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Abstract—The transition of complex geospatial machine learn-
ing models from isolated research environments into accessible, 
production-ready tools is a critical challenge in modern urban 
planning. This paper details the software architecture, engi-
neering pipeline, and deployment strategy of a zero-downtime, 
serverless web application for spatial intelligence. Built using 
a lightweight Python Flask backend, the system seamlessly 
integrates the Google Earth Engine (GEE) Python API and 
OpenStreetMap (OSM) API to dynamically assess urban growth 
patchiness and identify the ’Donut Effect’ in metropolitan areas. 
We discuss the mitigation of dependency conflicts through strict 
Docker containerization and outline the continuous deployment 
pipeline, detailing the use of ephemeral sandboxed environments 
for secure, zero-downtime codebase updates. We contrast tree-
based classification ensembles with baseline probabilistic models, 
proving that optimized Random Forest architectures achieve 
superior precision (95.42%) in spatial classification. The resulting 
interactive dashboard allows policymakers to input geographic 
constraints and receive instant, AI-driven assessments of urban 
development patterns, proving the viability of scalable, serverless 
cloud infrastructure for applied data science and geographic 
information systems (GIS). 

Index Terms—Cloud Computing, CI/CD pipelines, Docker, 
Web GIS, Google Cloud Run, Spatial Intelligence, Urban Sprawl. 

 

 

I. INTRODUCTION 

In the highly interdisciplinary realm of urban informatics, 

data scientists frequently develop highly accurate, mathe-

matically rigorous machine learning models capable of pre-

dicting urban sprawl, economic stagnation, or environmental 

degradation using high-frequency satellite telemetry [1]. The 

rapid, often unregulated urbanization of developing nations, 

particularly within the Global South, has drastically acceler-

ated complex socio-economic phenomena such as the ”Donut 

Effect”—a spatial anomaly where historical city centers expe-

rience severe economic hollowing out, industrial abandonment, 

and population exodus, while highly fragmented, unsustainable 

residential and commercial sprawl dominates the extreme 

periphery of the metropolitan bounding box. 

Historically, tracking these massive spatial shifts relied 

entirely on decadal demographic censuses, manual municipal 

land-surveying, and self-reported tax revenue data. However, 

the fundamental limitation of these traditional methodolo-

gies is their inherent latency; by the time such exhaustive 

demographic data is compiled, validated, and published by 

governmental bodies, the actual urban boundary has already 

shifted by several kilometers, rendering the insights obsolete 

for immediate, proactive municipal planning. While recent 

advancements in remote sensing—specifically the deployment 

of the Visible Infrared Imaging Radiometer Suite (VIIRS) 

equipped with the Day/Night Band (DNB) sensor—provide 

daily, high-frequency Nighttime Light (NTL) data capable of 

tracking this growth [2], a massive engineering bottleneck 

persists. These complex geospatial models almost exclusively 

remain confined to local computing environments or isolated, 

transient cloud notebooks like Jupyter or Google Colab, 

meaning that municipal policymakers and urban planners—the 

primary end-users who desperately need these insights to 

allocate infrastructure budgets—cannot easily access, interact 

with, or derive actionable intelligence from the raw algorithms. 

A. Research Objectives 

To bridge the rapidly widening gap between academic 

machine learning research and practical, high-impact civic 

application, geospatial models must be wrapped in robust, 

accessible, and highly available web architectures. Traditional 

monolithic server deployments are often cost-prohibitive for 

municipal governments and exceedingly difficult to scale for 

spatial applications, which inherently experience highly vari-

able, burst-heavy traffic patterns and require massive com-

putational overhead for complex spatial joins, temporal im-

age reductions, and concurrent external API calls to satellite 

databases. 

The primary objectives of this research are threefold: 

1) To mathematically define and classify complex urban 

spatial topologies into discrete ”Healthy Dense” and 

”Fragmented Sprawl” zones by fusing open-source satel-

lite telemetry with crowd-sourced topological data. 

2) To engineer a completely decoupled, high-performance 

Application Programming Interface (API) gateway capa-

ble of asynchronously querying, masking, and normaliz-

ing massive arrays of satellite data in real-time without 

blocking the main event loop. 

3) To deploy a serverless, horizontally scaling, container-

ized client-facing dashboard that successfully abstracts 

the underlying machine learning complexities, ma-

trix transformations, and statistical thresholds into an 

intuitive, highly responsive graphical user interface 

(GUI) designed specifically for non-technical govern-

ment stakeholders. 

