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Abstract

The increasing availability of pretrained Geospatial Artificial Intelligence (GeoAl) models has accelerated the operational
adoption of deep learning within geographic information systems. However, models developed in one geographic region
frequently experience performance degradation when deployed elsewhere because of geographic domain shift. Although
transfer learning is widely used to improve cross-regional model performance, it remains unclear whether improved pre-
dictive accuracy alone provides sufficient evidence for trustworthy deployment. This study investigates this question using
rooftop solar photovoltaic mapping in Brisbane, Australia, as an operational case study. Esri’s pretrained US Solar Panel
Detection model was locally calibrated through transfer learning and evaluated using both development and independent
local test datasets within Brisbane. Local calibration substantially improved detection performance, increasing recall from
38.5% to 84.1% on the development dataset, with similar improvements observed on the independent 10-grid test dataset,
indicating effective local adaptation within the sampled Brisbane environments. However, independent evaluation and
qualitative error analysis revealed persistent false positives, missed detections, and geometric segmentation errors, high-
lighting residual uncertainty and the limitations of model performance within the evaluated geographic context. These
findings suggest that transfer learning can substantially improve detection performance and provide useful evidence for
assessing operational trustworthiness, although predictive improvements alone are insufficient to establish trustworthy
deployment. By integrating complementary evidence relating to robustness, reliability, generalisation, transparency, and
residual uncertainty, this study provides an evidence-based operational approach for assessing pretrained GeoAl models
and informing responsible deployment decisions in geographically distinct environments.

Keywords GeoAl - Pretrained models - Transfer learning - Model trustworthiness - Rooftop solar PV mapping -
Geographic domain shift - Solar panel detection

Introduction

The rapid advancement of Geospatial Artificial Intelligence
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Recent advances in deep learning, together with the growing
availability of pretrained models embedded within opera-
tional GIS platforms, have substantially lowered the techni-
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models from scratch, practitioners can now apply pretrained
models to mapping and decision-making tasks across gov-
ernment, industry, and research (Hu et al. 2024; Nagy et al.
2024; Epasto 2025; Shi et al. 2025).

However, the widespread availability of pretrained
GeoAl models has also shifted an important challenge from
model development to model deployment (Choi 2023; Esri
2025a; Zhang et al. 2026a, b). Although pretrained models
offer considerable practical advantages, they are increas-
ingly transferred to geographic environments with different
landscape characteristics, urban morphology, environmen-
tal conditions, and image acquisition properties, where pre-
dictive performance achieved during model development
may not be maintained (Wu and Biljecki 2021; Haynes et
al. 2024). As GeoAl increasingly supports infrastructure
investment, environmental management, disaster response,
and public policy, ensuring that pretrained models can be
deployed robustly, reliably, and transparently has become
an important scientific and operational challenge (Wenwen
Li et al. 2023a, b; Shaamala et al. 2025; Viswambharan and
Singh 2025; Zhang et al. 2026a, b).

One of the principal threats to trustworthy GeoAl deploy-
ment is geographic domain shift (Manso-Callejo et al. 2023;
Jagatheesaperumal et al. 2024; Huang et al. 2026). Deep
learning models frequently learn region-specific visual rep-
resentations that reflect local building architecture, roofing
materials, vegetation, illumination conditions, image char-
acteristics, and other place-dependent features (Wu and
Biljecki 2021; Boulmay 2022; Haynes et al. 2024; Kasmi
et al. 2025). Geographic transfer may therefore produce
false positives, missed detections, and spatial inconsisten-
cies, introducing uncertainty into downstream analyses
and decisions. Recognising these limitations, developers
of operational GeoAl models, including Esri, recommend
local calibration or retraining before deployment in new
geographic environments (Viswambharan and Singh 2020;
Singh and Viswambharan 2021; Szukalski 2024). However,
it remains unclear whether improved predictive perfor-
mance following transfer learning is, by itself, sufficient to
justify trustworthy deployment in previously unseen geo-
graphic contexts.

In this study, trustworthy deployment is viewed as
extending beyond predictive accuracy alone. A GeoAl
model should also demonstrate robustness to geographic
domain shift, reliable performance on independent datasets,
transparent understanding of model behaviour and failure
modes, and explicit acknowledgement of residual uncer-
tainty. Together, these characteristics provide stronger evi-
dence that a model can support operational decision-making
under geographically distinct conditions.

Rooftop Solar Photovoltaic (PV) mapping provides
an appropriate real-world application through which
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to investigate these challenges (Yu et al. 2018; Wu and
Biljecki 2021; Yasmeen et al. 2022; Lodhi et al. 2025).
Accurate rooftop PV inventories support energy planning,
network management, renewable energy policy, and climate
resilience (Kaya et al. 2019; Arribas et al. 2021; Yasmeen et
al. 2022; Manso-Callejo et al. 2023). They also provide an
independent means of monitoring renewable energy adop-
tion where administrative records are incomplete, incon-
sistent, or unavailable (Peronato et al. 2018; Taminiau and
Byrne 2020; Long et al. 2025). Because these inventories
increasingly inform infrastructure investment and pub-
lic policy, systematic detection errors may propagate into
broader planning decisions, making rooftop PV mapping
an appropriate operational case study for evaluating the
deployment of pretrained GeoAl models (Tayal 2017; Par-
saeifar et al. 2025; Sadeq et al. 2025).

Australia provides a particularly relevant context for this
assessment. By 2024, approximately one in three Australian
households had installed rooftop PV systems, representing
one of the highest rates of residential solar adoption glob-
ally (Narayanan et al. 2021; Energy 2024). This growth has
increased demand for spatially detailed PV inventories to
support network planning, infrastructure investment, and
urban sustainability (Zander 2020; Best and Chareunsy
2022; Best et al. 2023; Ghahremani et al. 2025). Although
administrative datasets maintained by organisations such
as the Clean Energy Regulator provide valuable informa-
tion on installation numbers and capacity, they generally
lack the building-level spatial precision required for opera-
tional analysis. Brisbane therefore provides a relevant urban
case study for evaluating GeoAl-based rooftop PV map-
ping within a mature and rapidly evolving distributed solar
environment.

This setting is also useful for evaluating geographic
domain shift and the transferability of pretrained GeoAl
models. Recent advances in GeoAl have substantially
improved automated rooftop PV detection, and commer-
cial GIS platforms now provide pretrained object detection
models that can be readily integrated into operational geo-
spatial workflows (Boulmay 2022; Ghahremani et al. 2025;
Parsaeifar et al. 2025). Esri’s pretrained US Solar Panel
Detection model illustrates this approach and has supported
regional adaptation, including New Zealand (Esri 2023,
2025a). Applying this model to Brisbane provides an oppor-
tunity to examine local adaptation under geographic domain
shift. It therefore raises an important practical question: can
pretrained GeoAl models be trusted when deployed beyond
the geographic environments for which they were originally
developed?

Previous rooftop PV detection research has demon-
strated geographic generalisation challenges and the ben-
efits of incorporating target-region training data (Ranalli



Journal of Geovisualization and Spatial Analysis (2026) 10:51

Page30of32 51

et al. 2024). Similarly, transfer learning studies have pri-
marily emphasised improving predictive performance
through local model adaptation (Weiss et al. 2016; Boul-
may 2022; Franklyn 2023; Nguyen et al. 2025). In par-
allel, trustworthy AI research highlights the importance
of robustness, reliability, transparency, uncertainty, and
accountability in operational deployment (OECD 2019;
NIST 2023; Ghamisi et al. 2025). However, comparatively
limited attention has been given to integrating these per-
spectives in the evaluation of pretrained GeoAl models,
particularly by examining whether improvements follow-
ing transfer learning are maintained on independent local
datasets and what residual errors and uncertainties remain.
This study addresses that gap by combining pre- and post-
transfer learning performance comparisons, independent
evaluation, and qualitative error analysis to assess multiple
dimensions of operational trustworthiness beyond predic-
tive accuracy alone.

To address this gap, this study examines the operational
trustworthiness of a pretrained GeoAl model through roof-
top PV mapping in Brisbane, Australia. It investigates
whether local adaptation through transfer learning provides
sufficient evidence to inform trustworthy deployment deci-
sions under geographic domain shift. Accordingly, the study
addresses the following objectives:

e To evaluate how geographic domain shift affects the
operational performance of a pretrained GeoAl rooftop
PV detection model when transferred from the United
States to Brisbane, Australia;

e To evaluate whether local calibration through transfer
learning provides a sufficient basis for trustworthy de-
ployment by comparing model performance on both
development and independent evaluation datasets; and.

e To examine the residual errors, uncertainties, and op-
erational implications that remain after local calibration,
thereby informing the responsible deployment of pre-
trained GeoAl models.

The principal contribution of this study is an empirical
assessment of pretrained GeoAl model trustworthiness fol-
lowing transfer learning under geographic domain shift,
rather than the development of a new detection algorithm
or trustworthiness framework. Specifically, the study
makes three contributions: (a) evaluating the effectiveness
of local model adaptation through independent perfor-
mance assessment; (b) integrating evidence of robustness,
reliability, generalisation, transparency, and residual uncer-
tainty within an operational GeoAl workflow; and (c)
demonstrating how these complementary assessments can
inform responsible deployment decisions beyond conven-
tional predictive accuracy.

The remainder of this paper is organised as follows. Sec-
tion “Literature Background” reviews the relevant literature
and establishes the operational trustworthiness perspective.
Section “Research Design” presents the research design and
methodology, Section “Analysis and Results” reports the
results, Section “Findings and Discussions” discusses their
broader implications, and Section “Conclusion” concludes
the study.

Literature Background

Operational GeoAl, Geographic Domain Shift, and
Transfer Learning

Recent advances in deep learning have fundamentally trans-
formed the analysis of earth observation data. Convolutional
Neural Networks (CNNs), instance segmentation models,
and, more recently, transformer-based architectures have
demonstrated remarkable capability in extracting complex
geographic features from high-resolution aerial and satellite
imagery (Yu et al. 2018; Chen et al. 2023; Garcia et al. 2024,
Ahmed et al. 2025). These developments have accelerated
the adoption of GeoAl across a wide range of applications,
including land-cover classification, building extraction,
infrastructure monitoring, disaster assessment, environmen-
tal management, and rooftop solar PV detection (Best et al.
2023; Clark and Pacifici 2023; Ghahremani et al. 2025). At
the same time, the growing availability of pretrained deep
learning models embedded within operational geospatial
platforms has fundamentally changed the way GeoAl is
applied. Rather than requiring practitioners to develop com-
plex neural networks from scratch, modern GIS environ-
ments such as ArcGIS Pro enable pretrained models to be
deployed and locally adapted within established geospatial
workflows (Boulmay 2022; Esri 2025a). ArcGIS Living
Atlas, for example, provides pretrained models for a range
of remote sensing applications, illustrating a broader transi-
tion from research-oriented GeoAl towards operational Al-
supported spatial analysis.

