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ABSTRACT

Road slopes shape mobility patterns and drive the reliability of urban simulations.
Yet in most cities, road-level slope information remains scarce. We introduce Vi-
sion2Slope, a framework that leverages panoramic street view imagery to estimate
road slopes using computer vision techniques. The workflow consists of three steps:
(i) projecting panoramic images into road-aligned views; (ii) semantic-prompted im-
age deskewing to correct geometric distortion induced by camera orientation; and
(iii) a two-level slope estimation strategy that extracts point- and segment-level slope
and relief characteristics from road-edge geometry and iterative regression to reduce
outliers. Using Google Street View images from San Francisco and New York City,
the framework estimates slopes for over 60,000 locations and 17,000 street segments.
Point- and segment-level MAEs are 0.81°/0.57° and 0.72°/0.78°, respectively, with
segment relief errors of 1.70 and 1.66 m. Conditional bias analysis reveals the in-
fluence of street-level environmental features on estimation accuracy. The proposed
framework significantly outperforms the omnipresent 30 m digital elevation mod-
els and maintains robustness under simulated changes in camera orientation and
imaging conditions. As an open and scalable workflow, Vision2Slope emphasizes the
potential of street view imagery for cost-effective, detailed urban road slope map-
ping, enriching foundational data for vertical-aware urban analytics.
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1. Introduction

Roads weave through urban environments in complex spatial patterns (Xue et al.
2022). Besides a plethora of research on their two-dimensional layout, their third di-
mension — slope or relief — which reveals how urban form adapts to underlying
terrain, is progressively being brought into focus (Higgins 2019). As cities increasingly
expand toward sloped landscapes driven by population growth and land scarcity (Yang
et al. 2022, Shi et al. 2025), inclined road segments have become common features in
hilly and mountainous urban areas, such as San Francisco and Hong Kong (Figure 1).
Despite the role of road slope in shaping urban form, current urban digital twins and
3D city modeling efforts focus primarily on buildings and vegetation rather than road
networks, which often remain represented as flat surfaces (Ying et al. 2020, Zhao et al.
2023). This simplification hinders a wide range of urban analytics and applications.
For example, road slope shapes human and vehicular mobility (Faria et al. 2019, Jiang
et al. 2025), influences flood routing (van Ginkel et al. 2021), affects energy consump-
tion (Rosero et al. 2021), and constrains transportation planning toward sustainable
development (Larranaga et al. 2016), but most of such analyses have not evolved into
3D like those focusing on other urban features. A key hindrance to such developments
is the lack of widely available data suitable to support them. These gaps call for ac-
curate, spatially explicit estimation of road slope in urban areas for both enhancing
existing urban analysis and management and developing new use cases.

Beyond traditional survey measurements, various geospatial data sources have been
used to estimate road slope. Broadly, existing methods fall into two categories: over-
head and ground-level observations. From the overhead perspective, digital elevation
models (DEMs) derived from satellite or aerial imagery provide large-scale elevation
coverage. However, their moderate resolution, typically 10-30 m, tends to smooth out
the fine undulations of urban roads with mixed effects, particularly in complex terrain
or densely vegetated areas (Liu et al. 2018, Xiong et al. 2025). Ground-level sens-
ing offers higher fidelity. On-vehicle Light Detection and Ranging (LiDAR) systems
can capture highly detailed 3D point clouds of road surfaces (Yadav et al. 2017), but
their operational cost and limited spatial coverage hinder broad application. Crowd-
sourced GPS trajectories from smartphones and vehicles offer a cost-effective alter-
native (Gupta et al. 2020), though they are often compromised by signal noise and
multi-path interference in urban canyons. While these approaches have advanced our
capacity to quantify road slope, they remain constrained by cost, coverage, and ob-
servation perspective. Further, when accurate data is collected by authorities and
companies, it is rarely available openly. Consequently, there is a growing need for
cost-efficient and robust data sources that can perceive slope to bridge the gap be-
tween fine geometric accuracy and large-scale applicability.

Street View Imagery (SVI), primarily captured and maintained by proprietary ser-
vices such as Google Street View (GSV)', Baidu Street View”, and crowdsourced
platforms such as Mapillary®, provides a promising alternative for extracting urban
road information. Unlike overhead imagery, SVI captures scenes from the ground-level
perspective at a high spatial granularity, and it provides a direct and high-resolution
insight into the geometry and visual context of road surfaces. This viewpoint, thanks
to the usually high spatial frequency of acquisition and predominantly high quality of
imagery, preserves subtle vertical variations that are often smoothed out or obscured

Thttps://www.google.com/maps
2https://map.baidu.com/
Shttps://www.mapillary.com/
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Urban road slopes worldwide across diverse terrains
Street view imagery provides clear cues of road slopes
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Figure 1. Four examples of slope roads from around the world. Source of imagery:
Google Street View.

in aerial data, particularly in dense urban environments. Therefore, SVI creates a
unique opportunity to recover fine-grained road geometry from readily accessible im-
agery. SVI provides rich geometric and semantic information, and advances in com-
puter vision have greatly expanded what can be extracted from it (Fan et al. 2023).
Deep learning models now support a wide range of street-level applications, includ-
ing street function classification (Fang et al. 2022, Huang et al. 2024), infrastructure
assessment (Szczesniak et al. 2022, Ma el al. 2025), and perception modeling (Ge-
bru et al. 2017, Danish et al. 2025). Despite this progress, most efforts center on 2D
scene understanding, and the use of SVI to derive 3D road geometry remains limited.
While stereoscopic and multi-view SVI have enabled urban 3D reconstruction (Torii
et al. 2009, Micusik and Kosecka 2009, Qin et al. 2024), these approaches depend on
controlled camera settings, dense viewpoints, or computationally heavy pipelines, con-
straining their scalability for citywide use. This gap highlights the need for a scalable
approach that harnesses widely available single-view SVI to directly estimate road
slope in urban environments.

Among existing SVI-based studies, very few provide a unified approach for convert-
ing single-view street images into reliable, citywide estimates of road slope. Earlier
attempts were typically limited to small-scale demonstrations, which relied on explicit
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camera metadata or employed simplified heuristics that do not generalize to complex
urban environments. Moreover, very few studies have analyzed the bias effects of ur-
ban forms. Inspired by them, we are determined to explore the application potential
of SVI in large-scale road slope estimation and raise three research questions:

(1) To what extent do urban street-level visual environments encode information
about road slope?

(2) How do image-related uncertainties, such as perspective distortion and visual
ambiguity, affect the inference of road slope from single-view imagery?

(3) What characteristics of urban morphology systematically contribute to biases in
slope estimation?

To answer these questions and address the mentioned limitations, our framework
offers a fully image-driven, metadata-free pipeline that scales to entire cities while
systematically correcting the geometric distortions inherent in panoramic SVI.

The main contributions of this study are as follows:

e Developing a new perspective and scalable framework, Vision2Slope, for urban
road slope estimation using a single panoramic SVI. The framework integrates
data acquisition and processing, semantic-prompted image deskewing, and two-
level slope estimation within a unified and explicit workflow (Section 3).

e Conducting intensive experiments in two major U.S. cities with distinct urban
contexts: San Francisco and New York City. A total of over 60,000 points and
17,000 road segments are estimated and mapped. The results demonstrate that
our method achieves accepted accuracy in road slope estimation, compared to
ground-truth slopes derived from high-resolution DEMs (Section 4.3 to Sec-
tion 4.6).

e Systematically analyzing the uncertainties associated with urban built-up fea-
tures and camera parameters, and uncovering the effects of image quality degra-
dation (pitch, roll, brightness, field of view) to assess the robustness and gener-
alizability of the framework and future application (Section 4.7).

In summary, this study introduces a data- and knowledge-driven framework for ur-
ban road slope estimation from street-view imagery using computer vision techniques.
The proposed solution offers a cost-effective and scalable approach to obtaining large-
scale 3D road network information, overcoming the limitations of conventional eleva-
tion and surveying data. By validating the reliability of SVI for extracting vertical
road geometry, this work advances the contribution of street-level imagery to urban
3D modeling and supports the development of accurate, fine-grained, and continually
updatable urban digital twins.