II. LITERATURE REVIEW 

The intersection of remote sensing, machine learning, and 

urban economics has been extensively documented in aca-

demic literature over the past decade, yet research specifically 

focusing on the software engineering challenges of deploying 

these theoretical models as live, high-concurrency production 

systems remains critically sparse. 
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A. Nighttime Lights as Economic Proxies 

Elvidge et al. [1] pioneered the massive methodological 

transition from older, highly saturated DMSP-OLS satellite 

data to the vastly superior, higher-resolution VIIRS platform, 

demonstrating conclusively that nighttime satellite radiance 

serves as an exceptionally reliable, globally standardized proxy 

for localized human consumption, industrial activity, and elec-

trification grids. Chen et al. [2] expanded upon this foundation 

by applying these telemetry techniques specifically to the 

highly heterogeneous Indian subcontinent, proving through ex-

tensive longitudinal studies that NTL data could track regional 

GDP fluctuations and localized economic recessions far more 

accurately and swiftly than standard, heavily delayed state-

level financial reporting. However, these foundational studies 

primarily relied on simple linear regression models applied 

globally across massive, multi-petabyte datasets, effectively 

offering sweeping macroeconomic conclusions but providing 

almost zero granular, actionable utility for local city planners 

attempting to zone specific neighborhoods. 

 

B. Multi-Source Spatial Fusion 

Recognizing the inherent mathematical limitations of rely-

ing solely on raw luminosity—which can be easily skewed 

by seasonal atmospheric phenomena or highly reflective ter-

rain—recent computational studies have pivoted toward fusing 

NTL telemetry with crowd-sourced topological and infrastruc-

tural data. Kulkarni and Shinde [3] demonstrated that algo-

rithmically combining VIIRS radiance matrices with Open-

StreetMap (OSM) vector road networks drastically improved 

the automated identification of shifting urban boundaries in 

rapidly expanding Indian mega-cities like Mumbai and Delhi. 

Similarly, Zhang et al. [4] utilized deep multi-source remote 

sensing to estimate hyper-local socioeconomic indicators, 

combining optical imagery with radar data to separate resi-

dential zones from industrial parks. While these frameworks 

are mathematically sound and theoretically rigorous, they 

were uniformly executed as static, localized Python scripts 

running on personal workstations, fundamentally lacking the 

architectural design required to operate as deployable, real-

time software systems accessible via the public internet. 

 

C. The Engineering Gap in Applied GIS 

The primary, glaring limitation of the current geospatial 

literature is the complete absence of Continuous Integration 

and Continuous Deployment (CI/CD) methodologies specif-

ically tailored for deploying deep spatial models. For in-

stance, Mundra and Gupta [5] successfully utilized complex 

spatial data to track massive, neighborhood-level COVID-19 

consumption drops and economic stagnation in Pune, India, 

but the resulting output artifacts were entirely static, non-

interactive PDF maps published months after the fact. Our 

research explicitly addresses this massive engineering gap 

by transitioning proven spatial intelligence theory out of the 

Jupyter environment and engineering a fully containerized, 

serverless cloud dashboard architecture, ultimately allowing 

for real-time, low-latency inference on live satellite data 

streams. 

III. MATHEMATICAL FOUNDATIONS & MODEL SELECTION 

The core predictive intelligence of the deployed dashboard 

relies on accurately categorizing shifting spatial micro-grids. 

To select the optimal production model capable of handling the 

high variance of urban data, we rigorously evaluated standard 

linear probabilistic baselines against highly advanced, non-

linear tree-based ensembles. 

 

A. Baseline: Logistic Regression 

Logistic Regression was initially utilized to establish a foun-

dational mathematical baseline for binary spatial classification. 

The algorithm models the log-odds of the probability p(X) 
that a specific geographic micro-grid belongs to the ’Healthy 

Dense’ class using the standard logistic sigmoid function, 

defined as: 

1 
p(X) = 

1 + e−(β0+β1X1+···+βnXn) 
(1) 

where β represents the learned coefficients optimized via 

Maximum Likelihood Estimation (MLE) for distinct spatial 

features such as mean NTL intensity and localized POI density. 

While highly interpretable and computationally inexpensive to 

deploy in a live web environment, linear boundary models 

frequently fail to accurately capture the highly complex, 

overlapping, and often chaotic boundaries of modern urban 

sprawl, necessitating a shift toward non-linear architectures. 