Despite these advances, pretrained GeoAl models fre-
quently experience performance degradation when deployed
outside the geographic environments on which they were
originally trained. This phenomenon, commonly referred
to as geographic domain shift, arises because deep learning
models learn visual representations that are closely associ-
ated with the characteristics of their training data (Wu and
Biljecki 2021). Variations in building architecture, rooftop
materials, vegetation, illumination conditions, sensor char-
acteristics, spatial resolution, and urban morphology can
substantially alter the appearance of geographic features
across regions, leading to systematic false positives, missed
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detections, and inconsistent model behaviour (Boulmay
2022; Haynes et al. 2024; Coglan et al. 2025; Kasmi et al.
2025; Deng et al. 2026). Recent studies further suggest that
such performance degradation reflects not only technical
limitations but also embedded geographic biases, whereby
models implicitly learn place-specific characteristics that do
not generalise uniformly across different cities or countries
(Hou et al. 2025). Consequently, understanding and miti-
gating geographic domain shift has become an increasingly
important challenge for operational GeoAl deployment.
Geographic generalisation limitations in rooftop PV
detection have been documented in previous research.
Ranalli et al. (2024) systematically evaluated neural net-
work models using six aerial imagery datasets from the
United States, France, and Germany. They found that diver-
sifying training data improved average performance on
some unseen datasets but did not achieve the performance
of models trained with target-region data. Their experiments
further demonstrated that incorporating relatively small
amounts of local training data could substantially improve
detection performance. Building on these findings, the pres-
ent study shifts the emphasis from improving cross-regional
generalisation to assessing whether local adaptation of a
publicly available pretrained GeoAl model provides suffi-
cient evidence for trustworthy operational deployment.
Beyond geographic generalisation, recent rooftop PV
detection research has investigated strategies for improving
model adaptation to new regions. Zech et al. (2024) evalu-
ated deep active learning across six aerial imagery datasets,
comparing uncertainty-based and diversity-based sampling
approaches for PV segmentation, including fine-tuning
and joint-learning scenarios. Their results showed that
entropy-based sample selection substantially reduced anno-
tation requirements, achieving performance comparable to
full-data training with approximately 3% of the available
images in their imbalanced-data experiments. These find-
ings demonstrate the potential of targeted sample selection
for efficient model adaptation. In contrast, the present study
focuses on evaluating the operational trustworthiness of a
locally fine-tuned pretrained GeoAl model rather than opti-
mising annotation efficiency through active learning.
Transfer learning has emerged as one of the most widely
adopted strategies for addressing geographic domain shift.
Rather than developing entirely new models, transfer learn-
ing adapts pretrained feature representations using compar-
atively small quantities of locally annotated data, thereby
reducing computational requirements, annotation effort, and
model development time (Pan and Yang 2010; Weiss et al.
2016). Recent studies have demonstrated that pretrained
representations combined with local or few-shot adaptation
can substantially improve PV detection and segmentation
performance, particularly where labelled target-domain data
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are limited (Boulmay 2022; Franklyn 2023; Nguyen et al.
2025; Deng et al. 2026). Commercial GIS platforms have
further accelerated this approach by providing accessible
workflows that enable pretrained models to be fine-tuned
within operational environments, making local calibration
increasingly feasible for practitioners without requiring
advanced machine learning expertise.

Taken together, these studies address related but distinct
challenges in rooftop PV mapping. Ranalli et al. (2024)
examined geographic generalisation and the contribution
of target-region training data, whereas Zech et al. (2024)
investigated how active learning could reduce annotation
requirements during model adaptation. These contributions
provide important evidence regarding model transferability
and adaptation efficiency, but they do not directly address
the broader question examined here: how multiple forms of
evaluation evidence can be combined to assess the opera-
tional trustworthiness of a publicly available pretrained
GeoAl model after local calibration. The present study
therefore complements these approaches by examining
independent local performance, observable failure modes,
and residual segmentation uncertainty alongside conven-
tional detection metrics.

However, improved predictive performance following
transfer learning should not automatically be interpreted as
evidence of trustworthy deployment. A model may achieve
higher precision or recall after local calibration while still
exhibiting residual geographic bias, inconsistent perfor-
mance on previously unseen data, or persistent uncertainty
in complex urban environments. Furthermore, many trans-
fer learning studies evaluate performance using datasets that
contribute to model development, providing only limited
evidence regarding operational generalisation.

Towards Trustworthy Deployment of Pretrained
GeoAl Models

The increasing operational adoption of artificial intelli-
gence has shifted attention beyond predictive performance
towards broader questions of trustworthiness and respon-
sible deployment. International frameworks, including the
OECD Principles on Artificial Intelligence (OECD 2019),
the NIST Artificial Intelligence Risk Management Frame-
work (NIST 2023), the ISO/IEC 23,894 standard for Al risk
management (ISO 2023), and more recently the European
Union Artificial Intelligence Act (European Union 2024),
emphasise that trustworthy Al should exhibit characteristics
such as robustness, reliability, transparency, accountabil-
ity, and appropriate management of uncertainty. Although
these frameworks were developed for artificial intelligence
more broadly, their underlying principles are increasingly
recognised as relevant to geospatial applications, where
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Al-derived outputs frequently support planning decisions
with long-term environmental, economic, and societal
consequences.

Within GeoAl, trustworthiness presents additional chal-
lenges because model performance is inherently influ-
enced by geographic context (Epasto 2025; Shi et al. 2025;
Andorful et al. 2026). Unlike many conventional computer
vision applications, Earth observation models are routinely
transferred across locations that differ in landscape char-
acteristics, built environments, environmental conditions,
and image acquisition properties. Consequently, evaluation
based solely on benchmark accuracy metrics may provide an
incomplete assessment of operational performance. Recent
studies have therefore highlighted the need to complement
predictive accuracy with broader assessment of model
robustness, geographic bias, uncertainty, transparency, and
generalisation when deploying GeoAl models in real-world
settings (Ghamisi et al. 2025; Hou et al. 2025). From this
perspective, trustworthy deployment is not determined by
how accurately a model performs on a single evaluation
dataset, but by whether users can have justified confidence
in its behaviour when applied to previously unseen geo-
graphic environments.

Building upon established trustworthy Al principles, this
study adopts an operational trustworthiness perspective
for evaluating pretrained GeoAl models under geographic
domain shift, rather than proposing a new theoretical frame-
work. As illustrated in Fig. 1, a pretrained model transferred
to a geographically distinct environment may require local
calibration through transfer learning. However, improved
predictive performance alone does not establish trustwor-
thy deployment. Instead, deployment decisions should be
informed by complementary evidence relating to robust-
ness, reliability, generalisation, transparency, and residual
uncertainty. These dimensions provide the conceptual basis
for interpreting the empirical findings of this study.

Table 1 operationalises the conceptual assessment
framework presented in Fig. 1 by linking each trustworthi-
ness dimension to measurable evidence generated within
the Brisbane case study. Rather than treating trustworthi-
ness as an abstract principle, each dimension is evaluated
using quantitative model performance, independent valida-
tion, qualitative error analysis, and practical deployment
considerations.

For the purposes of this study, these five dimensions are
distinguished by the specific aspect of model behaviour they
examine. In this study, robustness is considered in relation
to geographic domain shift; however, the empirical compar-
ison primarily evaluates the effectiveness of local adaptation
through transfer learning rather than robustness in the con-
ventional sense of maintaining stable performance across
multiple domains or perturbations. Reliability concerns the

detection performance demonstrated on an independent
local test dataset excluded from model development. Gen-
eralisation refers more specifically to the extent to which
performance improvements observed on the development
dataset are maintained on previously unseen Brisbane imag-
ery. Transparency concerns the interpretability of observ-
able model behaviour through confidence-score inspection
and analysis of successful detections, false positives, false
negatives, and segmentation errors, rather than explana-
tion of the model’s internal decision processes. Residual
uncertainty refers to the remaining detection and geometric
limitations after local calibration, examined through error
analysis and sensitivity to increasingly stringent IoU thresh-
olds. Although these dimensions are related and may draw
on overlapping empirical evidence, each addresses a distinct
evaluation question. Together, they provide complementary
evidence relevant to operational trustworthiness rather than
a definitive or universal measure of deployment readiness.
Collectively, the conceptual framework (Fig. 1) and its
operationalisation (Table 1) establish the analytical lens
adopted throughout the remainder of this paper. Rather than
evaluating transfer learning solely on the basis of improved
predictive accuracy, the study investigates whether local
calibration provides sufficient empirical evidence to support
the trustworthy operational deployment of pretrained GeoAl
models in geographically distinct urban environments.

Research Design

Consistent with the operational trustworthiness assessment
framework introduced in Section “Literature Background”
(Fig. 1), this study was designed to evaluate whether trans-
fer learning provides sufficient evidence for the trustworthy
deployment of a pretrained GeoAl model in a geographically
distinct urban environment. Rather than focusing solely on
predictive performance, the methodological workflow gen-
erates complementary evidence relating to robustness under
geographic domain shift, reliability on independent data,
model generalisation beyond calibration datasets, trans-
parency through error analysis, and explicit assessment of
residual uncertainty. Rooftop solar PV mapping in Brisbane
serves as the operational case study through which these
trustworthiness dimensions are empirically evaluated.