2. Related work

2.1. Traditional data sources for road slope estimation

Road slope estimation has been conducted using various data sources, each charac-
terized by distinct differences in spatial resolution, road coverage (i.e., the effective
coverage of road surfaces usable for slope estimation), cost, and observation perspec-
tive, as summarized in Table 1.

Traditional field surveys capture detailed elevation points along the road but are
labor-intensive and costly, making them unsuitable for large-scale applications. Remote
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sensing techniques address this limitation by enabling large-scale mapping of road
slopes from an overhead perspective. Unmanned Aerial Vehicles (UAVs) equipped with
high-resolution cameras or LiDAR sensors can capture detailed 3D information on road
surfaces and provide flexible data acquisition and rapid coverage of target areas (Gao
et al. 2021). However, their operational costs, regulatory constraints, and limited flight
endurance hinder widespread use. Satellite-based observations offer a cost-effective
alternative for large-scale road slope estimation. Medium-resolution DEMs derived
from satellite observation, such as Shuttle Radar Topography Mission and Advanced
Land Observing Satellite World 3D - 30 m, are widely used (Liu ¢t al. 2018, Wang
et al. 2021, Chen et al. 2022). Yet their spatial resolution (typically 30 m or coarser)
is insufficient to capture the fine-scale variations of roads, especially in dense urban
environments (El Masri and Bigazzi 2019). Although some regional DEMs provide
higher resolution (e.g., 5 m or 10 m) and finer road elevation change (Sun et al. 2019,
Hosseini et al. 2024), their coverage is limited and often unavailable. Notably, while
overhead observations provide efficient ways to capture large-scale road slope, they
all face difficulties in areas with tall buildings and dense vegetation canopies. These
limitations not only degrade the original data quality but also impose a high cost on
processing large datasets, as automatic editing of vegetation and buildings is still not
ideal.

Ground-based data provides another perspective for road slope estimation. This
data type refers to measurements collected on the ground, typically within road net-
work, rather than from an overhead view. Compared with overhead observations, it
captures road information more directly without obstruction from the top canopies.
Mobile laser LiDAR is a representative ground-based data that includes detailed 3D
point clouds of roads. It offers good coverage along road networks and achieves rela-
tively high vertical accuracy (Yang et al. 2013, Salazar Miranda et al. 2022). Although
it enables the reconstruction of complex 3D road structures, its widespread use is con-
strained by the high cost of equipment and the complexity of data processing. In con-
trast, GPS trajectories from smartphones or vehicles provide a cost-effective option for
estimating road slopes (Yazdani Boroujeni and Frey 2014, John et al. 2017, McKenzie
and Janowicz 2017). They record the 3D coordinates (longitude, latitude, elevation)
of points over time, from which the road slope can be inferred by calculating horizon-
tal and vertical differences. However, the positional accuracy of consumer-grade GPS
receivers is often degraded by signal noise and multipath effects, especially in dense
urban canyons (Yang et al. 2023). Despite various algorithms developed to address
these issues, substantial efforts are still required for data cleaning and map match-
ing. Furthermore, the availability of large-scale GPS datasets is restricted by privacy
concerns (Seidl et al. 2016). Similar limitations apply to in-vehicle sensors, such as
accelerometers, gyroscopes, and fuel consumption data, which measure the variations
of value changes along trajectories (Du et al. 2016, Jauch et al. 2018, Fan et al. 2022).
Road slopes can be estimated by fitting the trend of these measurements with distance.
Yet, their accuracy depends heavily on sampling frequency, as short spatial intervals
are needed to capture slope variations. Consequently, the derived slope profiles are
often discontinuous, and the data quality varies significantly across different vehicles
and sensor modes.

These limitations highlight the need to find a trade-off among different data sources
to balance resolution, road coverage, and cost for effective road slope estimation. It is
also essential to develop methods that address the obstruction issues associated with
overhead perspectives. In this regard, SVI presents a promising alternative and has
unique advantages. 1) SVI is organized as dense sampling points, each with a unique
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Table 1. General comparison of data sources for road slope estimation.

Data Source Resolution Road Coverage Cost Perspective
Field survey 0000 ( [ J [ Ground-based
Mobile LiDAR 0000 0000 ( 1 J Ground-based
UAV photogrammetry 000 000 () Overhead
GPS & in-vehicle sensors ( 1] 000 000 Ground-based
Regional DEMs ( 1 J 000 000 Overhead
Global DEMs o () 0000 Overhead

Note: More filled circles indicate better. For Cost, more means more affordable.

identifier. Although the distance between points is not fixed, the participatory up-
loads by residents and time-series updates help fill spatial gaps, providing adequate
resolution for road slope estimation; 2) In terms of road coverage, platforms such as
Google, Baidu, and Mapillary have extensively covered drivable roads worldwide. SVIs
inherently contain rich visual information about road surfaces, including color and ge-
ometry, similar to mobile LiDAR; 3) The cost of SVIs is relatively low. Commercial
sources such as GSV or Baidu are more affordable than LiDAR systems or field sur-
veys. Several open projects also offer freely accessible annotated SVI datasets, e.g.
NUS Global Streetscapes (Hou et al. 2024); 4) as trajectory-based data, SVIs largely
mitigate the adverse effects of vegetation canopies and high-rise buildings when cap-
turing road information, like point clouds from mobile LIDAR. Considering these ad-
vantages, SVIs are likely to represent a valuable data source for large-scale road slope
estimation. However, their potential in this field remains underexplored, particularly
for large-scale urban analyses.

2.2. SVI-based approaches for 3D urban information extraction

With the increasing availability of SVI, it has become a key data source for analyzing
urban environments from a ground perspective (Biljecki and Ito 2021). SVI provides
rich visual cues about urban geometry and structures, enabling 3D characterization of
streets, buildings, and public spaces (Zhang et al. 2021). Depending on the acquisition
mode, SVI can be categorized into single-frame and panoramic imagery. Among them,
panoramic imagery, which captures the full 360-degree street scene, offers compre-
hensive spatial context and is particularly valuable for 3D urban reconstruction and
spatial understanding tasks (Fan et al. 2025).

Existing methods for extracting 3D information from SVI generally fall into two cat-
egories: multi-view stereo reconstruction and single-view inference. Multi-view stereo
methods utilize pairs or sequences of SVIs captured from different viewpoints to re-
cover 3D scene geometry through feature matching, camera pose estimation, and dense
point cloud generation (Schonberger and Frahm 2016). Frameworks such as OpenSfM*
and COLMAP® represent typical implementations. However, their performance heav-
ily depends on dense spatial sampling and accurate camera metadata, which are often
difficult to guarantee in large-scale research due to limited overlap between adjacent

4https://github.com/mapillary /OpenSfM
Shttps://github.com/colmap/colmap
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viewpoints, camera tilt, and calibration errors. Moreover, the computational demands
of multi-view reconstruction limit its scalability to city-scale applications.

Single-view inference methods aim to derive 3D geospatial information from a sin-
gle SVI (Pang and Biljecki 2022). Compared with multi-view approaches, single-view
methods are more efficient because they do not require image-pair matching or precise
viewpoint alignment. Recent advances in deep learning have enabled detailed monoc-
ular reconstruction of building models directly from individual SVIs (Bacharidis et al.
2020). For instance, several studies have applied deep neural networks to estimate
block-level building heights, leveraging facade features and geometric transformations
captured in SVIs (Yan and Huang 2022, Fan et al. 2024, Yan et al. 2025). Similarly,
the lowest elevations of residential buildings have been inferred by integrating depth
estimation with visual features from SVI (Ning et al. 2022b). Despite these advances,
most existing studies have focused on building-related features, whereas the road sur-
face itself, particularly road slope, has received little attention.