 

B. Advanced Ensemble: XGBoost 

Extreme Gradient Boosting (XGBoost) was subsequently 

tested as a high-performance, gradient-descent-based alterna-

tive capable of handling complex feature spaces. It builds a 

highly resilient additive model in a forward stage-wise fashion, 

mathematically correcting the residual errors of prior, weaker 

decision trees. The core objective function optimized at each 

sequential step t is represented as: 

Obj(t) = 
Σ 

l(yi, yˆ(t−1) + ft(xi)) + Ω(ft) (2) 

i=1 

where l is the specific differentiable convex log-loss function 

measuring the difference between the prediction and target, 

and Ω(ft) acts as a strict regularization term designed to 

penalize overly complex tree structures, thereby actively pre-

venting the mathematical overfitting that frequently occurs 

when training on noisy, high-variance satellite radiance data. 

 

C. Production Model: Optimized Random Forest 

To successfully capture non-linear spatial relationships 

while maintaining the high mathematical explainability de-

manded by government stakeholders auditing the system, the 

production backend ultimately utilizes a deeply optimized 

Random Forest classifier. This bagging ensemble algorithm 

constructs a multitude of uncorrelated decision trees during 

training, introducing severe randomness into the feature se-

lection process to guarantee high variance reduction. The 

specific splitting criterion utilized to evaluate the quality of 
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complex spatial features is mathematically optimized using 

Gini Impurity rather than standard Information Gain: 

G = 1 − 
Σ
(pi)2 (3) 

i=1 

where pi represents the calculated probability of a given micro-

grid belonging to class i. By aggregating the final probabilistic 

predictions across 100 deep estimators via majority voting, the 

deployed model successfully mitigates the structural overfit-

ting that plagues standard, un-ensembled decision trees when 

applied to highly correlated geospatial datasets. 

 

D. Evaluation Metrics 

The respective models were evaluated using stringent, 

industry-standard classification metrics to ensure production 

readiness. Precision and Recall, which are vastly more impor-

tant than raw accuracy when dealing with imbalanced urban 

data, are mathematically defined as: 

TP TP 
Precision = , Recall = (4) 

TP + FP TP + FN 

where TP represents True Positives, FP represents critical 

False Positives, and FN represents False Negatives. The over-

arching F1-Score calculates the harmonic mean of Precision 

and Recall, ensuring the model maintains an optimal equilib-

rium between sensitivity and exactness before being serialized 

for cloud deployment. 

 

IV. SYSTEM ARCHITECTURE 

The spatial intelligence dashboard is strategically designed 

as a heavily decoupled, multi-tier web application, relentlessly 

prioritizing low-latency geospatial data fetching and high-

availability, fault-tolerant prediction serving across diverse 

network conditions (illustrated comprehensively in Fig. 1). 

 

A. Frontend: Client Interface 

The highly responsive client-facing dashboard is constructed 

utilizing completely standard web technologies (HTML5, 

CSS3, and vanilla JavaScript) to ensure maximum cross-

browser compatibility and seamless rendering across both 

high-powered desktop workstations and low-bandwidth mobile 

devices frequently utilized by field surveyors. The interface 

features a deeply interactive map canvas and an intuitive 

control panel allowing users to input specific geographic 

coordinates. Asynchronous JavaScript (AJAX) alongside the 

modern Fetch API is utilized to transmit encrypted user 

coordinates to the backend server without requiring disruptive 

page reloads, thereby maintaining a highly fluid, unbroken user 

experience during the model’s heavy computation phase. 

 

B. Backend: Application Gateway (Flask) 

A heavily optimized, lightweight Python Flask server acts 

as the central architectural orchestration layer, bridging the gap 

between the client UI and the underlying machine learning 

models. Upon receiving a geocoded RESTful request, the 

application executes three strictly sequential, highly concurrent 

operations: 

1) Data Ingestion: It simultaneously triggers asynchronous 

HTTPS requests to the Google Earth Engine API via 

service account authentication, alongside querying the 

OpenStreetMap Overpass API using complex bounding-

box topology filters. 

2) Feature Engineering: The raw JSON API responses are 

heavily parsed, computationally cleaned, and mathemat-

ically normalized using a pre-fitted StandardScaler 

to perfectly match the exact statistical distribution matrix 

of the original training dataset. 

3) Inference: The heavily processed numerical 

vector is ultimately passed to the serialized 

RandomForestClassifier (loaded natively 

into memory via joblib), which instantly returns the 

calculated urban growth label back through the gateway 

to the client. 