The methodology comprised three phases: (a) data prepa-
ration and dataset construction, (b) model application and
local calibration, and (c) evaluation and comparative analy-
sis. The first phase involved selecting representative grid
cells across Brisbane, manually digitising rooftop PV instal-
lations to create reference data, and allocating the dataset
into a development dataset and an independent test data-
set. The second phase focused on applying the pretrained
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Fig. 1 Conceptual trustworthiness assessment framework adopted in this study for evaluating pretrained GeoAl models under geographic domain
shift

US model, fine-tuning it using locally annotated imagery  Atlas, this study adopts the US model as the baseline for
from the development dataset, and subsequently performing  transfer learning. The New Zealand model represents a
inference using both the pretrained and fine-tuned models. region-specific fine-tuned adaptation of the US model and is

Although both the US and New Zealand solar panel  distributed as a packaged Deep Learning Package optimised
detection models are available through ArcGIS Living  for New Zealand imagery conditions. Furthermore, model
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Table 1 Operational trustworthiness dimensions evaluated in this study

Trustworthiness ~ Operational interpretation Evidence used in the study References
dimension
Robustness Sensitivity to geographic domain shift Pretrained versus locally calibrated model (Jagatheesaperumal et al. 2024;
and improvement following local comparison in Brisbane (adaptation-related =~ Kasmi et al. 2025; Lu et al. 2025,
calibration evidence) Huang et al. 2026)
Reliability Stable performance on previously unseen Independent 10-grid test dataset (Lu et al. 2025; Shi et al. 2025)
data
Generalisation Consistent performance beyond calibra- Comparison between development and inde- (Manso-Callejo et al. 2023;
tion data pendent datasets Wagqas and Humphries 2024; Wu
et al. 2024)
Transparency Understanding why the model succeeds ~ Confidence score analysis, false positives, (Wenda Li et al. 2023a, b; Andor-
and fails false negatives, geometric error assessment  ful et al. 2026; Huang et al. 2026)
Residual Explicit acknowledgement of remaining  Intersection over Union (IoU) sensitiv- (Hu et al. 2024; W. Zhang et al.
uncertainty model limitations ity analysis and segmentation quality 2026a, b)
assessment
Responsible Evidence supporting operational Practical recommendations derived from (Wenda Li et al. 2023a, b; Maras-
deployment adoption empirical findings inghe et al. 2024; Shi et al. 2025)

documentation indicates that fine-tuning workflows are
primarily designed to extend base pretrained models rather
than further fine-tune already localised derivatives (Esri
2023). Accordingly, the US model provides a clearer and
more reproducible foundation for evaluating geographic
domain shift and subsequent local calibration within the
Australian context.

The final phase involved evaluating both the pretrained
US model and the locally calibrated Brisbane model using
manually digitised reference data and a consistent object
detection evaluation protocol. To ensure a fair assessment
of operational transferability, both models were evaluated
on the same independent test dataset that was excluded
entirely from model development. Complementary analyses
on the development dataset were undertaken to evaluate the
learning behaviour of the fine-tuned model and to provide
a controlled comparison with the pretrained model under
identical data and evaluation conditions. Figure 2 sum-
marises the complete methodological workflow adopted in
this study, with each phase described in detail in the follow-
ing sections.

Study Area and Dataset Preparation
Grids Selection

Brisbane, located in South East Queensland (SEQ), was
selected as the study area because of its high rooftop PV
adoption and highly varied urban landscape (Simin and
Michael James 2024; Hou et al. 2025). The city is admin-
istratively divided into 190 suburbs and is home to over
2.5 million residents (Hossain et al. 2025). In the Austra-
lian context, a suburb refers to a locally defined residential
or mixed-use district used for planning and infrastructure
management (Farahani et al. 2022). Brisbane’s urban fabric

includes everything from high-density inner-city areas to
low-density outer suburbs and newly developed estates
(Doan et al. 2021; Li et al. 2024).

To evaluate the operational transferability of the pre-
trained US rooftop PV detection model and the effective-
ness of local calibration, a regular fishnet grid was generated
across the Brisbane Local Government Area (LGA). This
process produced 6,086 grid cells, each measuring 500 m x
500 m. A total of 70 representative grid cells were selected
using a purposive stratified sampling strategy. Of these, 60
grid cells formed the development dataset used for model
fine-tuning and controlled performance evaluation, while
the remaining 10 grid cells were reserved as an indepen-
dent test dataset for evaluating operational transferability.
The sampling strategy was informed by previous research
on rooftop PV adoption in Brisbane and expert knowledge
of the local urban environment to ensure broad representa-
tion of rooftop configurations, building densities, and urban
typologies.

To guide the purposive stratified sampling strategy, six
urban zones were identified, and representative grid cells
were selected within or intersecting 36 suburbs across the
Brisbane LGA (Table 2). Grid selection was guided by
variation in urban land use, building density, rooftop mor-
phology, rooftop PV installation configurations, and envi-
ronmental conditions likely to affect image-based detection.
Specifically, the selected cells encompassed dense inner-city
rooftopscapes, predominantly residential areas with pitched
roofs, industrial and commercial buildings with extensive
rooftop arrays, coastal and bayside environments, leafy and
hilly suburbs with tree shading and variable roof orienta-
tions, and outer urban areas with relatively uniform build-
ing designs. The purpose of this selection was to capture
contrasting local detection conditions rather than to obtain a
statistically representative sample of all Brisbane grid cells.

@ Springer
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Fig. 2 Methodological workflow adopted to operationalise the trustworthiness assessment framework
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Table 2 Overview of selected grid cells used in this study

Urban zone Representative suburbs No. of Urban characteristics
grid
cells
Inner-city Bulimba, Fortitude Valley, Hamilton, Kangaroo Point, Spring 17 High-density rooftops, frequent glare,

Hill, South Brisbane, West End, Brisbane City
Carindale, Chelmer, Graceville, Indooroopilly, Jindalee, Mount 15

Suburban Residential
Gravatt, St Lucia, Toowong, Yeronga
Industrial/Commercial

Coastal/Bayside Wynnum, Sandgate, Brighton, Manly, Shorncliffe 10
Leafy/Hilly Kenmore, Chapel Hill, The Gap
Outer Urban/New Estates

Kuraby

Eagle Farm, Rocklea, Acacia Ridge, Archerfield, Moorooka 12

Rochedale, Forest Lake, Heathwood, Larapinta, Everton Park, 9

smaller rooftop PV arrays

Predominantly pitched tile and metal
roofs

Large flat roofs, extensive panel arrays

Glare issues, potential colour distor-
tion due to salt exposure

7 Tree shading, mixed roof orientations

Relatively uniform rooftop designs
and PV installation patterns

The spatial distribution of the selected grid cells, together
with representative imagery and examples of manually digi-
tised rooftop PV installations, is presented in Fig. 3.
Although purposive stratified sampling enabled the inclu-
sion of diverse urban typologies, the non-random selection
of grid cells limits the statistical representativeness of the
evaluation datasets. Consequently, the reported accuracy
metrics reflect model performance within the selected urban
environments and should not be interpreted as unbiased
estimates of performance across the entire Brisbane LGA.

Raster Processing and Digitisation

Toextractinputdataformodel execution, we sourced high-res-
olution aerial imagery tiles from the Brisbane 2020 _10cm_
SISP LGA dataset, part of the Queensland Spatial Imagery
Services Program (SISP) (Queensland Government 2025).
The program, coordinated by the Department of Natural
Resources and Mines (Queensland Government), systemati-
cally acquires and maintains high-resolution aerial imagery
across Queensland under the Queensland Spatial Imagery
Acquisition Plan. Imagery captured under this program for
three years or more is made publicly accessible following
the Queensland Government’s open data policy, facilitating
research and planning applications.

The dataset comprises orthorectified RGB aerial imag-
ery with a 10 cm ground sampling distance (GSD), includ-
ing three spectral bands (red, green, blue). The high spatial
resolution and spectral configuration align with the input
specifications of Esri’s pretrained US Solar Panel Detec-
tion model, which is tuned for high-resolution RGB aer-
ial imagery (5-15 cm GSD). This compatibility enabled
direct application of the pretrained model and subsequent
local calibration using ArcGIS Pro’s Train Deep Learning
Model tool.

Each grid cell of the study area was clipped individually
using a customised workflow built in ArcGIS ModelBuilder
(Appendix A). The workflow iteratively selects each grid
from the Brisbane polygon layer, extracts the matching

extent from the imagery, and exports a clipped raster file
named according to the grid ID. This automated process
ensured consistent preparation of input rasters for each
defined spatial unit, streamlining the data preprocessing
required for model development and inference.

Actotal 0f 4,637 polygon features were digitised across the
selected grid cells, representing observed rooftop PV instal-
lation features. This corresponds to an average of approxi-
mately 66 digitised features per grid cell. It is important to
clarify that this number does not directly correspond to the
number of individual solar panels, but rather to grouped
digitised features based on visual interpretation of aerial
imagery. This annotation strategy is consistent with the
instance segmentation paradigm adopted by the pretrained
Mask R-CNN model, where contiguous rooftop PV instal-
lations are treated as individual detection objects rather than
individual photovoltaic modules.

The manual annotation procedure was based on visual
interpretation of the 10 cm RGB aerial imagery. Rooftop PV
features were identified from their visible appearance and
spatial arrangement, and polygons were delineated to repre-
sent the observable extent of each installation feature. Where
adjacent modules formed a visually continuous array, they
were represented as a grouped polygon rather than being
systematically annotated as separate modules. Accordingly,
the reference dataset represents visually identifiable roof-
top PV installation features, which may comprise individual
panels or grouped arrays, rather than a complete inventory
of individual photovoltaic modules. The interpretation of
installation boundaries may be less certain where panels are
partially obscured, closely spaced, or affected by shadows
and image characteristics. Following digitisation, the refer-
ence polygons were visually reviewed against the source
aerial imagery to identify and correct apparent annotation
errors and inconsistencies in the delineation of rooftop PV
installation features.

Figure 3 illustrates examples of the resulting reference
annotations across different rooftop PV configurations.
This method aligns with annotation approaches adopted in
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Study Area, Dataset Distribution, and Rooftop PV Ground Truth

Legend
Ground Truth Panels
Test Grids (10)
Training Grids (60)
Brisbane Suburb Boundary
Brisbane City

g:.0o0

2

Forest Lake

Bulimba

Fig. 3 Study area and examples of manually digitised rooftop PV
installation features showing variation in polygon representation,
ranging from single panels to grouped installations, derived from the

previous deep learning-based solar panel mapping studies
in the US and New Zealand, where manual digitisation pri-
oritised spatial accuracy and operational consistency over
strict one-to-one object representation. Such grouping is
considered appropriate for model training and evaluation
in urban-scale remote sensing contexts, where fine-grained
delineation may not be practical or necessary for object
detection performance (Esri 2023, 2025a).
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high-resolution aerial imagery (Brisbane 2020_10cm_SISP_LGA),
sourced from the Queensland SISP

During accuracy assessment, predicted and reference
polygons were matched using ArcGIS Pro’s Compute Accu-
racy for Object Detection tool based on IoU thresholds. Con-
sequently, grouped reference annotations and corresponding
predictions were evaluated using the same spatial match-
ing criteria, ensuring that the reported performance metrics
reflected detection of rooftop PV installation features rather
than individual solar panels.
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Dataset Allocation

The 70 selected grid cells were allocated into two datas-
ets according to their role in the experimental design. The
development dataset comprised 60 grid cells used to estab-
lish the baseline performance of the pretrained US model,
perform local calibration through transfer learning, and
compare the pretrained and locally calibrated models under
identical evaluation conditions. The remaining 10 grid cells
were reserved exclusively for independent testing. Both
datasets were allocated purposively to capture variation in
rooftop configurations, building densities, and urban char-
acteristics across the selected Brisbane environments.