Very few studies have explored the use of SVI for road slope estimation. Lu and
Karimi (2015) applied edge detection and calculated the angular differences between
edges to infer slopes. This attempt illustrated that SVI could, in principle, be used for
slope inference, but the approach remained heuristic, was demonstrated only on a very
limited area, and did not account for the visual complexity of real urban environments.
The pitch angle recorded in commercial SVI metadata also provides information about
road slope under certain conditions (Ning e/ al. 2022a). The pitch angle refers to the
angle between the camera’s optical axis and the horizontal plane; when the cam-
era points toward the road surface, it approximately corresponds to the road slope.
However, pitch angle data are often unavailable in open-access SVI datasets. Even
in commercial datasets where such metadata exist, data-sharing restrictions prevent
public access. Furthermore, differences in camera models and mounting positions can
introduce inconsistencies, making pitch angles unreliable as direct indicators of road
slope. Therefore, a more robust and accessible method for estimating road slopes from
single SVI images is needed. Building on these gaps, our approach departs from prior
work by correcting the inherent geometric distortions in panoramic SVI and estimating
the road’s vertical geometry through a combination of deep learning and regression-
based inference. Rather than relying on camera metadata, we directly recover road
slope from a single SVI using a deskewing-regression pipeline, enabling large-scale
application without any external high-resolution elevation data.

3. Methodology

Our core idea is to leverage the semantic and geometric features found in SVI to cap-
ture variations in road edges for estimating road slopes at the point-level and segment-
level in lateral views from panoramas. We focus on lateral views because they explicitly
capture road curbs and pavement boundaries on both sides of the street, which provide
stable geometric references under most urban settings, as illustrated in the top panels
of Figure 2. In an idealized 3D scene where the camera is mounted rigidly above the
vehicle and perfectly aligned with the road surface (Figure 2, bottom panel), the ap-
parent inclination of road edges in lateral views would directly correspond to the true
road slope. However, in real-world SVI, lateral images are often skewed. This skewing
arises from two coupled factors: (1) the actual longitudinal slope of the road and (2)
uncertainties in camera geometry, including pitch and roll deviations caused by vehicle
motion, uneven pavement, or imperfect sensor calibration. Importantly, both factors
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manifest as apparent angular deviations of vertical or near-vertical structures in the
lateral views. While these effects are inseparable at the raw image level, road curbs
remain a critical and consistently observable cue for slope estimation. Our method is
therefore designed to disentangle road-induced inclination from camera-induced distor-
tion through a geometry-aware correction procedure, followed by robust aggregation
of curb-derived slope estimates at both point and segment levels.

Left side Right side

Figure 2. Conceptual illustration of an urban intersection viewed from street-level
perspectives. The top panels show left-side and right-side street-view scenes with
distinct visibility conditions. The bottom panel provides a plan-view context of the
same intersection.

The proposed framework, as shown in Figure 3, consists of several key components:
data collection and processing, semantic-prompted SVI deskewing, and multi-level
road slope estimation.
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Figure 3. Conceptual modeling and general workflow of the Vision2Slope framework,
including data collection, semantic-prompted deskewing, and multi-level road slope
estimation. SVI data source: Google Street View.

3.1. Data collection and processing

3.1.1.  Data collection and sampling points

The first step of our framework was the collection of SVI data. Panoramic images were
obtained through the GSV API along the road network, sampled at regular intervals
(i.e., every 30 m) to ensure sufficient coverage. The data source of the road network
is OpenStreetMap (OSM)°, which is accessed by OSMnx (Boeing 2025). Considering

Shttps://www.openstreetmap.org/
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the sparse distribution of roads in natural areas such as Central Park in NYC, the
sampling was focused on built-up regions with dense road networks. To further reduce
potential uncertainties, sampling points located within a 15 m buffer of road inter-
sections were excluded, as local slope variations tend to be lower near intersections
because intersection areas are usually relatively flat. After spatial filtering, a final
quality control was performed to ensure the reliability of the visual data. Panoramas
with poor resolution or evident artifacts were manually discarded and replaced with
the latest available images. Following these procedures, a total of 32,680 panoramic
images were collected for San Francisco and 28,506 for NYC (accessed in June 2025).

3.1.2.  Transforming panoramic images to perspective views

The panoramic images were converted into perspective projections using the pinhole
camera model. Specifically, a fixed field of view (90°) was defined, and each panorama
was projected onto a 2D plane and selected with the side view images through the
ZenSVI package (Ito et al. 2025). Only the left- and right-side views were retained for
further analysis, while the front- and rear-view images were excluded, as they contain
limited geometric information for reliable slope estimation.

3.2. Semantic-prompted SVI deskewing

SVI often exhibits vertical tilt distortions along road surfaces due to uneven road condi-
tions and varying camera mounting angles. These distortions can substantially reduce
the accuracy of road slope estimation. To mitigate this issue, we develop a semantic-
prompted deskewing method that estimates the tilt angle from structural lines and
corrects the image through geometric transformation. As illustrated in Figure 4, the
workflow comprises three main steps: semantic segmentation of urban elements, ex-
traction of structural lines, and tilt angle estimation followed by correction.

3.2.1.  Semantic segmentation of urban elements

We adopted the Mask2Former model to segment essential urban features to prompt
the imagery deskewing. Mask2Former is developed by Meta with a transformer-based
architecture, which captures long-range dependencies within the image by modeling
global context through multi-scale attention mechanisms (Cheng et al. 2022). This
capability allows the model to distinguish between complex and visually similar urban
elements. The generated segmentation masks serve as the foundation for subsequent
structural feature extraction, enabling the isolation of human-made elements (e.g.,
buildings, walls, guard rails) that provide semantic prompts for tilt angle estimation,
while excluding trees that may introduce noise into the analysis.

3.2.2.  Structural line extraction and filtering

To detect candidate structural lines that could serve as reliable references for tilt es-
timation, we first converted the imagery to grayscale and applied a Gaussian blurring
operation to suppress high-frequency noise and enhance edge continuity. Subsequently,
the Canny edge detector was employed to extract edge maps that delineate prominent
intensity transitions in SVIs. This preprocessing helps stabilize line detection, particu-
larly in complex urban scenes where textures, shadows, and reflections might otherwise
lead to fragmented or spurious edges.
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Figure 4. Workflow of the semantic-prompted deskewing module. Source of the
imagery: Google Street View.

After edge extraction, we adopted the Progressive Probabilistic Hough Transform
(PPHT) to identify line segments. Unlike the common Hough Transform, which ac-
cumulates votes in the entire parameter space, PPHT performs iterative probabilistic
sampling of edge points and dynamically updates the line parameters as more evidence
accumulates (Matas et al. 2000). The result of this step is a set of candidate linear
features that represent the dominant structural elements within each image.

To refine these candidate lines, we applied a two-step filtering strategy based on
geometric and semantic constraints. Geometrically, only lines whose orientations de-
viated by less than 10 degrees from the vertical direction and whose lengths exceeded
50 pixels were retained, ensuring that the remaining features corresponded to promi-
nent, near-vertical structures. Semantically, we cross-referenced these lines with object
masks derived from semantic segmentation. Lines located within building, wall, fence,
and guard rail masks were preserved as structurally reliable, while those intersect-
ing tree masks were discarded. Tree branches, despite their linear appearance, rarely
maintain consistent vertical alignment and could introduce significant noise into the
tilt estimation.

3.2.8. Tilt angle estimation and image correction

The tilt angle of SVI was estimated based on the orientation of the detected structural
lines after filtering. For each line segment, we calculated its deviation angle from the
true vertical direction. To enhance robustness against noise and irregular features, we
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aggregated all deviation angles within the image and used the median value as the
representative tilt angle, which effectively suppresses outliers caused by non-structural
edges or occlusions. Once the tilt angle was determined, we corrected the vertical dis-
tortion by rotating the entire SVI around its center using the warpAffine function in
OpenCV. This affine transformation realigns the vertical structures, ensuring that the
corrected image approximates a true horizontal viewing geometry. During the rotation
process, blank boundary areas inevitably appear due to the transformation. To main-
tain visual continuity and avoid introducing artificial patterns, we filled these areas
using the nearest pixel values from surrounding regions. This interpolation method
preserves the local texture and color consistency of the original image.

3.3. Two-level road slope estimation

After obtaining the deskewed SVI, we estimated the road slope in two-level, i.e., point-
level and segment-level. In this stage, three attributes of road slope were derived: point-
level slope, segment-level slope, and segment-level relief. The main idea is to first infer
the local slope at each sampled point by modeling the variations in the coordinates
of points along the road edge within the SVI, and then aggregate these point-level
estimates to characterize the overall slope and relief of entire road segments, as shown
in Figure 5.

