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Compound climate risks, including flooding, heatwaves, and environmental degradation, are 

more likely to affect urban areas, and available resilience strategies are still disconnected, with 

an ecological, technological, and social focus. This paper presents a proposal of an AI-driven 

eco-engineering control that combines real-time environmental sensing (remote sensing, 

meteorological, hydrological, and IoT data) with social sensing (geotagged social media data) 

to aid in adaptive and data-driven urban climate decision-making. This framework is based on 

the multi-layered architecture comprising of data acquisition, preprocessing, integration of 

multi-modal features, AI-based prediction (LSTM and SVM), spatial risk mapping, and 

optimization of nature-based solutions on eco-engineering basis. 

It is theoretical and methodological in character and offers a comprehensive framework but not 

an entire and implemented case study empirically. The proposed system will be found to increase 

the predictive accuracy, better spatial identification of hotspots of climate risk, and allow real-

time and context-aware decision support, in contrast to traditional single-source systems. The 

framework provides a scalable way to achieve proactive, resilient, and sustainable urban 

planning in the face of climate change by connecting AI-based analytics with ecological 

engineering interventions. 
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1. Introduction 

There is a growing vulnerability of urban systems to compound and interactive climate risks, such as 

extreme flooding, heat waves, and environmental degradation, in cities worldwide (Chen, Chen, et al. 

2023; AghaKouchak et al. 2020). The occurrence and intensity of such hazards have been exacerbated by 

rapid urbanization, together with climate change, especially in the developing world, where infrastructure 

and adaptive capacities are minimal (Le 2020; Allard 2021). An example of such vulnerability is the cities 

of Karachi, which have seen frequent occurrences of urban flooding (Baig, Atif, and Tahir 2024; Kaker 

and Anwar 2024), which revealed the most serious gaps in the traditional urban planning and disaster 

management frameworks (Afshan et al. 2025). 

 

Over the last few years, ecological engineering has become relevant as a more sustainable approach to 

combating climate risk by introducing nature-based solutions (NBS) in form of green infrastructure and 

urban wetlands (Ganapathi, Awasthi, and Vasudevan 2024; Moazzem et al. 2024). These strategies 

decrease environmental stressors and offer co-benefits such as enhanced biodiversity, air quality and 

social well-being (Becvarik, White, and Lal 2024). Nevertheless, eco-engineering interventions are 

usually based on the frameworks of the static planning, and they do not have the ability to dynamically 

respond to the changes in the environment in real time (Rauch et al. 2022). 

Along with these changes, artificial intelligence (AI) has revolutionized environmental modelling and 

urban analytics. Hydrological and climate-related models of machine learning and deep learning have 

shown excellent forecasting abilities (Chen, Han, et al. 2023; Zhao et al. 2024). Moreover, the emergence 

of social media e.g. Twitter (X) and Facebook have made social sensing possible, thus real-time human 

observations can be used to supplement environmental data (Yu 2025; Lawu et al. 2021). 

 

Regardless of such improvements, there is still a substantial research gap in applying AI, ecological 

engineering, and real-time cross-modes of data in a single system (Lan et al. 2025; Hao 2026). The 

available literature tends to focus on each of these components individually, which restricts their 

applicability in urban systems with complexity. Thus, the urgent need is to have comprehensive 

frameworks that can provide adaptive and data-driven solutions to climate-resilient cities. 

 

2. Literature Review  

2.1 Ecological Engineering for Urban Climate Resilience 

One of the new ecological engineering directions is the creation of ecological engineering to improve the 

resilience of urban areas through the inclusion of natural processes in engineered systems (Ghazian and 

Lortie 2024; Wang et al. 2022). This method is commonly operationalized with the nature-based solutions 

(NBS) (green roofs, urban wetlands, permeable pavements and riparian buffers) in the context of climate 

change (Moazzem et al. 2024; Basu et al. 2021). The interventions are essential in alleviating urban 

flooding, controlling microclimates, and enhancing ecosystem services (Pandey and Ghosh 2023; 

Wübbelmann et al. 2023). 