The independent test grids were excluded entirely from
training-chip generation, model fine-tuning, and internal val-
idation. Manually digitised rooftop PV installation features
provided reference annotations for evaluating both models
on these previously unseen local grid cells. Accordingly,
development-dataset results were used to examine model
adaptation, while the independent test dataset provided the
primary evidence of performance beyond the development
data. Independence refers specifically to the exclusion of
test grids and their associated imagery and annotations from
model development; it does not imply spatial isolation or
evaluation in a separate geographic region. Furthermore, the
purposive selection of grid cells does not provide a statisti-
cally representative assessment of the wider Brisbane LGA.

Baseline Inference Using the Pretrained US Model

To establish the baseline performance and operational trans-
ferability of the pretrained US rooftop PV detection model,
the model (SolarPanelDetection USA.dIpk) was applied to
each of the 60 raster tiles in the development dataset using
the Detect Objects Using Deep Learning tool in ArcGIS
Pro. The process was automated through a batch workflow
developed in ModelBuilder (Appendix B), enabling effi-
cient inference across the dataset. Each raster tile produced
a classified output raster, which was subsequently converted
to vector format. These outputs were merged into a single
shapefile representing predicted rooftop PV installation
polygons across the study area. The resulting dataset pro-
vided the baseline results against which the effectiveness of
local calibration through transfer learning was evaluated.

The pretrained US model was executed using a tile size
of 400 pixels, 100-pixel padding, and a confidence thresh-
old of 0.9, consistent with the model’s original training
configuration. Bounding boxes and test-time augmentation
were disabled to focus exclusively on mask-based instance
segmentation. Inference was performed using an NVIDIA
GeForce RTX 3050 GPU to maximise computational
efficiency.

Following inference on the development dataset, the
pretrained US model was also applied to the indepen-
dent 10-grid test dataset using identical inference param-
eters. Applying the same pretrained model to both datasets
ensured that comparisons with the locally calibrated model
were conducted under identical experimental conditions,
using the same imagery specifications, manually digitised
reference data, and object detection evaluation protocol.

Transfer Learning and Local Calibration Workflow
Export Training Data for Deep Learning

To facilitate local calibration of the pretrained US rooftop
PV detection model, the Export Training Data for Deep
Learning tool in ArcGIS Pro 3.6 was used to prepare the
training samples. This tool allows for the generation of
image tiles (commonly referred to as “chips”) paired with
annotation metadata suitable for a range of deep learning
frameworks such as PyTorch, TensorFlow, and Keras.

The development dataset comprised the 60 grid cells
allocated for local calibration and controlled model evalu-
ation. Each grid cell contained high-resolution (10 cm)
aerial imagery together with manually digitised rooftop
PV installation polygons that served as reference annota-
tions. Image chips were generated by combining these raster
and vector inputs using fixed-size windows and consistent
geospatial parameters. The export parameters were as fol-
lows: 400 %400 pixel tile size, no stride (i.e., no overlap),
and exclusion of tiles without features. Output image for-
mat was TIFF, and the metadata format was set to RCNN _
Masks, a format required for instance segmentation tasks
using models such as Mask R-CNN. This process yiclded a
total of 2,287 labelled image chips, each associated with its
corresponding segmentation mask.

The locally calibrated model retained the Mask R-CNN
architecture used by the pretrained model, an extension of
the Faster R-CNN framework (Ghimire et al. 2022; Parsaei-
far et al. 2025). As illustrated in Fig. 4, Mask R-CNN adds
a parallel branch to the Faster R-CNN architecture to gener-
ate pixel-wise segmentation masks in addition to bounding
boxes and class predictions. This structure allows the model
to delineate individual solar panel instances with greater
spatial precision, particularly important in complex urban
environments where panels may be small, closely spaced,
or partially occluded (Singh and Viswambharan 2021; Esri
2025b; Viswambharan and Singh 2025).

By employing the RCNN_ Masks format, the train-
ing dataset retained both spatial detail and object-level
instance differentiation. These characteristics were critical
for achieving accurate instance segmentation in Brisbane’s
diverse rooftop landscape.
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Fig.4 Overview of the Mask
R-CNN architecture used for
instance segmentation. (a) The
Faster R-CNN framework, which
consists of a two-stage process:

a region proposal network and
classification with bounding-box
regression. (b) The Mask R-CNN
extension, which introduces a
mask prediction branch (Mask
Head) and replaces Rol pooling
with RolAlign to preserve spatial
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Fine-Tuning the US Model on Brisbane Data

Local calibration was performed using the Train Deep
Learning Model tool available in ArcGIS Pro 3.6 (Image
Analyst Extension). The pretrained US rooftop PV detection
model (SolarPanelDetection USA.dIpk) served as the start-
ing point, while the development dataset described in the
previous section provided the imagery and manually digi-
tised reference annotations used for transfer learning.
Model calibration was performed on a local worksta-
tion equipped with an NVIDIA GeForce RTX 3050 GPU,
allowing for GPU-accelerated computation. The pretrained
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US model (SolarPanelDetection_USA.dIpk) was used as the
starting model for local calibration. Key training parameters
included a batch size of 4, a chip size of 400 x400 pixels,
and a maximum of 100 epochs. A validation split of 20%
was applied to monitor performance and prevent overfitting,.
Early stopping was enabled to terminate model calibration
when validation loss ceased to improve, thereby reducing
the risk of overfitting. Default data augmentation settings
were used, incorporating transformations such as crop-
ping, zooming, brightness adjustment, and contrast changes
to enhance generalisability. The FREEZE MODEL set-
ting was applied to retain the pretrained feature extraction
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weights of the backbone while updating only the segmenta-
tion-specific layers.

The underlying architecture remained Mask R-CNN
with a Feature Pyramid Network (FPN) and ResNet-101
backbone. This instance segmentation approach allows for
pixel-level detection and delineation of solar panel foot-
prints, which is particularly advantageous in complex urban
settings with varied rooftop structures and high solar panel
density. The training process involved iterative backpropa-
gation using stochastic gradient descent, with performance
evaluated based on validation loss. Following local calibra-
tion, the adapted model was subsequently used for inference
on both the development and independent test datasets.

Inference Using Locally Calibrated Model

Following local calibration through transfer learning, infer-
ence was conducted using the locally calibrated Brisbane
rooftop PV detection model (SolarPanelDetectionBrisbane.
dipk). The inference procedure closely mirrored that used
for the pretrained US model, ensuring a controlled compari-
son between the two models.

Inference was performed on two datasets serving differ-
ent purposes. First, inference was conducted on the 60-grid
development dataset to examine model learning behaviour
following local calibration. Second, the model was applied
to the independent 10-grid test dataset, which provided the
primary assessment of operational transferability and model
generalisation. Using identical inference parameters for both
datasets ensured that any performance differences reflected
model capability rather than processing configuration.

Inference on both datasets was automated using the same
ModelBuilder workflow previously developed for the pre-
trained US model. The only modification involved replacing
the pretrained US model with the locally calibrated Brisbane
model (SolarPanelDetectionBrisbane.dlpk) as the input
model. All other parameters, including tile size (400 %400
pixels), padding (100 pixels), batch size (4), and a confi-
dence threshold of 0.9, were kept constant to ensure direct
comparability across experiments. Model outputs comprised
instance segmentation masks representing predicted rooftop
PV installation features. These outputs were converted to
vector polygons and merged into a single shapefile for each
dataset. The resulting prediction layers were subsequently
compared with the manually digitised reference data using
the object detection evaluation protocol described in Sec-
tion “Operational Trustworthiness Evaluation”.

Operational Trustworthiness Evaluation

The evaluation combined quantitative object detection met-
rics with independent test performance, confidence-score

analysis, and qualitative assessment of prediction errors and
segmentation quality. These complementary analyses were
used to operationalise the trustworthiness dimensions intro-
duced in Section “Literature Background” (Table 1), while
recognising the geographic and methodological scope of the
Brisbane case study.

Model performance was first quantified using the Compute
Accuracy for Object Detection tool available in ArcGIS Pro
3.6 (Esri 2026). This tool compares predicted rooftop pho-
tovoltaic (PV) installation features with manually digitised
reference annotations using a standardised object detection
evaluation framework. Both the pretrained US model and the
locally calibrated Brisbane model were evaluated using iden-
tical processing parameters and reference datasets to ensure
fair and reproducible comparison throughout the study.

The evaluation framework combines spatial overlap mea-
sures with confidence-based performance metrics widely
adopted in object detection research (Hui 2018; Padilla et
al. 2020; Esri 2026). Predicted rooftop PV polygons were
compared with manually digitised reference polygons using
Intersection over Union (IoU), which measures the degree
of overlap between predicted and reference objects. A pre-
diction was classified as a True Positive (TP) when its IoU
exceeded the specified threshold. Predictions without suf-
ficient overlap were classified as False Positives (FP), while
reference rooftop PV features that remained undetected
were classified as False Negatives (FN). These object-level
matches formed the basis for calculating the evaluation met-
rics summarised in Table 3.

Three IoU thresholds (0.50, 0.75, and 0.95) were selected
to examine model performance under progressively stricter
spatial matching requirements. An IoU threshold of 0.50 was
used to assess general object detection and approximate spatial
localisation, while 0.75 provided a more demanding assess-
ment of segmentation agreement. The IoU>0.95 threshold was
included deliberately as a stringent sensitivity test of near-exact
polygon alignment, rather than as a conventional minimum
requirement for operational detection. Evaluating perfor-
mance across these thresholds enabled the study to distinguish
improvements in rooftop PV identification from the more
demanding task of accurately delineating installation boundar-
ies. This distinction is particularly relevant to the assessment
of residual geometric uncertainty following transfer learning.