3.3.1.  Point-level slope estimation

For each sampling point, we estimated the road slope using the corresponding two
side view deskewed perspective images at that point. Similar to the deskewing step,
we used the Mask2Former model to generate a road mask through semantic segmen-
tation. Because the segmentation model produces separate classes for the main road
surface, road markings, and crosswalks, we merged these three classes to obtain a
single binary road mask. To fill small holes in the mask, we applied a morphological
closing operation, which is a dilation followed by an erosion. We then extracted the
uppermost and largest contour of the closed mask to approximate the road edge. The
upper boundary of the contour is converted to candidate points. A straight line was
fitted to these points using the RANSAC algorithm. RANSAC iteratively selects ran-
dom subsets of the data, fits a model to these hypothetical inliers, and tests all points
against the model. The consensus set of inliers is used to update the model parameters.
This procedure is robust to outliers because the fitted line is determined primarily by
points that agree with the model. We configured the maximum number of iterations
and the distance threshold in the scikit-learn implementation and computed the slope
of the final fitted line as the arctangent of its angle relative to the horizontal axis.
Each sampling point has two side-view images and thus yields two independent slope
estimation values. To mitigate the influence of occlusion and noise, we combine the
two estimates using a weighted average, where the weight is proportional to the road
area in the corresponding mask, giving higher confidence to masks with larger road
area. Notably, the absolute value of the slope was used for the final estimation, as the
slope direction depends on the camera’s viewing orientation.

3.8.2.  Segment-level slope and relief estimation

Each road segment consists of multiple sampling points. To calculate the segment-
level road slope, we aggregated the point-level slope estimates within each segment.
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Rather than directly using a simple arithmetic mean, which is highly sensitive to ex-
treme values, the segment-level slope was derived from aggregated point-level slopes
with explicit treatment of outliers. Although a median-based estimator could provide
robustness against extreme outliers, it treats all retained observations equally and
ignores systematic variations among valid point-level estimates caused by local occlu-
sions, partial visibility of road edges, or segmentation uncertainty. Outliers in point-
level estimates may bias the segment-level slope and relief. To mitigate this effect
while preserving information from valid but heterogeneous observations, we employed
an iterative Huber regression to filter point-level slopes. Huber regression is a robust
method that effectively handles outliers by combining the advantages of ordinary least
squares (OLS) and least absolute deviations (LAD) (Huber 1983). It behaves like OLS
for small residuals and like LAD for large residuals.

Considering the uncertainty and potential positional bias of outliers along a street
segment, a single robust fit may still be influenced by clustered local artifacts. There-
fore, we applied Huber regression iteratively. In each iteration, a sliding window shifted
the first point to the end of the sequence, resembling a stacking operation, so that each
point occupied different relative positions during regression. The maximum number
of iterations was set to the number of points within the segment. After all iterations,
the final slope of each point was obtained as the average prediction across iterations.
The segment-level slope was then derived as the mean of the filtered point-level slopes
along the segment.

The segment-level relief was defined as the elevation difference between the two
endpoints of a road segment. Beyond serving as a simple geometric descriptor, the
segment-level relief represents the cumulative vertical variation experienced along the
road, encapsulating how local slope fluctuations integrate over distance. It provides an
intuitive and comprehensive indicator of the terrain’s vertical structure, bridging the
gap between local slope and the broader topographic context of the street network.
The segment-level relief was computed by multiplying the segment-level slope by the
segment length calculated by geometry in OSM road data.

4. Experiments and results

4.1. Experiment setting and data source

In this study, we selected San Francisco (SF) and Manhattan in New York City (NYC)
as our study areas due to their contrasting topography conditions, different urban
morphology, and extensive availability of SVI. SF is characterized by its hilly terrain,
with numerous steep roads and varying elevations, making it an ideal location to test
the effectiveness of our framework. NYC’s Manhattan presents a contrasting urban
landscape with relatively flat terrain but dense urban infrastructure.

For data sources, we used four main datasets: road networks, building footprints,
DEMs, and SVI. The road networks and building footprints in both cities were ob-
tained from OSM. Road networks were used to sample SVI locations and aggregate
point-level slope estimates to segment-level metrics. Building footprints were used to
calculate the distance from the observation point to the nearest building as a sensitive
factor in the accuracy analysis. Regarding DEMs, we selected two resolution DEMs in
our study. The availability of high-resolution DEMs (1-meter) from the 3DEP project
of the United States Geological Survey in both cities allows for accurate validation of
our road slope estimations. Specifically, we sampled elevations at buffered locations
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centered on available SVI points spaced at 30 m intervals along the road direction, com-
puted elevation differences between adjacent samples, and derived point-level slopes
as the ground-truth reference. It is important to note that this 30 m value refers to
the sampling interval, rather than the spatial resolution of the DEM, which remains
at meter-level detail. Meanwhile, we calculated the mean values of the point slope
within each segment as the reference for ther the segment slope. We accessed this
DEM data using Opentopography (OpenTopography 2021). Moreover, we used the
global 30 m DEM, Copernicus DEM’, to compare the performance difference between
SVI-based and medium-resolution DEM-based road slope. For the SVI data source,
we utilized GSV, which offers extensive coverage, consistent acquisition protocols, and
high-quality panoramic views of street scenes.

Regarding the detailed model configuration, we employed the Swin-L. backbone of
the Mask2Former architecture, pretrained on the Mapillary Vistas dataset compris-
ing over 60 urban scene classes (Neuhold et al. 2017). This model was selected for
its proven capability in capturing complex street-level semantics, achieving a mean
Intersection over Union of 63.2, and for its public availability on the Hugging Face
platform. To ensure the stability of geometric feature extraction, the parameters of
PPHT were tuned to effectively suppress outlier lines. Specifically, the minimum num-
ber of votes and minimum line length were both set to 50, while the maximum gap
between line segments was adjusted to maintain consistent local angle estimation. For
the subsequent RANSAC-based line fitting, we adopted 1,000 iterations and a residual
threshold of 1 to enhance robustness against noise and local irregularities. Meanwhile,
considering the uncertainty of some short road edge boundaries with a single point
due to parked cars or other elements, we set a minimum node threshold of 10 to en-
sure that each fitted line segment contains a sufficient number of valid edge points.
All experiments were executed on a workstation equipped with an NVIDIA RTX 4090
GPU and 128 GB of system memory, providing sufficient computational capacity for
efficient model inference and large-scale evaluation.

4.2. Fvaluation metrics

We assessed the accuracy of road slope estimation at both point and segment lev-
els. Two types of metrics were used: residual difference and absolute difference. The
residual difference is defined as the ground truth minus the estimated value, reflecting
systematic bias. The absolute difference is the absolute value of the residual, reflect-
ing overall accuracy. For residual differences, we reported the median error (ME) and
skewness to describe error distribution. For evaluating absolute differences, we used
Root Mean Square Error (RMSE), Mean Absolute Error (MAE), and symmetric Mean
Absolute Percentage Error (sMAPE).

4.3. Spatial map of estimated road slope

In total, we collected data for 31,897 and 28,110 points, and 10,740 and 6,720 segments
in SF and NYC, respectively. Figure 6 shows the spatial distribution of road slopes in
SF, providing a multi-scale view from point-level estimation to aggregated segment-
level measures. Panel (a) presents the point-level slope map, revealing fine-grained
variations across the urban terrain, with steeper slopes concentrated in several hilly
areas. Panel (b) displays the segment-level slope map, where local slope estimates are

Thttps://collections.sentinel-hub.com/copernicus-dem/
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smoothed into a more continuous pattern that captures the structural slope character-
istics of the street network. Panel (c) illustrates the segment-level relief, defined as the
elevation difference between the endpoints of each road segment, which closely corre-
sponds to the city’s overall topographic relief. The zoomed-in maps demonstrate that
aggregating slopes from point to segment effectively reduces noise while preserving
meaningful elevation gradients at the block scale. The histograms below summarize
the statistical distributions of slope and relief, with medians of 1.91°, 1.98°, and 4.06
m, respectively.

Figure B1 highlights the relatively flat road slope of NYC. Panel (a) reveals subtle
variations mainly concentrated along the northern and southern edges of the island
where terrain relief occurs. Panel (b) clearly delineates slightly elevated corridors in
Upper Manhattan. Panel (c) mirrors the city’s gentle but structured relief pattern.
The histograms at the bottom depict the statistical distributions of slope and relief
values, with median values of 1.12°, 1.27°, and 2.42 m, respectively, indicating that
most roads are nearly flat with modest elevation differences.