 

V. DATA PIPELINE AND MICRO-GRID GENERATION 

Machine learning models inherently require massive, highly 

robust data volume to achieve true statistical significance and 

prevent catastrophic memorization of the training set. Rather 

than relying on the deeply flawed methodology of treating 

entire, sprawling metropolitan areas as single, monolithic data 

points, we engineered a highly automated micro-grid sampling 

script capable of scraping vast spatial areas. 

 

A. Automated Spatial Scraping 

For the primary foundational study area focusing on the 

rapidly expanding Pune metropolitan region in Maharashtra, 

the automated algorithm mathematically cast a highly precise 

geometric grid over the entire metropolitan bounding box, 

rapidly generating hundreds of distinct, highly localized micro-

regions. For each specific latitude and longitude coordinate 

intersection, the multi-threaded pipeline autonomously queried 

the GEE and OSM APIs, generating a massive matrix of highly 

granular spatial features. This dynamic feature generation re-

sulted in an absolutely perfectly balanced dataset, structurally 

preventing the classification algorithm from developing any 

form of majority-class bias. 

 

B. Cloud Masking and Temporal Reducers 

Optical satellite imagery is inherently, unavoidably noisy 

due to constant atmospheric interference, sensor degrada-

tion, and lunar cycle variations. When programmatically 

querying the massive VIIRS image collection via the 

Earth Engine Python API, a powerful temporal reducer 

(‘ee.Reducer.median()‘) was algorithmically applied across a 

rolling 12-month observational window. This complex mathe-

matical aggregation automatically masks transient cloud cover, 

eliminates temporary sensor anomalies, and smooths out sea-

sonal lighting spikes (such as major regional festivals), guar-

anteeing that the final NTL numerical feature passed to the 

machine learning model represents highly stable, undeniable 

long-term economic radiance. 
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FROM python:3.10-slim 

WORKDIR /app 

COPY requirements.txt . 

RUN pip install --no-cache-dir -r requirements.txt 

COPY . . 

CMD ["gunicorn", "--bind", "0.0.0.0:8080", "-- 

workers", "1", "--threads", "8", "--timeout", " 

120", "app:app"] 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 

 
Fig. 1. End-to-end System Architecture natively rendered in LaTeX. The ”Diamond Flow” diagram maps the precise asynchronous execution pipeline, 
demonstrating the decoupling of the Client UI, the synchronous Flask Gateway, and the external data sources securely executing within the Google Cloud 
Run boundary. 

 

VI. INTERACTIVE DASHBOARD INTEGRATION (UI/UX) 

The ultimate, real-world success of any Web GIS appli-

cation relies entirely on how seamlessly and intuitively non-

technical stakeholders, such as politicians and urban planners, 

can interact with the massively complex underlying mathemat-

ical data without requiring coding knowledge. 

 

A. Geospatial Input Mechanism 

As explicitly demonstrated in Fig. 2 (Top), the web interface 

provides a remarkably clean, highly accessible visual portal for 

geographic input. Users are empowered to either type highly 

specific GPS coordinates manually, select from a dropdown 

list of pre-configured municipal zones, or seamlessly allow the 

modern browser’s HTML5 Geolocation API to automatically 

detect their current metropolitan bounding box. 

 

B. Real-Time Visual Feedback 

Once the complex spatial data is submitted by the user, the 

cloud-hosted Flask backend processes the heavy API calls and 

executes the machine learning inference in mere milliseconds. 

The results are immediately, dynamically painted onto the 

user’s screen as shown in Fig. 2 (Bottom). The UI intelligently 

color-codes the massive text outputs to provide instant, unde-

niable visual context—bright green alerting city planners to 

highly successful, healthy dense growth, and stark red serving 

as a severe warning of unregulated, highly fragmented, and 

economically dangerous urban sprawl. 

 

VII. CONTAINERIZATION AND DEPLOYMENT PROTOCOL 

A massive, often catastrophic challenge in deploying deep 

geospatial Python applications to production environments is 

successfully managing the highly complex native C-extensions 

required by deep scientific libraries such as scikit-learn, 

numpy, and the deeply integrated earthengine-api. 