Object-level evaluation was interpreted using one-to-
one matching between predicted and reference rooftop PV
installation features at each specified IoU threshold. Under
this evaluation principle, a predicted polygon can contribute
to a true positive only when it is successfully matched to
a reference polygon at the required IoU threshold. Where
multiple predicted polygons overlap a single reference
installation feature, at most one can contribute to a true posi-
tive, while additional unmatched predictions contribute to
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Table 3 Evaluation metrics used for object detection accuracy assessment
Metric Description Formula Range
True Positive Number of predicted rooftop PV features that sufficiently overlap with reference
rooftop PV features
False Positive Predicted rooftop PV features that do not sufficiently overlap any reference roof-
top PV feature
False Negative Reference rooftop PV features missed by the model (no matching prediction)
Precision Proportion of correct predictions out of all predicted rooftop PV features TP / Oto 1
(TP + FP)
Recall Proportion of detected reference rooftop PV features out of all reference rooftop ~ TP / 0to1
PV features (TP +FN)
F1 Score Harmonic mean of precision and recall; balances both metrics. 2x (Precision x Recall) Otol

Average Precision

Mean Average
Precision

Area under the Precision—Recall curve at a single IoU threshold (typically 0.5).

Mean of AP scores over multiple IoU thresholds (e.g., 0.5 to 0.95, step 0.05).

Precision+Recall

Area under interpolated PR 0 to 1
curve

Average of APs across loU 0to 1

thresholds

false positives. Conversely, where a single predicted poly-
gon overlaps multiple reference features, at most one refer-
ence feature can be matched, with the remaining unmatched
references contributing to false negatives. Predictions and
reference features that do not satisfy the required matching
criteria are counted as false positives and false negatives,
respectively. Consequently, fragmented or merged predic-
tions may affect both detection counts and spatial matching
performance, particularly at stricter [oU thresholds.

Although these metrics provide quantitative measures of
detection accuracy, they alone are insufficient for assessing
trustworthy deployment. Accordingly, the object detection
results were interpreted through the operational trustwor-
thiness framework introduced in Section “Literature Back-
ground”. Specifically:

e Geographic adaptation, as evidence relevant to robust-
ness, was evaluated by comparing the pretrained US
model with the locally calibrated Brisbane model under
identical evaluation conditions.

e Reliability was assessed using an independent 10-grid
test dataset that was excluded entirely from model cali-
bration and internal validation.

e Generalisation was evaluated by comparing perfor-
mance on the development dataset with performance
on the independent test dataset to determine whether
improvements obtained during local calibration were
maintained on previously unseen imagery.

e Transparency was examined through analysis of confi-
dence score distributions together with detailed visual
assessment of TPs, FPs, FNs, and geometric segmenta-
tion errors.

e Residual uncertainty was evaluated by comparing per-
formance across multiple IoU thresholds (0.50, 0.75,
and 0.95), enabling assessment of model sensitivity to
increasingly stringent spatial matching criteria.
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These dimensions are operationally distinct but not statis-
tically independent. Reliability is assessed through perfor-
mance on held-out local imagery, whereas generalisation
concerns the change in performance between develop-
ment and independent datasets. Robustness is interpreted
within the specific United States-to-Brisbane transfer sce-
nario rather than as evidence of stability across multiple
geographic domains. Similarly, transparency is assessed
through observable prediction behaviour and error patterns,
while residual uncertainty concerns the limitations revealed
by those analyses. The latter does not constitute formal
probabilistic uncertainty quantification.

Both models were evaluated on the development and
independent test datasets using the same object detection
evaluation protocol. Development-dataset results were used
to examine model adaptation following local calibration,
whereas the independent 10-grid test dataset provided the
primary evidence of performance on previously unseen
Brisbane imagery. Quantitative comparisons were comple-
mented by qualitative inspection of successful detections,
false positives, false negatives, and segmentation errors to
characterise the remaining limitations of the locally cali-
brated model.

Analysis and Results
Local Calibration of the Pretrained Model

To locally calibrate the pretrained US rooftop PV detection
model for the Brisbane context, transfer learning was per-
formed using manually annotated rooftop PV installation
features from the 60-grid development dataset. The training
process ran for 32 epochs, utilising a one-cycle learning rate
policy, with rates ranging from approximately 1.58 x 107° to
1.58 x 107*. Training was terminated after 32 epochs through
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the early stopping mechanism, which monitors validation
performance and limits further training when improvement
ceases.

Figure 5 presents the progression of key training met-
rics over the full training cycle, including training loss,
validation loss, AP, and epoch duration. The training loss
decreased steadily from 0.88 at Epoch 1 to 0.41 by Epoch
28, reflecting the model’s ability to minimise error on the
training set. Validation loss followed a similar downward
trend, from 0.74 to around 0.41, with minor fluctuations in
later epochs, a typical occurrence attributable to variance
in the validation sample or mild overfitting. Training and
validation losses followed broadly similar trajectories, with
relatively small differences during the later epochs.

The AP score, a summary metric representing the area
under the precision—recall curve, improved consistently
from 0.43 to a peak of 0.86 by Epoch 24, before plateauing.
This trajectory indicates progressive enhancement in detec-
tion accuracy and suggests that additional training beyond
this point yielded diminishing returns. Epoch durations
ranged from 25 to 38 min, reflecting variability in computa-
tional load and data processing across epochs. Upon comple-
tion, the trained model was exported in Esri’s standard.dlpk
(Deep Learning Package) format, enabling seamless inte-

gration with other ArcGIS tools for inference, sharing, or
further deployment across different environments.

Overall, the training results showed a progressive reduc-
tion in training and validation losses, accompanied by an
increase in Average Precision before performance plateaued.
These trends indicate that the fine-tuning process converged
within the observed training period. Model performance on

the development and independent test datasets is presented
in the following sections.

Model Adaptation under Geographic Domain Shift

The pretrained US model and the locally calibrated Bris-
bane model were first compared on the 60-grid develop-
ment dataset to examine changes in detection performance
following local calibration. Because these data contributed
to model development, the comparison provides evidence
of adaptation within the examined US-to-Brisbane trans-
fer scenario rather than an independent assessment of geo-
graphic robustness.

Figure 6 compares the confidence score distributions
produced by the pretrained US model and the locally cali-
brated Brisbane model on the development dataset. Both
models generated high-confidence predictions, with mean
confidence values exceeding 97% and a large proportion
of detections assigned confidence scores above 98%. Local
calibration produced only minor changes in these distribu-
tions despite substantial differences in detection perfor-
mance reported below.

Table 4 compares detection outcomes for the two mod-
els on the development dataset. At loU>0.50, TP increased
from 1,460 to 3,192 and FNs declined from 2,334 to 602 fol-
lowing local calibration. However, FPs also increased from
271 to 1,255. Similar patterns were observed at loU>0.75.
At IoU>0.95, true-positive counts were substantially lower
for both models.

Figure 7 demonstrates that local calibration substantially
improved detection performance at operationally meaningful
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Confidence Score Distributions of the US and Brisbane Models (Development Dataset)

US Model

2,000

1,600

")
1l

o

o

5

= 1,200

g .

§ —Mean: 98.05
8 800 —Median: 99.47
2 —Normal Dist.
ol

5 400

=z

a5 fa 136 131 .
33 70 52 52 48 62 43 50 49 46 40 61 58 82 88 g5 85 L AL :
0
~ " e 4 ©
v P > o 0\ S
o oV o> Y 9 »
Confidence
Brisbane Model
247
240 —\ -
200 4
10 145
g —Mean: 97.53128
O 120
N 07 nie — Median: 98.56634
9 —Normal Dist.
80 T
40
0
i
Confidence
\ J

Fig.6 Comparison of confidence score distributions produced by the pretrained US model and the locally calibrated Brisbane model on the devel-
opment dataset

Table 4 Comparison of detection outcomes for the pretrained US model and the locally calibrated Brisbane model on the development dataset

IoU Model True Positive False Positive False Negative
IoU>0.50 US Model 1,460 271 2,334
Brisbane Model 3,192 1,255 602
IoU>0.75 US Model 1,377 354 2,417
Brisbane Model 2,993 1,454 801
IoU>0.95 US Model 96 1,635 3,698
Brisbane Model 130 4,317 3,664

@ Springer



Journal of Geovisualization and Spatial Analysis (2026) 10:51 Page 17 0f 32 51
4 N\
[ Model Performance Across loU Thresholds on the Development Dataset ]
(a) Performance at loU = 0.50 (b) Performance at loU 2 0.75 (c) Performance at loU = 0.95
Precision | Precision : Precision

1 | 1 : 1
o | ° |
0.75 @ | 0.75 - \ 0.75
] |
c 0.5 e 0.5 = 0.5
S -} , 2
3 0.25 _ '3 0.25 _ '3 0.25 B
g T 1 2 T 1 2 a ©
a o e 0 ® ® o 1 o ¢ 0 ) o o 1 o 0 §\ 4]
) L o o I}
o0 o, W o, w o
© - 1 o
] 1 (] 1 (]
> > S
< v < L<
| |
o : b |
1 |
1 |
] |
F1 Score ! F1 Score ! F1 Score
Criteria US Model Fine-tuned Criteria US Model Fine-tuned Criteria US Model Fine-tuned
Precision 0.8483 0.7178 Precision 0.7955 0.6730 Precision 0.0555 0.0292
Recall 0.3848 0.8413 Recall 0.3629 0.7889 Recall 0.0253 0.0343
F1 Score 0.5285 0.7747 F1 Score 0.4985 0.7264 F1 Score 0.0348 0.0315
AP 0.3299 0.6739 AP 0.2954 0.5970 AP 0.0015 0.0012

.

J

Fig. 7 Comparative performance of the pretrained US model and the locally calibrated Brisbane model across three IoU thresholds, illustrating
performance improvements following local adaptation to the Brisbane Environment

IoU thresholds (0.50 and 0.75). The most substantial
improvement was observed in recall, which increased from
38.48% to 84.13% at IoU>0.50, while Average Precision
more than doubled. Although precision decreased moder-
ately, the resulting increase in F1-score indicates a consid-
erably better balance between omission and commission
errors. These findings demonstrate that transfer learning
substantially improved the pretrained model’s adaptation to
the Brisbane environment, although they do not establish
robustness across multiple geographic domains.

At ToU>0.95, performance declined substantially for
both models, indicating limited near-exact agreement
between predicted and reference polygons. Because this
stringent threshold is sensitive to small boundary differ-
ences, including those potentially associated with manually
digitised reference features, these results are interpreted as
a sensitivity assessment of geometric agreement rather than
a conventional operational detection threshold. Because
the development dataset contributed to model fine-tuning,
these results describe model performance on data used dur-
ing development. The following section reports the corre-
sponding evaluation on the independent 10-grid test dataset,
which was excluded from model development.