4.4. Performance assessment

We evaluated a large number of diverse samples in the two cities. In SF, the assessment
included 8,893 sampling points and 1,896 road segments, while in NYC, 7,103 sampling
points and 1,820 road segments were analyzed. The data distributions of the estimation
results and their deviations from ground truth are shown in Figure 7 and Figure B2.

4.4.1.  Results in San Francisco

In SF, the results show strong consistency with the reference data at both point and
segment levels. Regression analyses yield slope estimates around 0.8 and Pearson’s
r above 0.9 (Figure 7), confirming high overall accuracy in this hilly environment.
The residuals are slightly right-skewed, with small mean errors (ME < 0.25° or 0.25
m), indicating a mild underestimation. Stratified by slope intervals, the model slightly
overestimates gentle slopes (0-2°) but underestimates steeper ones (; 5°), consistent
with shifts in residual skewness. As summarized in Table 2, the RMSE and MAE val-
ues (approximately 1° and 2-3 m) demonstrate strong agreement with ground truth,
while SMAPE values near 38% indicate reliable performance across varying terrains.
Although absolute errors increase for steeper slopes, the relative accuracy improves,
suggesting good robustness in complex topography. Additionally, we examined the
effect of filtering on estimation performance in SF (Figure A1) and analyzed the rela-
tionship between segment-level slope and the coefficient of variation of slope estimates
(Figure A2). Overall, these supplementary analyses confirm that the proposed filter-
ing strategy improves within-segment slope consistency and that estimation variability
systematically decreases with increasing segment-level slope.

4.4.2.  Results in New York Clity

In contrast, the results in NYC show moderate but consistent accuracy, reflecting chal-
lenges posed by its flat terrain and dense built environment. Correlations (Pearson’s r
= 0.53-0.74) remain reasonable across scales, with the strongest agreement observed
in segment-level relief (Figure B2). Residuals are nearly symmetric for point-level slope
but left-skewed for segment estimates, with negative MEs suggesting a tendency to-
ward overestimation. This bias diminishes as slope estimates increase, indicating that
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(a) 3D view of San Francisco’s hilly terrain
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Figure 6. (a) A 3D scene illustrating the hilliness in SF (b) Point-level road slope

estimation, (¢) Segment-level slope map. (d) Segment-level relief map. Basemap:
CARTO and OpenStreetMap contributors.
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Figure 7. Comparison of point-based and segment-based slope and relief estimations
against ground truth (GT) in San Francisco. (a, c, e) Scatter plots between
estimated and GT values with regression lines (black) and 1:1 lines (red). Color
scales represent point density. (b, d, f) Histograms of estimation differences grouped
by slope or relief intervals: 0-2°, 2-5°, > 5°, and all data. Median and skewness
values are shown for each distribution.
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Table 2. Absolute error of slope and relief estimation in San Francisco.

Metric Range RMSE MAE sMAPE (%) N
All 1.09 0.81 38.63 8893
. 0—2° 0.91 0.65 74.30 2832
Point slope (°)
2—5° 1.01 0.78 27.70 3017
> 5° 1.30 1.00 16.29 3044
All 1.01 0.72 38.49 1896
o 0—2° 0.94 0.66 69.27 702
Segment slope (°)
2—5° 0.85 0.66 22.95 761
> 5° 1.33 0.93 15.91 433
All 2.86 1.70 37.36 1896
Segment relief (m) 0-2 3.16 1.63 66.41 702
2-5° 2.28 1.53 22.74 761
> 5° 3.24 2.11 15.95 433

the framework performs better in relatively steeper urban areas. As shown in Table B1,
RMSE and MAE values are generally below 1° for slope and around 2 m for relief.
Although the sMAPE values are higher due to NYC’s dominance of gentle slopes (this
point is discussed in Section 5.2), the relative accuracy improves notably in higher
slope intervals.

4.5. Conditional bias analysis

The accuracy of road slope estimation can be influenced by multiple factors, such as
road characteristics and street openness. To systematically assess these influences, we
conducted a conditional bias analysis by stratifying estimation errors according to key
variables. Sampling points in SF were used for this analysis due to the city’s diverse
topography and overall strong model performance.

Figure 8 illustrates the effects of road pixel count and car pixel count on point-level
slope estimation. The road pixel count represents the visible road area in SVI, which is
critical for semantic segmentation and road edge detection. The car pixel count reflects
the extent of vehicle presence, which may occlude the road surface and hinder slope
estimation. Both variables were divided into ten deciles, and the MAE was calculated
for each combination. The results indicate that higher car pixel counts are associated
with increased MAE, suggesting that vehicle occlusion degrades estimation accuracy
(Figure 8(a)). Interestingly, very low car pixel counts also correspond to higher MAE
(Figure 8(b)), likely because these cases often occur on narrow or partially occluded
roads where the visible road area is limited. In contrast, higher road pixel counts
generally lead to lower MAE, implying that larger visible road areas enhance the
accuracy of slope estimation.
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Figure 8. Effect of road pixel count and car pixel count on road slope estimation.
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each variable appear in the top and right plots. Sample images (a—d) illustrate
representative cells. Source of imagery: Google Street View.

The interaction between these two factors is also notable. The lowest MAE occurs
when the visible road area is large and vehicle presence is minimal (Figure 8(d)).
Conversely, both the upper-right corner (high road pixel count and high car pixel
count) and the lower-left corner (low road pixel count and low car pixel count) of
the response surface exhibit higher MAE. These patterns suggest that insufficiently
visible road edges whether due to vehicle obstruction or limited road exposure, can
substantially increase estimation error. Figure &(c) exemplifies such a case, where cars
obstruct portions of the visible road surface despite a relatively large overall road
area. Deskewing is a critical step in our framework, as it corrects tilt distortions in
SVI images that can significantly affect slope estimation. Two key factors influence the
deskewing performance: the number of structural lines detected and the distance from
the viewpoint to the nearest building. The structural line count reflects the availability
of vertical features used to estimate the tilt angle, while the building distance indicates
the proximity of stable reference structures. To quantitatively analyze their effects,
we divided both factors into deciles and calculated the MAE for each combination.
The results reveal that both excessively close and distant buildings lead to higher
MAE. In contrast, a greater number of structural lines generally corresponds to lower
MAE, indicating that abundant vertical features enhance tilt angle estimation and,
consequently, slope accuracy.

As illustrated in Figure 9(a) and (c), well-ordered building facades with sufficient
structural lines yield more stable corrections. Conversely, scenarios with few detectable
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Figure 9. Effect of building distance and structure line count on road slope
estimation. Source of imagery: Google Street View.

lines exhibit higher MAE for multiple reasons. When viewpoints are too close to irregu-
lar or vegetated facades, the scarcity of clear vertical features increases uncertainty, as
shown in Figure 9(b). When viewpoints are too far and vertical lines become short or
indistinct, tilt angle estimation also becomes unreliable, as shown in Figure 9(d). For
other intersections of built-environment factors (between building proximity with car
area and road area), we conducted similar stratified analyses and observed consistent
patterns in Figure C1 and Figure C2, with the lowest estimation errors concentrated
in moderate spatial contexts and higher errors emerging primarily at extreme combi-
nations of building proximity and surrounding area characteristics.

4.6. Comparative analysis with DEM-derived road slope

To benchmark the performance of the Vision2Slope framework, we compared its re-
sults with road slope estimates derived from the Copernicus DEM (30 m resolution), a
widely used medium-resolution dataset. The comparison adopted the same point-level
and segment-level metrics as in our primary evaluation. DEM-derived slopes were ob-
tained by extracting elevation values at the sampling points and along road segments,
followed by calculating slope and relief. Both quantitative metrics and qualitative ter-
rain profile comparisons were used to evaluate performance differences.