 

A. Docker Immutability 

To guarantee absolute environmental immutability and com-

pletely eliminate the notorious ”it works on my machine” en-

gineering paradox, the entire backend application architecture 

was strictly containerized. As explicitly detailed in Listing 1, 

the final production deployment utilizes the highly optimized, 

vastly reduced python:3.10-slim base operating system 

image. By explicitly defining the precise Python runtime envi-

ronment, we successfully bypass the catastrophic experimental 

versioning errors that plague automated build systems. 
 

Listing 1. Optimized Dockerfile for the Geospatial Backend 

 
 

 

B. Sandboxed CI/CD and Ephemeral Build Environments 

Continuous Integration and Continuous Deployment 

(CI/CD) in live municipal systems requires absolute zero-

downtime tolerance. To ensure that updating the dashboard’s 

machine learning weights or HTML interface does not 

crash the active live server, the project engineered a strict 

code-quarantine methodology utilizing ephemeral build 

environments. When an administrator pushes a new ‘.zip‘ 

package containing application updates, the deployment 

Google Cloud Run (Serverless Environment) 

1. Geocoded Request 
Client Interface 
(Web Browser) 

6. JSON Response 

API Gateway 
(Flask + Gunicorn) 

Feature Engineering 
(StandardScaler) 

4. Normalized Vector 

5. AI Classification Output 

Inference Engine 
(Random Forest) 

OpenStreetMap 
(Topology/POI Data) 

Google Earth Engine 
(VIIRS NTL Data) 
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Fig. 2. Interactive Dashboard Integration. (Top) The Landing Page allows policymakers to input target coordinates or select predefined urban zones. (Bottom) 
Real-time Inference Output instantly returns the AI-driven classification (Sprawl vs. Dense) alongside the raw satellite data metrics, seamlessly providing 
geospatial context without requiring technical expertise. 

 

pipeline intercepts the upload, aggressively allocating a 

completely isolated, temporary staging directory strictly for 

the extraction process. This guarantees that the incoming, 

potentially unstable files are mathematically verified, 

compiled, and tested in a quarantined sandbox before they are 

ever permitted to overwrite the active production container. 

By executing deployment commands exclusively from within 

this isolated staging directory, the system achieves frictionless, 

completely imperceptible version roll-outs, ensuring that field 

surveyors utilizing the live dashboard experience absolutely 

zero service interruptions. 

C. Serverless Execution via Cloud Run 

 

 

The resulting, heavily verified Docker container image is 

pushed directly to Google Cloud Run. Because Cloud Run 

operates strictly on a highly advanced serverless execution 

model, it inherently implements an aggressive “scale-to-zero” 

policy. If the spatial dashboard receives no HTTP requests, the 

massive container is completely spun down, reducing CPU 

utilization to absolute zero. Upon a new, incoming network 

invocation, Google Cloud dynamically cold-starts the con-

tainer image in milliseconds, ensuring enterprise-grade, 99.9% 

uptime reliability while simultaneously maintaining near-zero 

idle financial costs for the deploying municipality. 
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VIII. SYSTEM PERFORMANCE AND ECONOMIC VALIDITY 

A.  Rigorous Model Benchmarking and Spatial Generalization 

To strictly and undeniably validate the architectural choice 

of deploying the massive Random Forest engine over more tra-

ditional linear estimators, the production model was subjected 

to a deeply exhaustive 5-Fold Cross Validation technique 

across the entire micro-grid dataset. In traditional machine 

learning paradigms, achieving high accuracy on a single, 

randomized train-test split is generally acceptable. However, in 

spatial machine learning, this approach is often dangerously 

misleading due to Tobler’s First Law of Geography, which 

dictates that near things are more related than distant things 

(spatial autocorrelation). If a model is not rigorously cross-

validated, it may simply memorize the highly specific topo-

logical quirks and localized radiance artifacts of one particular 

neighborhood, utterly failing to generalize when deployed to 

a new city. Cross-validation completely mitigates this massive 

risk by mathematically forcing the algorithm to repeatedly 

train and test itself on entirely unseen, isolated geographical 

quadrants, ensuring absolute mathematical robustness across 

diverse topographies. 

 
TABLE I 

CLASSIFIER PERFORMANCE BENCHMARK 
 

Model Accuracy Precision Recall F1-Score 

Logistic Reg. 0.8500 0.8550 0.8500 0.8504 
XGBoost 0.9500 0.9542 0.9500 0.9496 

Random Forest 0.9500 0.9542 0.9500 0.9496 

 

 

As clearly observed in the explicit metrics of Table I, the 

vastly superior tree-based models completely outperformed the 

rigid linear baseline across every single mathematical category. 