Reliability and Generalisation on an Independent
Test Dataset

To determine whether the improvements achieved through
transfer learning generalised beyond the development
dataset, both the pretrained US model and the locally cali-
brated Brisbane model were evaluated using an independent
10-grid test dataset that was excluded entirely from model
development. This dataset provides the primary evidence
for assessing reliability and generalisation beyond the devel-
opment grids within Brisbane, as it comprises previously
unseen local imagery excluded from model development.
Unlike the development dataset, performance on this dataset
reflects operational behaviour rather than model adaptation
during transfer learning.

Figure 8 compares the confidence score distributions
of both models on the independent 10-grid test dataset.
Both models produced high-confidence predictions, with
mean confidence values exceeding 97% and median values
approaching 98-99%. The overall distributions changed only
modestly following local calibration. These distributions are
descriptive and do not constitute formal confidence calibra-
tion, which would require examining the relationship between
individual prediction scores and their detection outcomes.
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Confidence Score Distributions on the Independent Test Dataset (Unseen Dataset)
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Fig. 8 Confidence score distributions for the pretrained US model and the locally calibrated Brisbane model on the independent test dataset

Table 5 compares the detection outcomes for both models
on the independent test dataset. At [oU>0.50, true positives
increased from 300 to 689 and false negatives decreased
from 543 to 154 following local calibration. However, false
positives also increased from 76 to 301. Similar changes
were observed at IoU>0.75. At IoU>0.95, both models
recorded substantially fewer true positives, indicating lim-
ited near-exact agreement between predicted and reference
polygons.
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Figure 9 provides a more comprehensive comparison of
model performance across multiple evaluation metrics. At
IoU>0.50, recall increased from 35.59% to 81.73%, while
the Fl-score improved from 0.4922 to 0.7518 and Aver-
age Precision more than doubled following transfer learn-
ing. Although precision decreased moderately, the locally
calibrated Brisbane model achieved a substantially better
balance between omission and commission errors, indicat-
ing improved operational reliability. Similar improvements
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Table 5 Comparison of detection outcomes for the pretrained US model and the locally calibrated Brisbane model on the independent dataset

IoU Model True Positive False Positive False Negative
IoU>0.50 US Model 300 76 543
Brisbane Model 689 301 154
IoU>0.75 US Model 276 100 567
Brisbane Model 646 344 197
IoU>0.95 US Model 28 348 815
Brisbane Model 31 959 812
4 N\
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Recall 0.3559 0.8173 Recall 0.3274 0.7663 Recall 0.0332 0.0368
F1 Score 0.4922 0.7518 F1 Score 0.4528 0.7049 F1 Score 0.0459 0.0338
AP 0.2906 0.6218 AP 0.2470 0.5501 AP 0.0029 0.0013
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Fig. 9 Comparative detection performance of the pretrained US model and the locally calibrated Brisbane model across three IoU thresholds on

the independent test dataset

were observed at [oU>0.75, demonstrating that the benefits
of local calibration extended beyond the calibration dataset
and generalised to independent data.

Although local calibration substantially improved recall
and Fl-score, the increase in false-positive detections indi-
cates that these improvements involved a trade-off between
detection completeness and precision. Consequently, the
observed performance gains should be interpreted in relation
to application-specific requirements, particularly where false-
positive detections may affect downstream spatial analysis.

Performance on the independent test dataset was slightly
lower than on the development dataset at [oU>0.50 and
IoU>0.75. Nevertheless, the locally calibrated Brisbane
model retained higher recall and Fl-scores than the pre-
trained US model on these previously unseen Brisbane
grids. These results provide evidence that the observed
improvements were maintained beyond the development

dataset, within the geographic and sampling scope of the
independent evaluation.

The independent test results showed improved detec-
tion performance following local calibration, alongside
persistent false positives, missed detections, and reduced
spatial matching performance at stricter IoU thresholds.
The following section examines representative prediction
outcomes and segmentation errors to characterise these
remaining limitations.

Transparency and Residual Uncertainty

This section presents a qualitative assessment of representa-
tive prediction outcomes from the pretrained US model and
the locally calibrated Brisbane model. The analysis exam-
ines recovered rooftop PV detections, false-positive pat-
terns, segmentation inaccuracies, and prediction behaviour
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on the independent Brisbane test grids. These observations
complement the quantitative results by characterising the
remaining detection and geometric errors.

Recovery of Missed Rooftop PV Installations through
Transfer Learning

Transparency requires understanding not only whether model
performance improves, but also how transfer learning changes

model behaviour. Figure 10 presents representative examples
where the pretrained US model failed to detect rooftop PV
installations that were subsequently recovered following local
calibration. Panels U-a to U-f (Fig. 10) display detections from
the US model, while F-a to F-f (Fig. 10) show outputs from the
fine-tuned Brisbane model at the same locations.

Across large commercial rooftops (U-a, U-b, U-f), the
US model either failed to detect substantial portions of solar
arrays or produced incomplete and fragmented outputs.

Fig. 10 Comparative examples

of rooftop solar panel detec-
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These errors suggest limited generalisation to differences in
rooftop material, array configuration, and illumination con-
ditions present in the Australian context. In medium-density
residential areas (U-c, U-d, U-e), under-detection was par-
ticularly pronounced, with smaller or irregularly arranged
installations frequently omitted. Such FNs indicate that the
pretrained model’s learned feature representations did not
fully capture the variability of local rooftop morphology.

Following fine-tuning with locally annotated samples,
the Brisbane model (F-a to F-f) demonstrates substantially
improved detection coverage and spatial consistency. In
each instance, the US model either entirely missed the solar
panels (FNs) or detected only partial segments with incor-
rect geometry. In contrast, the fine-tuned Brisbane model
showed a markedly improved capacity to identify these
panels, producing detections with more accurate align-
ment and geometry. These qualitative observations provide
visual evidence supporting the quantitative improvements
reported in Sections “Model Adaptation under Geographic
Domain Shift” and “Reliability and Generalisation on an
Independent Test Dataset”, reinforcing that transfer learning
substantially improves model adaptation under geographic
domain shift.

The quantitative results further clarify the extent of the
remaining omission errors. At IoU>0.50, false negatives
decreased from 2,334 to 602 on the development dataset
and from 543 to 154 on the independent test dataset fol-
lowing local calibration (Tables 4 and 5). Nevertheless, the
154 unmatched reference features on the independent test
dataset indicate that some rooftop PV installations remained
undetected or failed to meet the required spatial match-
ing criterion. The examples in Fig. 10 suggest that smaller
installations, irregular array configurations, and complex
rooftop surroundings can present particular detection chal-
lenges. These observations identify potential failure condi-
tions rather than establishing the relative frequency of each
error type across the entire dataset.

Persistent False Positive Detection Patterns

Despite the substantial reduction in missed detections,
transfer learning did not eliminate all prediction errors.
One of the most important remaining sources of uncertainty
was the occurrence of FP detections. As shown in Fig. 11,
examples from both the US pretrained model (top two rows)
and the fine-tuned Brisbane model (bottom two rows) reveal
distinct misclassification patterns rooted in each model’s
limitations.

The visual examples in Fig. 11 reveal several recurring
sources of false-positive detections. The pretrained US
model misidentified construction materials, scaffolding,
reflective surfaces, playgrounds, sports courts, vehicles, road

markings, shadows, and rooftop features such as solar hot
water systems as rooftop PV installations. These errors sug-
gest that visually similar non-PV features can be confused
with rooftop PV arrays. The locally calibrated Brisbane
model also produced false positives, including detections
associated with complex shadows, pedestrian bridges, and
urban edges. Importantly, the quantitative results show that
local calibration increased the absolute number of false pos-
itives at IoU>0.50, from 271 to 1,255 on the development
dataset (Table 4) and from 76 to 301 on the independent
test dataset (Table 5). This increase occurred alongside sub-
stantial reductions in false negatives, indicating a trade-off
between improved detection coverage and additional incor-
rect predictions. Thus, although local calibration improved
overall detection performance, it did not reduce the total
false-positive burden.

These findings demonstrate that false-positive errors
remain an important limitation following local calibra-
tion. The examples in Fig. 11 illustrate plausible sources
of confusion, while Tables 4 and 5 quantify the increase in
unmatched predictions.

Residual Geometric Uncertainty in Instance Segmentation

Trustworthy deployment depends not only on detecting
rooftop PV installations but also on accurately delineat-
ing their spatial extent. Qualitative inspection revealed that
geometric uncertainty remained even when detections were
classified as TPs. These patterns are illustrated in Fig. 12,
where panels U-a to U-f present segmentation outputs from
the pretrained US model, and F-a to F-f show the corre-
sponding results from the fine-tuned Brisbane model for the
same rooftop locations.

Across several commercial rooftop settings in Fig. 12
(U-a, U-b, U-d, U-f), the pretrained model produced detec-
tions that broadly overlapped with the solar arrays but
exhibited irregular boundaries, jagged contours, and par-
tial segmentation of continuous panel rows. In other cases
(e.g., U-b and U-e), only portions of larger installations are
captured, indicating under-segmentation despite correct
overall localisation. These results suggest that while the
pretrained model recognises panel presence, it struggles to
delineate coherent array structures under varying rooftop
configurations.

The fine-tuned Brisbane model (F-a to F-f in Fig. 12)
demonstrates improved detection coverage and spatial con-
sistency overall; however, geometric distortions remain
visible. For example, in Fig. 12 (F-b and F-d), the model
successfully delineates more complete panel clusters than
the pretrained counterpart, yet introduces boundary noise
and contour irregularities along elongated arrays. These dis-
tortions suggest that, although local calibration improved
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Fig. 11 Examples of FPs from
the US pretrained model and the [ Persistent False Positive Patterns Before and After Local Fine-Tuning ]

fine-tuned Brisbane model

object detection, accurately delineating complex rooftop PV
arrays remains challenging due to the variability of rooftop
geometry and panel arrangement.