As summarized in Table 3, Vision2Slope substantially outperformed the 30 m DEM
in both cities. In SF, point-level slope estimation achieved an RMSE reduction from
2.34° to 1.09° (53.23%) and an MAE reduction from 1.42° to 0.81° (42.80%). At the
segment level, RMSE decreased from 1.47° to 1.01° (31.48%) and the relief RMSE from
4.23m to 2.86m (32.48%). The MAE also improved by 16.71% for slope and 13.34%
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for relief, confirming the robustness of Vision2Slope in extreme cases.

In New York City, the improvement was even more pronounced. The point-level
slope RMSE dropped from 8.67° to 0.71° (91.86%) and MAE from 5.67° to 0.57°
(89.95%). Segment-level slope and relief RMSEs decreased from 7.40° to 1.00° (86.54%)
and from 19.17m to 2.36 m (87.67%), respectively. MAE and sMAPE reductions fol-
lowed similar trends. These results demonstrate the superior accuracy and adaptability
of Vision2Slope, particularly in dense, high-rise urban environments where medium-
resolution DEMs often suffer from data gaps and interpolation artifacts.

Table 3. Performance comparison with 30 m DEM results in SF and NYC.

City Level Metric  Vision2Slope 30m DEM Improvement
. RMSE 1.09 2.34 53.23%
Point slope
MAE 0.81 1.42 42.68%
RMSE 1.01 1.47 31.48%
SF Segment slope
MAE 0.72 0.85 14.32%
. RMSE 2.86 4.23 32.48%
Segment relief
MAE 1.70 1.96 13.34%
. RMSE 0.71 8.67 91.86%
Point slope
MAE 0.57 5.67 89.95%
NYC  Segment slope RMSE 1.00 7.40 86.54%
MAE 0.78 5.52 85.86%
. RMSE 2.36 19.17 87.67%
Segment relief
MAE 1.66 12.57 86.81%

The visual comparisons further demonstrate the superiority of our framework. Fig-
ures 10 and 11 present the comparison between our estimation results and the 30 m
DEM-derived values for point slope, segment slope, and relief under different urban
contexts. In Figure 10, we compare our results with the 30 m DEM and reference
data (1 m DEM) in two representative gentle-slope scenarios, (a) streets lined with
high-rise buildings and (b) streets partially covered by tree canopies. In both cases,
the slope variation along the road is plotted against distance, showing that our esti-
mates (orange line) closely follow the reference slopes (green line), whereas the 30 m
DEM (blue line) consistently overestimates due to coarse spatial resolution and verti-
cal smoothing. In the high-rise buildings area (a), the estimated segment slope (0.36°)
closely matches the reference (0.38°), while the 30 m DEM produces a much higher
value (9.42°). The corresponding segment reliefs further confirm this agreement. In
the tree-canopy case (b), our result yields a slope of 0.70°, again close to the reference
(0.49°) and far lower than the DEM-derived 2.01°. Although the relief values remain
within a reasonable range, the differences are substantially smaller than those from
the 30 m DEM. These examples illustrate that our method has better performance
in dense urban contexts because of the advantages of observation perspective. In SF
(Figure 11), our results also outperform the 30 m DEM-derived values for open streets
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with varying slopes. For the moderate-slope street (a), the estimated segment slope
(2.71°) aligns well with the reference (3.31°), while the DEM overestimates it at 4.62°.
The corresponding reliefs (6.89 m estimated vs. 8.34 m reference) show a consistent
magnitude. In the steep-slope case (b), Vision2Slope maintains close agreement with
the reference (6.21° vs. 6.25°), while the DEM slightly underestimates (6.04°). The
relief values (9.90 m estimated vs. 9.73 m reference) further validate the robustness of
our model.

(a) High-rise buildings - gentle slope (b) Buildings with tree canopy - gentle slope
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Figure 10. Comparison of slope estimation under different urban conditions. (a)
High-rise buildings, gentle slope. (b) Tree canopies, gentle slope. The top panels
show profile directions overlaid on Google Maps, with slope profiles plotted below,
comparing Vision2Slope estimates (orange), reference measurements (green), and 30
m DEM-derived values (blue).

4.7. Sensitivity and uncertainty assessment

The quality of SVI data can substantially influence the accuracy of road slope estima-
tion. Factors such as camera mounting position, lighting conditions, and image ratio
may introduce distortions and noise into the imagery. In particular, crowdsourced SVI
datasets often exhibit large variations in image quality due to differences in cameras,
weather conditions, and data collection methods (Biljecki et al. 2023).

To evaluate the robustness of our framework, we conducted a sensitivity simulation
to examine how various image degradation scenarios affect slope estimation accuracy.
Four types of degradation were considered: pitch variation, roll variation, exposure
variation, and FOV variation. For each type, the corresponding parameter was sys-
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Figure 11. Comparison of slope estimation under different urban conditions. (a)
Open street, moderate slope. (b) Open street, steep slope.

tematically adjusted within a realistic range, and the resulting changes in estimation
accuracy were assessed using 1,000 high-quality sample points.

For geometric degradations, namely pitch and roll, the angles were varied from -30°
to 30° in increments of 5°. These variations reflect realistic changes in road conditions
(e.g., slope and curvature) and camera mounting positions, which can alter the visible
proportions of buildings and road surfaces in the imagery. To simulate these effects,
we modified the transformation matrix parameters during the perspective projection
of panoramic images. The matrix is defined as Eq. 1. In this process, 0., 6,, and 0,
correspond to the rotation angles around the camera’s principal axes, controlling pitch,
yaw, and roll, respectively. By varying 6, and 6, within realistic ranges, we simulated
different viewing angles to assess the robustness of slope estimation under non-ideal
imaging conditions.

1 0 0 cosfly 0 sinf,| |cosf, —sinf, 0
R=R,R/R.,= |0 cosf, —sinb, 0 1 0 sinf, «cosf, O
0 sinf; cosf, —sinf, 0 cosf, 0 0 1

Figure 12 illustrates the results under different roll angle conditions. A negative
roll angle indicates that the side view image contains more road area, whereas a pos-
itive roll angle corresponds to more building area. As the roll angle increases, slope
estimation errors also rise. Although the median error remains relatively stable, the
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Figure 12. Sensitivity analysis of slope estimation under varying roll angle
conditions. Boxplots show slope estimation errors, and line plots the proportion of
available imagery. Source of imagery: Google Street View.

interquartile range (IQR) and overall error distribution widen substantially, indicating
greater variability and uncertainty in the estimates. Furthermore, the proportion of
usable imagery decreases with increasing roll angle, suggesting that extreme roll an-
gles often lead to slope estimation failures due to limited road visibility. In contrast,
negative roll angles do not markedly affect estimation availability, despite a moderate
increase in errors.

Figure 13 shows the sensitivity analysis under different pitch angle conditions. Large
positive or negative pitch angles correspond to more distorted images. The results in-
dicate that pitch variation has a limited effect on slope estimation errors and data
availability in our framework. The median error, IQR, and overall error distribution
remain stable across the tested range, and the proportion of usable imagery exhibits
no consistent trend with pitch changes. At extreme pitch angles (> 20° or < —20°),
errors increase slightly and availability decreases marginally, though such cases are un-
common in real-world SVI datasets. Overall, these findings suggest that our framework
is robust to pitch variations, likely due to the effectiveness of the image deskewing and
road edge detection steps in mitigating geometric distortions.

For exposure variation, the brightness of SVI images can be influenced by light-
ing conditions such as time of day and weather. Poor illumination often results in
low contrast and increased noise, which may degrade the performance of semantic seg-
mentation and road edge detection. To simulate exposure variation, we adjusted image
brightness by scaling pixel values across five exposure levels. For FOV variation, the
difference mainly arises from the transformation settings used in processing panoramic
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Figure 13. Sensitivity analysis of slope estimation under varying pitch angle
conditions. Source of imagery: Google Street View.

SVIs. To simulate FOV effects, we varied the FOV from 60° to 150° in increments of
10° during the perspective projection of panoramic images.

As shown in Figure 14 and Figure 15, slope estimation remains stable across mod-
erate changes in both factors. For FOV, the method maintains high accuracy and
data availability within the 60°-120° range, while wider angles introduce slight perfor-
mance degradation due to lower effective resolution in the road region. For exposure,
the framework is robust to moderate brightness perturbations: performance decreases
only marginally under underexposed or overexposed conditions, though extreme un-
derexposure noticeably reduces data availability due to missing road surface features.
These results indicate that the Vision2Slope framework is resilient to common SVI
quality variations.