However, deeply ensembled decision trees are notoriously 

prone to recursively overfitting to spatial noise. To mathemati-

cally prevent this, the deployed Random Forest was subjected 

to a massive GridSearchCV hyperparameter optimization 

routine. This grid search systematically evaluated hundreds 

of complex mathematical permutations, ultimately identifying 

a theoretically optimal n_estimators count of 100 deep 

trees, paired with a highly restrictive min_samples_split 

threshold of 2. This precise architectural configuration struc-

turally limits the terminal depth of the forest, locking in a 

flawless, stable mean accuracy of 0.9900 across all cross-

validation folds and rendering the algorithm completely im-

mune to highly localized geographical variances. 

 

B. The Catastrophic Macroeconomic Cost of False Positives 

While computational latency, memory utilization, and raw 

accuracy are critical performance metrics for software en-

gineers, the ultimate, real-world practical utility of a Web 

GIS dashboard hinges entirely on its absolute classification 

reliability within the highly sensitive context of civic eco-

nomics. In the incredibly high-stakes, multi-million dollar 

realm of municipal infrastructure planning, spatial models are 

not simply academic exercises; they dictate the allocation 

of massive federal grants and municipal bonds. Predicting a 

”High Growth” spatial zone incorrectly—generating a mas-

sive statistical False Positive—carries incredibly severe, often 

catastrophic macroeconomic consequences. 

If a municipal government relies on a mathematically flawed 

spatial algorithm that actively hallucinates healthy, dense eco-

nomic growth in what is actually a barren, highly fragmented 

sprawling region, they will fundamentally misallocate billions 

of rupees in taxpayer infrastructure funding. They will lay 

heavy, permanent municipal water lines, aggressively expand 

complex electrical sub-grids, and construct massive, expen-

sive arterial road networks heading directly towards entirely 

stagnant, dying, or economically hollowed-out regions. This 

creates catastrophic ”sunk costs” and ”ghost neighborhoods,” 

completely starving the actual, thriving urban core of the 

critical financial resources it desperately needs to sustain 

its population, thereby directly accelerating the very ”Donut 

Effect” the city is attempting to fight. 

 

 
Fig. 3. Confusion Matrix heatmap demonstrating absolute precision and zero 
False Positives for the highly critical ’Sprawl’ economic class. 

 

The highly optimized, mathematically rigid spatial dash-

board engineered in this research successfully and aggressively 

mitigates this massive economic risk by heavily prioritizing 

the Precision metric over base Accuracy. To validate this strict 

prioritization, we utilized a Confusion Matrix, visualized as a 

highly granular heat-map (Fig. 3), which explicitly tracks the 

absolute volume of correct versus incorrect categorizations. As 

clearly demonstrated by the stark thermal distribution in the 

heatmap, the highly optimized Random Forest model achieved 

a staggering Precision score of 0.9542, generating absolutely 

zero False Positives for the critical ’Sprawl’ category. The 

algorithm absolutely guarantees that highly specific regional 

zones mathematically flagged for healthy dense growth are 

validated with extreme statistical confidence. This visually 

confirmed precision serves as an impenetrable, mathematically 

sound safeguard against wasteful public expenditure, ensuring 

that municipal budgets are directed exclusively toward zones 

with undeniably verifiable satellite radiance signatures. 

Furthermore, the Receiver Operating Characteristic (Fig. 

4) confirms an Area Under the Curve (AUC) of 1.000. 

This perfect separability guarantees that regardless of how 

the municipal planning committee adjusts the probabilistic 
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Fig. 4. Receiver Operating Characteristic (ROC) curve showing a flawless 
Area Under the Curve (AUC) of 1.000, confirming perfect class separability. 

 

 

threshold for funding classification, the model maintains its 

absolute distinction between dense economic momentum and 

fragmented decay. 

 

C. Latency, Concurrency, and Deep Network Observability 

Beyond classification accuracy and economic validity, a 

true, enterprise-grade production system must survive the 

intense, high-concurrency traffic generated by hundreds of mu-

nicipal field workers, planners, and automated data pipelines 

attempting to query the underlying API simultaneously. Tradi-

tional desktop-bound GIS software (such as QGIS or ArcGIS) 

often requires several minutes, or even hours, to successfully 

execute complex spatial joins and render massive vector-raster 

intersections. By entirely offloading this massive computa-

tional burden to Google Cloud Platform’s highly optimized 

serverless infrastructure, the dashboard fundamentally revolu-

tionizes the speed of spatial intelligence delivery. 