Importantly, these geometric inconsistencies do not nec-
essarily translate into false detections but can substantially
influence performance under stricter evaluation criteria.
This is reflected in the sharp decline in metrics at higher
IoU thresholds (e.g., IoU>0.95), where minor boundary
misalignments significantly reduce intersection-over-union
scores. These findings demonstrate that conventional quan-
titative metrics alone cannot fully characterise segmentation
quality. Qualitative assessment therefore provides an impor-
tant complementary source of evidence when evaluating
trustworthy GeoAl deployment.
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The IoU sensitivity results provide additional quantitative
evidence of geometric disagreement. On the independent test
dataset, the locally calibrated model achieved 689 true posi-
tives at loU>0.50, compared with 646 at [oU>0.75 and only
31 at IoU>0.95 (Table 5). This progressive decline indicates
that many predictions meeting the less stringent matching
criteria did not achieve near-exact overlap with their refer-
ence polygons. Figure 12 illustrates possible manifestations
of this disagreement, including fragmented masks, incom-
plete array coverage, irregular contours, and boundary mis-
alignment. However, these threshold-based counts do not
distinguish prediction-boundary errors from uncertainty in
manually delineated reference polygons, nor do they estab-
lish the frequency of individual geometric error categories.
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Fig. 12 Comparative examples
of geometric distortions in solar

Residual Geometric Uncertainty in Rooftop PV Segmentation ]

panel segmentation. Panels U-a

to U-f display outputs from the U-a: Irregular Array
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U-c: Irregular Segmentation
Geometry

pretrained US model, while F-a
to F-f present the corresponding
results from the fine-tuned Bris-
bane model for identical rooftop
locations

U-d: Partial

Array Segmentation

U-e: Under-segmented
Rooftop Array

F-a: Improved
Array Delineation

F-c: Residual
Boundary Distortion

F-b: Boundary and Contour
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F-d: Improved but Irregular
Delineation

F-f: Residual
Geometric Distortion

F-e: Improved
Array Coverage

Model Behaviour on Previously Unseen Urban Environments

Figure 13 presents representative detection results from the
independent 10-grid Brisbane test dataset. The upper row
shows examples of rooftop PV installations with relatively
well-aligned predicted polygons across different rooftop
configurations. The lower row illustrates more challenging
cases involving large or densely arranged arrays, where seg-
mentation inaccuracies remain visible.

Nevertheless, the bottom row highlights more challeng-
ing scenarios involving buildings with large and dense
solar arrays. While the model still detects panels in these
scenes, the predicted polygons exhibit notable geometric
distortions. These include over-segmentation, fragmented
or inconsistent boundaries, and slight misalignments with
actual panel edges. Unlike in simpler rooftops, here the
model struggles to maintain structural coherence across
densely packed panel clusters or irregular rooftop layouts.
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[ Model Generalisation to Previously Unseen Urban Environments }

Fig. 13 Representative detection results produced by the fine-tuned Brisbane model on the independent 10-grid test dataset

These errors may be associated with scene complexity,
dense panel arrangements, and ambiguity in delineating
installation boundaries. Factors such as occlusions from
rooftop infrastructure, tightly grouped panel configurations,
and the presence of fine-grained architectural detail may
introduce ambiguity in edge delineation. These observations
indicate that transfer learning substantially improves the
model’s ability to recognise rooftop PV installations across
diverse urban environments. However, the persistence of
geometric uncertainty demonstrates that model adaptation
does not completely eliminate operational uncertainty in
previously unseen urban settings.

The qualitative examples illustrate improved recovery of
rooftop PV installations following local calibration, alongside
persistent false positives and geometric segmentation inaccu-
racies. These observations are consistent with the quantita-
tive results, which showed fewer missed reference features
but more unmatched predictions after fine-tuning, together
with substantial sensitivity to stringent loU matching criteria.

Findings and Discussions

Transfer Learning Improves Deployment but Does
Not Establish Trustworthiness

The findings demonstrate that local calibration substantially
improved the detection performance of the pretrained US
rooftop PV model in the Brisbane case study. The most
pronounced improvement was in recall, indicating that the
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locally calibrated model recovered a substantially greater
proportion of reference PV installation features. How-
ever, this improvement was accompanied by increased
false-positive detections and lower precision, revealing a
trade-off between improved detection coverage and addi-
tional unmatched predictions. This distinction is operation-
ally important because the suitability of a detection model
depends not only on the number of installations identified
but also on the consequences of incorrect predictions for its
intended application.

These findings are consistent with previous research
highlighting the importance of target-region data for rooftop
PV detection. Ranalli et al. (2024) demonstrated that incor-
porating local training data can improve performance when
models are transferred across geographic regions, while
Zech et al. (2024) showed that active learning can reduce
the annotation effort required for effective adaptation. The
present study complements these contributions by examin-
ing the performance of an operationally available pretrained
model before and after local calibration, with particular
attention to independent local evaluation and remaining
prediction errors. Unlike studies focused primarily on geo-
graphic generalisation or annotation efficiency, the empha-
sis here is on the evidence needed to inform deployment
decisions after adaptation.

Figure 14 shows that the locally calibrated model main-
tained broadly comparable performance on the development
and independent test datasets at IoU thresholds of 0.50 and
0.75, although some reduction was observed on the held-
out grids. This provides evidence that the benefits of local
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Fig. 14 Comparison of the locally calibrated Brisbane model’s performance on the 60-grid development dataset and the independent 10-grid Bris-

bane test dataset across the evaluated detection metrics

calibration extended beyond the imagery used during model
development. Nevertheless, because the independent evalu-
ation was restricted to 10 purposively selected grids within
Brisbane, the results support local generalisation within the
sampled conditions rather than broader geographic trans-
ferability. The limitations of this evaluation are considered
further in Section “Study Limitations and Future Research”.

The qualitative error analysis provides possible explana-
tions for the remaining limitations. Visually similar non-PV
rooftop and urban features may contribute to false-positive
detections, while small or irregular installations, complex
roof structures, and partial occlusion may contribute to
missed detections. Segmentation inaccuracies may also
reflect difficulties in delineating closely arranged or visually
ambiguous panel boundaries. These explanations are consis-
tent with the representative examples examined in Section
“Transparency and Residual Uncertainty” but were not inde-
pendently tested as causal factors. Importantly, the substan-
tial decline in spatial matching performance at loU>0.95
also reflects the sensitivity of near-exact polygon compari-
sons to both prediction errors and uncertainty in manually
digitised reference boundaries. Together, these findings show
why improved detection performance must be interpreted in
relation to the intended use of the model outputs.

Synthesising Operational Trustworthiness for
Pretrained GeoAl Deployment

While Section “Transfer Learning Improves Deployment
but Does Not Establish Trustworthiness” demonstrated that
transfer learning substantially improves the operational
performance of pretrained GeoAl models, the results also
indicate that no single performance metric is sufficient to
determine whether a model is ready for operational deploy-
ment. Instead, the findings suggest that assessing opera-
tional trustworthiness requires multiple complementary
sources of evidence that collectively characterise model
behaviour under geographic domain shift. While these
assessments provide a stronger basis for evaluating deploy-
ment suitability, they do not independently establish that the
model is trustworthy across all geographic or operational
contexts. This synthesis closes the conceptual perspective
introduced in Section “Literature Background” by demon-
strating how established trustworthy Al principles can be
operationalised for evaluating pretrained GeoAl models in
real-world deployment scenarios. Rather than relying solely
on conventional accuracy assessment, the present study con-
sidered robustness, reliability, generalisation, transparency,
and residual uncertainty as complementary dimensions that
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together provide a more comprehensive understanding of
deployment readiness.

The findings can be interpreted through the operational
trustworthiness dimensions established in Section “Litera-
ture Background” (Table 1). Local calibration substantially
improved detection performance under the examined geo-
graphic transfer scenario, while independent evaluation
demonstrated that these improvements were maintained
on previously unseen grid cells within Brisbane. The com-
parison between development and independent datasets
provided evidence of local generalisation, although broader
geographic robustness was not established. Qualitative error
analysis further revealed persistent false positives, missed
detections, and segmentation inaccuracies, while the IoU
sensitivity analysis highlighted uncertainty in precise poly-
gon delineation. Together, these findings demonstrate the
value of integrating complementary evaluation evidence
rather than relying exclusively on improvements in predic-
tive accuracy.

Collectively, these dimensions demonstrate that trust-
worthy deployment cannot be inferred from improved
predictive accuracy alone. Rather, deployment decisions
should be supported by multiple complementary forms
of evidence that characterise how a model behaves under
operational conditions. Evidence of local adaptation, inde-
pendent test performance, and generalisation within the
sampled Brisbane environments provides confidence that
the observed improvements extend beyond the develop-
ment data, while transparency and explicit acknowledge-
ment of residual uncertainty help users understand the
limitations of model outputs and the circumstances under
which errors may occur. From this perspective, trustworthi-
ness is not a property that a model either possesses or lacks;
instead, it reflects the extent to which sufficient evidence
exists to justify confidence in model behaviour for a par-
ticular operational application. Nevertheless, the evidence
presented here should be interpreted within the scope of the
Brisbane case study, as the limited independent evaluation
and remaining model uncertainties do not constitute defini-
tive confirmation of trustworthy deployment across broader
geographic or operational contexts.

Figure 15 synthesises the implications of the empirical
findings for evidence-based deployment decisions. Whereas
Fig. 1 establishes the conceptual assessment perspective
adopted at the beginning of the study, Fig. 15 illustrates
how the results inform a progression from accuracy-centred
model evaluation towards deployment decisions supported
by complementary evidence. Specifically, the figure high-
lights that improvements achieved through transfer learning
should be considered alongside independent performance
evaluation, observed model failure modes, and residual
uncertainty. It therefore serves as an interpretive synthesis of
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the study’s findings rather than a repetition of the conceptual
framework introduced in Section “Literature Background”.

This perspective has implications beyond rooftop solar
PV mapping. Increasingly, pretrained GeoAl models are
being applied to applications such as building extraction,
land-cover classification, infrastructure monitoring, disaster
assessment, and environmental change detection. As geo-
spatial foundation models become embedded within com-
mercial GIS platforms and cloud-based Earth observation
services, practitioners will increasingly face the challenge
of determining whether pretrained models can be trusted
when transferred across geographic regions. The evidence-
based perspective presented here provides one practical
approach for supporting these decisions by demonstrating
how established trustworthy Al principles can be translated
into an operational evaluation process. Although additional
dimensions may be required for particular applications, the
central principle remains broadly applicable: deployment
decisions should be informed by multiple complementary
sources of evidence rather than predictive accuracy alone.

The operational trustworthiness dimensions should not
be interpreted as a checklist in which all dimensions carry
equal importance. Rather, they represent complementary
forms of evidence that collectively support deployment
decisions. The relative importance of each dimension will
depend on the application, consequences of model error,
and operational context. Accordingly, this study should be
viewed as demonstrating one practical approach for trans-
lating established trustworthy Al principles into operational
GeoAl evaluation rather than proposing a universal trust-
worthiness framework.