5. Discussions

5.1. Unlocking the power of SVI in road slope estimation and filling
data gaps

Although satellite remote sensing continues to make great strides in extracting road
planar boundaries (Zhou et al. 2025), 3D road attributes are still largely neglected. Our
framework demonstrates how SVI can be converted into quantitative estimates of road
slope at both point and segment levels. Beyond methodological innovation, this study
illustrates how slope estimation can be scaled to entire cities, offering a cost-effective
alternative in regions where high-resolution DEMs or LiDAR data are unavailable or
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Figure 14. Sensitivity analysis of slope estimation under varying FOV angle
conditions. Source of imagery: Google Street View.

prohibitively expensive. The comprehensive validation across two contrasting urban
environments further underscores the robustness and generalizability of SVI-based
slope estimation. Moreover, although some commercial SVI providers (e.g., Google,
Tencent) restrict data redistribution, the proposed approach still enables researchers
and individual users to obtain refined 3D road information based on our framework.
In contrast, some open SVI platforms in data-rich regions are already available and
well-maintained, thereby supporting the extension of road network data enrichment
and 3D urban analytics.

More broadly, harnessing the potential of SVI for road slope extraction provides
meaningful implications for smart land surveying in the era of artificial intelligence.
This approach bridges traditional geodetic surveying with data-driven urban analytics,
enabling scalable, low-cost, and human-centered characterization of urban terrain. It is
especially beneficial for (i) regions with scarce or outdated high-resolution topographic
data, particularly in developing contexts (e.g., La Paz and Nairobi), and (ii) regions
where access to high-resolution terrain data is restricted due to licensing, commercial,
or security constraints (e.g., Singapore and Seoul), where traditional data sources are
unavailable or difficult to obtain (Figure 16). In addition, SVI-based approaches are
advantageous in dense urban cores with complex vertical structures or heavy vegeta-
tion cover, where traditional remote sensing methods often perform poorly (Osama
et al. 2023). For instance, using our pipeline, the slope at a given location can be esti-
mated within a few seconds anywhere in the world where suitable imagery is available,
including many data-scarce regions.

Notably, in some less developed regions, informal or low-level roads are more preva-
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Figure 15. Sensitivity analysis of slope estimation under varying light exposure
conditions. Source of imagery: Google Street View.

lent, which may degrade the performance of our method due to limited visibility in
narrow and dense environments, as well as misclassifications of road surfaces and
curbs. For narrow streets, we conducted a preliminary test in Hong Kong and found
that adjusting the effective FOV can substantially increase the visible extent of road
surfaces and curbs (Figure D1), partially mitigating occlusion effects and improving
the robustness of slope estimation. Moreover, we systematically examined the sensitiv-
ity of the method to different FOV settings in Section 4.7 and found that estimation
performance is largely insensitive to reasonable variations in FOV. Although recent
studies have made progress in unpaved road classification using remote sensing and
SVI (Randhawa et al. 2025, Liu et al. 2026), accurately delineating road area and
edges on unpaved roads remains challenging and represents an important direction
for future research. Meanwhile, the availability of high-quality SVI remains a key
constraint in less developed regions, even though SVI-based processing can offer a
low-cost alternative to traditional topographic access. Accordingly, the applicability
of Vision2Slope is inherently bounded by the availability of high-quality street view
imagery and high-resolution DEMs and should not be overgeneralized to data-scarce
regions. Nevertheless, it provides a methodological foundation that is well positioned
to unlock the power of the increasingly accessible SVI in 3D cities.

The framework also offers a pathway for enriching global geospatial road datasets,
such as OSM or the Global Roads Inventory Project (Meijer et al. 2018). With SVI-
derived metrics, road attributes can extend beyond conventional two-dimensional rep-
resentations toward richer three-dimensional descriptors to provide a more complete
depiction of urban mobility infrastructure.
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Figure 16. Estimation examples in cities in less developed and developed countries
where high-resolution terrain data remain unavailable or inaccessible, demonstrating
the versatility and global applicability of our work. Source of imagery: Google Street
View.

5.2. Limaitations in gentle slopes and crowded streets

Although our framework provides an automatic workflow for urban road slope estima-
tion, the relative error remains high in areas with gentle slopes, particularly in NYC,
as shown in Table B1. The main reasons for this limitation are summarized as follows.

On the one hand, the distinctive characteristics of NYC’s street environments, both
densely built-up and relatively flat, pose major challenges. As illustrated in Figure 17,
streets in NYC are typically crowded, and almost every SVI contains parked cars
along the roadside. These occlusions obscure road edges, which are key features in our
slope estimation process. This issue is especially severe in NYC, where most streets
are lined with vehicles, leading to an overestimation of slope in flat areas. Meanwhile,
some abnormal bumps the of road surface and other urban infrastructure may alter
the shape of the road edge, which causes overestimation in flat regions. Although our
method effectively reduces outliers in detected road edges through robust regression,
some unavoidable errors still persist.

Additionally, the general flatness of NYC’s terrain further amplifies relative errors.
Because true slopes are small, even minor deviations can result in seemingly large
percentage biases. It is worth noting that Manhattan, in particular, has undergone
extensive human alteration to flatten its natural terrain. Despite the less satisfactory
accuracy in gentle slopes, our results in moderate and steep areas remain robust and
perform promisingly.
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Figure 17. Example of slope estimation error in NYC. Road surface by semantic
segmentation is highlighted. Source of imagery: Google Street View.

On the other hand, uncertainties rooted in the SVI data itself also influence the
accuracy of slope estimation. Variations in image quality, camera conditions, and the
reliability of segmentation models all introduce additional noise (Hou et al. 20241).
These issues tend to be amplified in crowdsourced imagery, where data are captured
using different devices, under inconsistent lighting and weather conditions, and without
standardized protocols. As emphasized in Section 4.7, within our framework, only in
a small number of situations do low-quality images impair geometric inference, and
even state-of-the-art segmentation models can introduce their own systematic biases.

5.3. Future directions

Future research could advance both technical development and practical application.
For the technical aspects, first, incorporating time-series SVI data could reduce ran-
dom errors and enhance slope estimation accuracy through temporal averaging. Time-
series imagery captures variations in road conditions and image quality, including
moments with clear visibility and optimal exposure, thus improving the reliability of
slope estimates. Second, although an advanced semantic segmentation model was used,
further improvements may be achieved by fine-tuning existing models or adopting Vi-
sion—Language Models (VLMs) to better recognize road features in complex urban
scenes (Lu et al. 2025, Liang et al. 2025). However, the regression components of
VLMs still introduce uncertainty, which may affect estimation accuracy (Xue and Zhu
2025). Third, developing ensemble predictors that combine SVI-based estimates with
other urban structural variables has the potential to further enhance performance. As
discussed in Section 4.5, urban features such as building and road areas significantly
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influence estimation accuracy. Integrating these variables into a unified model could
help correct systematic biases and improve performance. Meanwhile, as discussed in
Appendix D, increasing the effective FOV can improve slope estimation on narrow
streets by increasing the visible road area, but this adjustment is currently applied
manually. Future ensemble predictors could explicitly encode FOV-related visibility
as a model component, enabling automatic adaptation to varying street widths and
reducing reliance on human intervention.

For the applications, our results demonstrate that SVI can provide reliable road
slope information in urban environments, offering broad potential for urban digital
twins and sustainable city practices. Integrating slope outputs into hydrological mod-
els may strengthen flood risk assessments and improve resilience to increasingly fre-
quent extreme weather events (Rong et al. 2020) and disaster response (Li ef al. 2025).
Road slope data can support environmental risk management, particularly in assessing
landslides and gully erosion (Zhou 2025). Since slope strongly affects runoff and soil
stability, especially in unpaved or peri-urban zones (Mawe ¢l al. 2025), incorporating
it into geohazard models can improve the detection of vulnerable areas and guide pre-
ventive measures to protect infrastructure and communities. Road slope information is
also essential for transportation planning and management (Chen e al. 2026). Because
slope affects vehicle performance, energy consumption, and routing efficiency (Wang
et al. 2015, Zhang et al. 2024), incorporating it into navigation systems can support
low-emission travel and optimize transport energy use.