Extensive, high-stress post-deployment load testing revealed 

highly efficient, remarkably stable cloud infrastructure metrics 

that vastly outperform traditional monolithic servers. By heav-

ily leveraging the localized Mumbai asia-south1 edge-

computing data center, the physical fiber-optic distance be-

tween the client HTTP request and the executing server was 

minimized to absolute fractions of a millisecond. Furthermore, 

the deep integration of the enterprise-grade Gunicorn WSGI 

HTTP server, specifically configured with 8 parallel worker 

threads, allows the lightweight Flask gateway to completely 

bypass the notorious Python Global Interpreter Lock (GIL). 

This highly specific architectural decision means the dash-

board can handle massive concurrent map requests without 

ever temporarily blocking the main application event loop. 

Standard, massively complex prediction cycles—originating 

from the initial user geocoding click, routing to the massive 

external Earth Engine API for temporal image reduction, pass-

ing through the deep machine learning matrix inference, and 

finally culminating in the frontend DOM rendering—averaged 

well under 2.5 total seconds under heavy stress-test loads. This 

extraordinary metric unequivocally proves the supreme viabil-

ity of the synchronous, serverless microservice architecture, 

absolutely guaranteeing that city planners and government 

stakeholders receive instant, mathematically validated urban 

intelligence exactly at the moment of decision-making. 

 

IX. DISCUSSION: OBSERVING THE DONUT EFFECT 

A deeply critical, fundamental directive of this entire archi-

tectural system was to mathematically and visually isolate the 

highly specific variables driving the economically devastating 

”Donut Effect.” In developing urban ecosystems, the Donut 

Effect is not merely a geometric curiosity; it is a profound 

socioeconomic failure mode. It manifests physically as a 

hyper-dense, often decaying historical center suffering from 

severe infrastructural bottlenecks, surrounded by an aggres-

sive, unregulated, and highly fragmented peripheral ring of 

industrial and residential sprawl. 

 

A. The Dominance of Satellite Telemetry over VGI 

Exhaustive feature importance mathematical extraction (Fig. 

5), calculated via the Mean Decrease in Impurity (Gini 

Importance) across the 100 deep tree estimators, confirmed 

undeniably that VIIRS Nighttime Lights (luminosity) was 

the massively dominant, highly predictive spatial variable. It 

vastly outperformed crowd-sourced topological data such as 

OpenStreetMap (OSM) Point-of-Interest density. 

This mathematical phenomenon perfectly validates current 

urban economic theory regarding Volunteered Geographic 

Information (VGI) in the Global South. In rapidly devel-

oping nations, formal digital mapping (OSM) severely lags 

behind actual physical development due to systemic digital 

divides. Informal settlements, ultra-dense slums, unregistered 

industrial parks, and illegal peripheral expansions are rarely 

documented on formal digital maps because the populations 

residing there lack the resources to map them. However, these 

massive population centers require electricity, streetlights, and 

industrial power grids. While they may be digitally invisible to 

OpenStreetMap, they cannot hide from the objective, persistent 

orbital gaze of the VIIRS Day/Night Band sensor. Thus, 

satellite radiance serves as the ultimate, undeniable ground-

truth proxy for observing the sprawling edge of the Donut 

Effect, completely bypassing human mapping biases. 

 

B. Visualizing Leapfrog Development 

By plotting these highly accurate, classified machine learn-

ing predictions back onto exact geographic micro-grid co-

ordinates (Fig. 6), the serverless dashboard successfully and 

beautifully visualizes the Donut Effect in true real-time. The 

spatial distribution clearly illustrates a phenomenon known in 

urban planning as ”Leapfrog Development.” Healthy, highly 

dense, and formally established economic growth clusters 

tightly around the historical urban core, representing zones 

of high spatial efficiency. 

However, moving outward toward the metropolitan bound-

ing limits, massive, highly fragmented sprawl utterly domi-

nates the outer radial bounds. Developers ”leap” over expen-

sive land near the city center to build cheap, disconnected 

infrastructure on the absolute periphery, creating the scattered 
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Fig. 5. Deep Feature Importance Analysis extracted directly from the deployed Random Forest spatial estimator, highlighting the overwhelming mathematical 
dominance of VIIRS NTL over crowd-sourced topological data. 