Broader Implications for Operational GeoAl

The findings have practical implications for organisations
adopting pretrained GeoAl models through commercial
GIS platforms and other operational geospatial workflows.
Before applying a model to a new geographic environment,
practitioners should assess its initial performance using
locally relevant reference data and consider local calibra-
tion where substantial performance degradation is observed.
Following calibration, evaluation should include imagery
excluded from model development, with attention to both
omission and commission errors and to the spatial agree-
ment required by the intended application. The Brisbane case
study illustrates why improved recall should be considered
alongside the additional false positives introduced during
fine-tuning, rather than treating improved overall detection
performance as sufficient evidence for deployment.
Operational requirements should also determine how
model outputs are verified and used. For applications
such as preliminary rooftop PV inventory development,



Journal of Geovisualization and Spatial Analysis (2026) 10:51

Page 27 0of 32 51

Fig. 15 From accuracy-centred

evaluation to evidence-based

(

From Accuracy-Centred Evaluation to Evidence-Based Trustworthy Deployment

trustworthy deployment of pre-
trained GeoAl models

Pretrained Model
Trained in a source region
(e.g., US)

Conventional (Accuracy-Centred) Mindset

®—> Transfer Learning

o \_/)

Performance is judged by metrics alone

%3

&

O

Improved Accuracy
Better metrics on

development data

Deploy
Model used for
decision-making

Adapt model using
local data

Hidden errors and bias go
unnoticed

Unreliable performance in

Risk of This Approach

Overconfidence in model
outputs

Poor operational and
societal outcomes

new conditions

] Pretrained Model

%8

Transfer Learning

Evidence-based Trustworthy Deployment
Deployment is justified by multiple complementary sources of evidence

Trained in a source region (e.g., US)

Adapt model using local data

N
Robustness (Resilience to geographic domain shift)

Evidence: Improvement from pretrained - calibrated model
on development data

@

A

Reliability (Consistent performance on independent data)

7l on previously unseen grids

|

J

N

Generalisation (Performance extends beyond calibration data)
3]

Evidence: Comparison of de 1t vs. ind

Q
19

Improved Accuracy

\Better metrics on development data

4
=

-
Transparency (Understanding model behaviour and failure modes)

Evidence: Qualitative analysis of false positives, false

on beh

and

=

8 8

A J

S]

o

Generate Operational Evidence
Model used for decision-making

N
Residual Uncertainty (Remaining limitations after calibration)

]

Evidence: Performance under stricter loU thresholds
and boundary assessment

g

Is the evidence sufficient
for the in intended use?

?

Yes

No ——e

Operational Deployment
Deploy with clear communication of
capabilities, limitations and
recommended use

Refine and Re-evaluate
Collect more local data, refine the
model, and repeat evaluation until

sufficient evidence is achieved

Reliable rooftop PV
inventories and planning

Better urban energy
planning and grid
management

Outcome of Trustworthy Deployment

More efficient
infrastructure and
investment prioritisation

Stronger policy and
decision-making support

Greater public benefit,
transparency and
sustainability

the locally calibrated model may provide a useful starting
point, subject to appropriate quality assurance. Applications
requiring accurate installation boundaries, rooftop area
estimates, or capacity modelling may require additional

polygon verification and refinement because geometric
discrepancies remained evident at stricter IoU thresholds.
Similar considerations may apply when pretrained GeoAl
models are adapted for building extraction, infrastructure
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monitoring, and other mapping tasks. The broader impli-
cation is that model suitability should be assessed against
application-specific error tolerances and supported by inde-
pendent evaluation, transparent reporting of limitations, and
proportionate human review.

Study Limitations and Future Research

Several limitations should be considered when interpreting
the findings of this study. First, the independent test data-
set comprised only 10 grid cells within Brisbane. Although
these grids were excluded from model development and pro-
vided evidence of performance on previously unseen local
imagery, their relatively small number limits the scope of
the reliability and generalisation assessment. Furthermore,
the purposive selection of the 70 study grids was intended
to capture diverse urban conditions rather than provide a
statistically representative sample of the Brisbane Local
Government Area. Consequently, the reported performance
metrics should not be interpreted as unbiased estimates of
model accuracy across Brisbane.

Second, the evaluation was conducted entirely within
Brisbane. Although the study examined the adaptation of a
pretrained US model to an Australian urban environment, the
independent test grids were located within the same city as
the development grids. The findings therefore demonstrate
local transferability to previously unseen sampled areas rather
than broader geographic generalisation. Model performance
in other Australian cities, rural environments, or regions with
different imagery characteristics remains untested.

Third, the reference dataset was developed through man-
ual visual interpretation of high-resolution aerial imagery.
Although the digitised polygons were visually reviewed,
uncertainty may remain in the identification and delineation
of rooftop PV installations, particularly where features are
obscured by shadows, closely spaced, or visually ambigu-
ous. Furthermore, individual reference polygons may repre-
sent single panels or grouped installations. These annotation
characteristics can influence object-level matching and the
interpretation of segmentation accuracy.

Finally, performance assessment was sensitive to the
selected Intersection over Union (IoU) thresholds. While
IoU>0.50 and IoU>0.75 provided useful measures of
detection and spatial agreement, loU>0.95 imposed a par-
ticularly stringent requirement for near-exact polygon align-
ment. At this threshold, relatively small differences between
predicted and reference boundaries may substantially
reduce measured performance, including differences aris-
ing from annotation uncertainty. Accordingly, the results at
IoU=>0.95 should be interpreted as a sensitivity assessment
of geometric agreement rather than a conventional opera-
tional acceptance criterion.

@ Springer

Although confidence score distributions were examined
to provide insights into model prediction behaviour, formal
confidence calibration was not performed. Consequently,
the reported confidence scores should not be interpreted as
direct estimates of prediction correctness. Future investiga-
tions could incorporate confidence calibration techniques
to further assess the reliability of model predictions under
geographic domain shift.

The analysis was based on high-resolution aerial imag-
ery acquired in 2020. Consequently, the resulting refer-
ence annotations and model predictions reflect rooftop PV
installations visible at the time of image acquisition rather
than the current distribution of installations. Future research
could incorporate more recent and multi-temporal imagery
to assess model performance under changing rooftop PV
configurations and urban development conditions.

An additional limitation is the absence of a model trained
from scratch using the Brisbane dataset. Consequently,
although the results demonstrate substantial improvements
following local calibration of the pretrained model, they do
not isolate the contribution of pretrained weights relative
to training an equivalent model without pretraining. Future
research could investigate this distinction through a controlled
comparison using identical training and evaluation data.

Future research should evaluate pretrained and locally
calibrated GeoAl models using larger, more geographically
diverse, and preferably probability-based independent sam-
ples. Validation across multiple Australian cities and con-
trasting imagery conditions would provide stronger evidence
of geographic generalisation. Further investigation of anno-
tation consistency, confidence calibration, and geometric
segmentation uncertainty would also strengthen the evidence
available for assessing trustworthy operational deployment.

Conclusion

The increasing availability of pretrained GeoAl models
is fundamentally changing how artificial intelligence is
adopted within geospatial practice. By lowering the tech-
nical barriers to deep learning, commercial GIS platforms
and emerging geospatial foundation models are enabling
practitioners to apply sophisticated AI models to a grow-
ing range of operational applications. As these models are
increasingly transferred across geographic regions, how-
ever, the challenge is no longer limited to achieving high
predictive accuracy. Rather, the central challenge is deter-
mining whether sufficient evidence exists to justify trusting
model outputs under the environmental, geographic, and
operational conditions in which they will be used.

The findings of this study indicate that transfer learning
can be an effective strategy for adapting pretrained GeoAl
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models to new geographic environments, although its effec-
tiveness may vary depending on local imagery characteris-
tics, training data availability, and operational conditions. In
the Brisbane rooftop PV mapping case study, local calibration
substantially improved detection performance, with these
improvements largely maintained on an independent set of 10
previously unseen Brisbane grids. Nevertheless, the limited
independent evaluation does not establish broader geographic
generalisation. Furthermore, the independent evaluation and
qualitative error analysis revealed persistent false positives,
missed detections, and geometric segmentation errors, partic-
ularly under stricter spatial matching criteria. These findings
highlight that, although transfer learning can improve detec-
tion performance, predictive improvements alone are insuf-
ficient to establish trustworthy deployment. Accordingly, the
results provide empirical evidence to inform the assessment
of operational trustworthiness within the sampled Brisbane
environments, rather than definitive confirmation of deploy-
ment readiness across broader geographic contexts.

The principal contribution of this research is therefore
not the development of a new deep learning architecture or
the proposal of a new trustworthy Al framework. Instead,
the study demonstrates how established trustworthy Al
principles can be operationalised as complementary sources
of evidence for evaluating the deployment of pretrained
GeoAl models. By integrating evidence relating to robust-
ness, reliability, generalisation, transparency, and residual
uncertainty, the study presents an evidence-based opera-
tional perspective that extends beyond conventional accu-
racy assessment. This perspective encourages practitioners
to evaluate not only how accurately a model performs, but
also whether sufficient evidence exists to justify confidence
in its behaviour before it is deployed to support planning,
policy, or infrastructure decisions.

The findings also suggest several practical recommen-
dations for operational GeoAl deployment. First, transfer
learning should be regarded as the beginning rather than the
end of the model validation process whenever pretrained
models are transferred across geographic regions. Second,
independent evaluation using datasets excluded from model
development should become standard practice for assess-
ing operational reliability, with geographically diverse test-
ing undertaken where broader generalisation is required.
Finally, predictive performance should be complemented
by transparent assessment of model behaviour, failure
modes, and residual uncertainty to enable more informed
and responsible deployment decisions. Collectively, these
practices provide a more comprehensive basis for evaluat-
ing deployment readiness than predictive accuracy alone.

Although this study focused on rooftop solar PV detec-
tion, the broader implications extend to many GeoAl applica-
tions where pretrained models are increasingly reused across

geographic contexts, including building extraction, land-
cover mapping, infrastructure monitoring, disaster assess-
ment, and environmental change detection. Future research
should evaluate the evidence-based operational perspective
presented in this study across diverse application domains,
geographic regions, and emerging geospatial foundation
models. Additional work should also investigate complemen-
tary sources of operational evidence, including uncertainty
quantification, explainability, fairness assessment, and con-
tinuous post-deployment monitoring, to support more com-
prehensive evaluation of trustworthy GeoAl systems.
Ultimately, the future of operational GeoAl will depend
not only on increasingly powerful pretrained models but
also on increasingly rigorous approaches for evaluating their
deployment. As artificial intelligence becomes embedded
within routine geospatial decision-making, the central ques-
tion is no longer whether pretrained models can be transferred
across geographic regions, but whether sufficient operational
evidence has been generated to justify trusting their outputs.
Developing evidence-based deployment practices will there-
fore be fundamental to ensuring that GeoAl supports reli-
able, transparent, and responsible spatial decision-making.
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