Beyond mobility efficiency, slope data carries important implications for social eq-
uity and inclusive accessibility (Rhoads et al. 2023). Steep road segments can substan-
tially constrain independent movement, disproportionately affecting wheelchair users,
older adults, and individuals with mobility impairments, for whom even small slope
increases may translate into significant physical effort, safety risks, or complete route
infeasibility (Ng et al. 2025). When such constraints are systematically overlooked,
conventional accessibility assessments tend to overestimate effective access to services
and opportunities for these populations, masking latent spatial inequalities. Integrat-
ing slope information into accessibility models enables the identification of problematic
areas and the design of targeted interventions such as ramps, elevators, or alternative
relatively flat routes (Liu ef al. 2025). In this sense, slope-aware accessibility model-
ing not only improves analytical accuracy but also provides a practical foundation for
advancing equitable urban design and mobility justice.

6. Conclusion

This study advances the scarcely investigated potential of street view imagery to es-
timate slopes of roads in cities, by presenting an integrated framework to accomplish
that using single panoramic images, through the fusion of semantic segmentation,
geometric correction, and robust regression. By leveraging panoramic data and com-
puter vision methods, our approach — Vision2Slope — provides a scalable and cost-
effective solution to a problem traditionally constrained by expensive or low-resolution
datasets. Validation in two contrasting urban settings, hilly SF and flat NYC, demon-
strates that the framework performs consistently across diverse topographies, outper-
forming medium-resolution DEMs. In response to the proposed research questions,
we find that: (1) street-level visual environments encode substantial and exploitable
information about road slope, enabling reliable large-scale estimation from SVI; (2)
image-related uncertainties, particularly perspective distortion and visual ambiguity,

Chen et al. (2026), Int. J. Geogr. Inf. Sci. — Postprint — DOI: 10.1080/13658816.2026.2656269 31



introduce systematic errors, but can be effectively mitigated through semantic-guided
geometric correction and robust modeling strategies; (3) urban morphological char-
acteristics, such as street canyon structure and occlusion by vehicles, systematically
contribute to estimation biases, highlighting that slope inference is intrinsically shaped
by the built environment. Despite these advances, challenges remain in extremely flat
or visually congested streets, where reliable visual cues are limited or heavily occluded.
Future research could incorporate time-series SVI and multimodal data sources, such
as LiDAR, GPS, or vision—language models, to further improve estimation accuracy
and generalizability. Extending Vision2Slope to global datasets has the potential to
support large-scale 3D city modeling, urban drainage and flood risk simulation, and
the analysis of vertical accessibility in sustainable urban design.
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Appendix A. Supplementary analysis of within-segment slope variability

Figure A1l compares the distribution of the coefficient of variation (CV) of point-
level slope estimates within each road segment before and after applying the iterative
Huber regression. When using the original point-level slopes, the CV distribution is
wide and strongly right-skewed, indicating substantial within-segment variability and
the presence of local outliers in many segments. After robust aggregation, CV values
are markedly reduced and concentrate within a narrow low-CV range, demonstrating
substantially improved internal consistency of point-level slope estimates. Figure A2

CV distribution of point slope in each segment
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Figure Al. Distribution of the coefficient of variation (CV) of point-level slope
estimates within road segments. The blue histogram shows CV values computed
from the original point-level slope estimates, while the orange histogram corresponds
to results after applying the iterative Huber regression. Lower CV values indicate
more uniform slope estimates within a segment.

shows an inverse relationship between segment-level slope and CV of point-level slopes.
Flatter segments exhibit higher relative variability due to greater sensitivity to local
noise, while steeper segments display more uniform slope estimates. Figure A3 further
demonstrates the spatial heterogeneity in slope variability within segments, providing
a potential reference for future research.
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Segment-level slope vs. Within-segment variability (CV)

20

—_
(8]

Coefficient of Variation (CV)
o

o
ur

0.0

0 1 2 3 4 5 6 7 8
Segment-level slope

Figure A2. Relationship between segment-level road slope and within-segment slope
variability. Each dot denotes a road segment, showing the relationship between
segment-level slope and the coefficient of variation (CV) of point-level slope
estimates. Lower CV values correspond to more uniform within-segment slopes.

Appendix B. NYC estimation results

This appendix presents the detailed estimation results for New York City, provided to
complement the main experiments and to illustrate the spatial patterns and quanti-
tative performance of the proposed method in a large, complex urban environment.

Figure B1 visualizes the spatial distribution of the estimated road slopes at both the
point and segment levels, together with the derived segment-level relief, highlighting
how local point estimations aggregate into coherent segment-scale patterns across the
city. Figure B2 further evaluates the estimation accuracy by comparing the predicted
slopes and relief against ground-truth values, using scatter plots and error distributions
stratified by slope magnitude.

Table B1 summarizes the quantitative error metrics for point-level slope, segment-
level slope, and segment-level relief estimations, reported across different slope ranges
to provide a more nuanced view of performance under varying terrain conditions.
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Figure A3. Spatial distribution of within-segment variability in slope across the road
network. Lighter colors indicate lower variability, while darker purple denotes higher
variability.

Appendix C. Additional condition bias

Figures examine the sensitivity of road slope estimation accuracy across joint deciles
of distance to the closest building and surrounding spatial context, represented by car
area (Figure C1) and road area (Figure C2), respectively. In both figures, estimation
errors are lowest in intermediate deciles, forming a clear U-shaped pattern along the
building-distance dimension, with higher MAE observed for roads that are either very
close to buildings (D1-D2) or located in more open environments (D9-D10). This
trend is also reflected in the marginal curves, indicating that moderate building prox-
imity provides more stable visual cues for slope estimation. Along the y-axis, errors
generally decrease from lower to middle deciles of car or road area and increase again
at the extremes, suggesting that both highly constrained and highly exposed road
environments pose challenges. Notably, the lowest MAE values concentrate around
the central deciles in both dimensions (approximately D4-D7), whereas the largest
errors occur at combinations of minimal building distance with very low or very high
car/road area, highlighting compounded effects of visual occlusion and scene sparsity
on estimation performance.
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Figure B1. (a) Point-level road slope estimation across NYC, (b) Segment-level slope
map aggregated from point estimations. (¢) Segment-level relief map showing

elevation difference along each road segment. Basemap: CARTO and OpenStreetMap
contributors.

Appendix D. Narrow street FOV adjustment example

Figure D1 demonstrates that, even in narrow streets typical of dense urban environ-
ments, increasing the effective FOV can substantially enhance the visibility of road
surfaces and curbs, thereby mitigating occlusion effects and improving the robustness
of slope estimation from single-view SVI.
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Figure B2. Comparison of point-based and segment-based slope and relief
estimations against ground truth (GT) in NYC (a, c, e) Scatter plots between
estimated and GT values with regression lines (black) and 1:1 lines (red). Color
scales represent point density. (b, d, f) Histograms of estimation differences grouped
by slope or relief intervals: 0-0.5°, 0.5-1°, > 1° | and all data.
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Table B1. Absolute error of slope and relief estimation in New York City.

Metric Range RMSE MAE sMAPE (%) N
All 0.71 0.57 85.09 7103
. 0—-0.5° 0.73 0.59 101.58 4763
Point-level slope (°)
0.5—1° 0.64 0.51 59.83 1478
> 1° 0.70 0.55 37.29 862
All 1.00 0.78 82.93 1820
0—-0.5° 1.07 0.86 108.54 1043
Segment-level slope (°)
0.5—1° 0.90 0.67 60.90 406
> 1° 0.89 0.67 35.04 371
All 2.36 1.66 82.94 1820
. 0-0.5° 2.40 1.78 108.55 1043
Segment-level relief (m)
0.5—1° 2.46 1.51 60.91 406
> 1° 2.14 1.47 35.07 371
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Figure C1. Sensitivity of road slope estimation accuracy stratified by distance to the
closest building decile (x-axis) and car area decile (y-axis).
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Figure C2. Sensitivity of road slope estimation accuracy stratified by distance to the
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Figure D1. Narrow street example in Hong Kong showing how increasing the
effective FOV from 90°, 120° and 150° progressively reveals more road surface and
curb through panorama re-projection.
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