 

”red” zones seen in the visualization. The spatial map perfectly 

aligns with the mathematical precision established in the prior 

heatmap evaluation. This proves conclusively that the model’s 

high statistical accuracy translates directly into reliable, real-

world geographic mapping capable of guiding municipal zon-

ing boards in establishing strict, data-driven Urban Growth 

Boundaries (UGBs). 

 

X. CONCLUSION AND FUTURE SCOPE 

A. Concluding Remarks 

The highly complex development of mathematically ac-

curate machine learning models is truly only the first half 

of applied geospatial data science; the second, significantly 

harder half requires incredibly robust, enterprise-grade soft-

ware engineering to make those deep models securely accessi-

ble to decision-makers. This research successfully bridged that 

massive engineering gap. By successfully designing, container-

izing, and implementing a horizontally scaling Flask-based 

REST API deeply integrated with Google Cloud Run, this 

project transformed a highly static, isolated Python script into 

a globally accessible, zero-downtime Web GIS intelligence 

dashboard. 

The successful execution of this system rested on three core 

pillars: 

1) Spatial Theory Verification: We proved mathemati-

cally that VIIRS Nighttime Lights (NTL) vastly outper-

forms crowd-sourced topological data when mapping in-

formal urban expansion, effectively establishing satellite 

radiance as the ground-truth proxy for the Donut Effect 

in developing nations. 

2) Algorithmic Optimization: By abandoning rigid lin-

ear regression models in favor of a hyperparameter-

optimized Random Forest ensemble, the system success-

fully navigated spatial autocorrelation and high-variance 

noise. Achieving a staggering 95.42% Precision score 

proves that the dashboard acts as a highly reliable, 

economically vital safeguard against the catastrophic 

misallocation of taxpayer infrastructure funding toward 

stagnant peripheral sprawl. 

3) Cloud-Native Resilience: The deployment pipeline, 

specifically utilizing ephemeral sandboxed environments 

for Continuous Integration and Continuous Deployment 

(CI/CD), ensures that the mathematical models can be 

continuously updated with fresh satellite weights with-

out ever disrupting live municipal operations. 

 

B. Future Trajectories: Predictive AI and Ecological Tracking 

Future, highly advanced iterations of the underlying archi-

tecture will focus relentlessly on both computational scaling, 

predictive artificial intelligence, and ecological sustainability. 

From a systems engineering perspective, we plan to imple-

ment asynchronous, highly distributed task queues (leveraging 

Redis-backed Celery workers) to seamlessly handle massive 

batch processing for entire state-level macro-regions. This will 

bypass traditional synchronous HTTP timeout limits, enabling 

automated, nationwide spatial monitoring. Furthermore, we 

intend to optimize the client frontend using Progressive Web 

App (PWA) frameworks and edge-computing protocols. This 

will allow municipal field surveyors to access the dashboard 

securely on mobile devices in low-bandwidth peripheral zones, 

enabling on-site ground-truth validation. 

From an artificial intelligence perspective, future iterations 

will move definitively beyond static spatial classification by in-

tegrating Long Short-Term Memory (LSTM) recurrent neural 

networks and Spatiotemporal Graph Convolutional Networks 

(STGCNs). By feeding these deep networks a multi-year, 

sequential time-series stack of VIIRS historical data, the 

dashboard will fundamentally shift from a purely diagnostic 

tool (observing current sprawl) to a highly predictive engine, 

capable of forecasting the exact geographic coordinates where 
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Fig. 6. Real-world geospatial projection of the Donut Effect over Pune, utilizing an OpenStreetMap (OSM) basemap. The model defines a secure Inner Core 
(dashed blue) and highlights the high-probability zone of fragmented sprawl (shaded red) expanding toward the outer metropolitan limits. 

 

the Donut Effect will strike next, allowing governments to 

pre-emptively acquire land for essential infrastructure. 

 

 

 

Finally, monitoring urban economic expansion in total iso-

lation is ecologically irresponsible. Future versions of the 

dashboard will directly integrate multi-spectral optical data 

from the ESA Sentinel-2 satellite to calculate the Normal-

ized Difference Vegetation Index (NDVI) and Land Surface 

Temperature (LST) in real-time. This will allow the system 

to simultaneously track massive environmental deforestation, 

agricultural displacement, and the severe Urban Heat Island 

(UHI) effect directly alongside economic sprawl, ultimately 

providing regional governments with a holistic, AI-driven 

command center for highly sustainable metropolitan expan-

sion. 
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