaluate whether the proposed pipeline transfers to urban
environments beyond the primary study area, we applied the
identical zero-shot configuration (. = 0.7, 7, = 0.1) to
Mapillary street-view imagery from Nairobi, Kenya, without
any retraining or threshold adjustment. Of 7,228 processed im-
ages, 350 (4.8%) were flagged as containing roadside waste,
demonstrating that the framework remains operational and pro-
duces candidate detections in a substantially different urban and
geographic context without modification.

To assess the reliability of these detections, we conducted a
manual review of a random sample of 100 flagged images. Of
these, 32 were confirmed as genuine roadside waste, while the
majority reflected confusion with locally common visually sim-
ilar objects, consistent with the false-positive patterns observed
in Dhaka (Sec.[5.2.2). These results indicate that the zero-shot
approach transfers to a new city at the level of producing plaus-
ible candidate detections without any retraining.

5 https://huggingface.co/depth-anything/
Depth-Anything-V2-Metric-0Outdoor-Large-hf

Distance to trash pile: 28.0 m (92 ft)

Figure 6. Representative Mapillary image captured from an in-
vehicle perspective, along with the corresponding roadside waste
segmentation and successfully predicted depth with respect to the
camera’s GPS coordinates.

(a) roadside waste heap

(b) roadside sand pile
Figure 7. Representative detections from Nairobi, Kenya
6. Conclusion & Outlook

In this paper, we present an end-to-end framework for the detec-
tion and mapping of roadside waste in rapidly expanding urban
areas. Utilizing street-view imagery (SVI) from Mapillary, our
approach leverages SAM 3 for zero-shot semantic segmenta-
tion. The proposed framework culminates in an interactive web
application that visualizes the spatial density of roadside waste,
providing a valuable location-based decision-making system
for optimizing and monitoring municipal waste management.

However, the Mapillary street-view coverage in Dhaka is in-
complete, especially in narrow, frequently inaccessible alleys
and the interiors of informal settlements, despite these areas
potentially exhibiting a higher prevalence of waste accumu-
lation. Moreover, the heterogeneity in image capture dates
between 2023 and 2025 implies that the resulting detections
may represent historical rather than contemporaneous condi-
tions. However, the proposed approach is equally transferable
to more up-to-date SVI data sources, where available. Fu-
ture improvements in the availability of up-to-date street-view
imagery could be achieved by complementing crowdsourced
campaigns with organized, systematic data acquisition, for ex-
ample, using cameras mounted on government or other author-
itative vehicles to provide more consistent and comprehensive
spatial coverage. Our analysis reveals that while zero-shot seg-
mentation is primarily constrained by a lack of domain-specific
contextual reasoning, the scarcity of annotated segmentation
masks for roadside waste renders effective fine-tuning highly
challenging. Consequently, zero-shot segmentation remains the
most pragmatic choice for scalable deployment.
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