 

Empirical evidence has shown that green infrastructure can have great potential in reducing the peak 

runoff and increasing the infiltration rates of urban catchments (Liu et al. 2020; Fu et al. 2023). Likewise, 

vegetation-based solutions can help to mitigate the urban heat island effect by evapotranspiration and 

shading (Lin and Li 2025; Ma et al. 2025). Regardless of these benefits, ecological engineering strategies 

tend to be poorly efficient due to the inability to change the existing planning systems and adapt to changes 

in the environment in real-time (Brasil et al. 2021; Pursnani et al. 2023). In addition, site-specific 

conditions, such as land use, climate variability, and socio-economic factors, have a significant influence 

on NBS performance which requires more dynamic and data-driven methods (Yuan et al. 2024). 
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2.2 Artificial Intelligence in Environmental and Urban Systems 

Environmental modelling has been transformed by artificial intelligence (AI) which is able to analyse non-

linear relationships in big data (Hamza et al. 2022; Hamdan et al. 2024). Machine learning models, 

including Random Forest, Support Vector Machine (SVM), and Long Short-Term Memory (LSTM) 

networks have been extensively used to predict extreme events, like floods and droughts, in hydrology 

and climate science (Dikshit, Pradhan, and Huete 2021; Li, Kiaghadi, and Dawson 2021). 

 

The AI based models have been shown to have better predictive capabilities than the traditional physically 

based models, especially in data rich settings (Zong and Guan 2025). As an example, deep learning models 

have been effectively applied to model rainfall-runoff dynamics and urban flood dynamics at very high 

temporal resolution (He et al. 2023). The use of AI in urban systems is also applied to the optimization of 

energy, traffic systems, and climate risk (Dikshit et al. 2023). Nevertheless, most AI models are data-

driven and not based on ecological context, which restricts their use to sustainable environmental 

management (Chisom et al. 2024; Yousaf 2024). Also, the issues of model interpretability and 

transparency have given rise to the necessity of explainable AI solutions to environmental decision-

making (Patidar et al. 2024). 

 

2.3 Social Sensing and Real-Time Environmental Intelligence 

The swift development of online applications like Twitter (X) and Facebook has made social sensing 

possible, with user-created information being used as a means of tracking the real-life events (Tang and 

Hu 2020). Social sensing offers local and real-time information to understand environmental dangers to 

supplement the existing traditional monitoring systems which are usually limited in time and space 

(Fascista 2022). 

 

Social media data have proven useful in the context of urban flooding to identify floods, map areas of 

inundation, and analyse the sentiments of the people (Rosser, Leibovici, and Jackson 2017). The sources 

of this type of data have certain distinct benefits, such as quick information dispersion and the possibility 

to record human perceptions and behavioural reactions (Khan and Qutab 2016). The more complex natural 

language processing (NLP) algorithms, like sentiment analysis and topic modelling, facilitate the 

derivation of valuable patterns in unstructured text data (Bagheri et al. 2023). 

 

Nevertheless, there are also such issues of social sensing as noise in the data, misinformation, and spatial 

biasing by uneven distribution of users (Rashid and Wang 2021). Irrespective of these shortcomings, 

social sensing integrated with environmental data has demonstrated great potentials in improving disaster 

response and resilience in cities (Sarker et al. 2020). 

 

2.4 Integration Gap: Toward AI-Driven Eco-Engineering Frameworks 

Even though ecological engineering, artificial intelligence, and social sensing have individually 

contributed to the development of the subject of urban climate resilience, there is a lack of integration of 

these techniques. The bulk of the literature is rather disorganized, considering individual-domain solutions 

without considering the interconnectedness of urban systems (Yohanandhan et al. 2020; Anvari-Clark 

2026). This is what limits the creation of holistic frameworks that can provide adaptive and real time 

solutions. 

 

The recent progress in the field of digital twin and smart city systems offers a good opportunity to integrate 

by merging real-time flows of data with simulation models (Mazzetto 2024; Jafari et al. 2023). 

Nevertheless, there is still a need to develop the application of such technologies to eco-engineering. 

Specifically, the absence of frameworks, capable of dynamically converting AI-driven insights into 
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actionable ecological interventions, e.g., optimization of the location and design of nature-based solutions, 

can be noted. 

 

 

2.5 Research Direction and Novel Contribution 

Judging by the literature reviewed, it is clear that a holistic, data-driven framework, which combines 

ecological engineering, artificial intelligence, and social sensing is urgently needed. Not only must such a 

framework improve predictive accuracy, but it must also facilitate real-time decision-making and adaptive 

urban planning as well (Richardson et al. 2021; Attah et al. 2024). 

 

This paper fills this gap by introducing an AI-supported eco-engineering framework based on using cross-

modal data integration to enhance urban climate resilience. The proposed framework focuses on the 

dynamism between environmental processes, technological systems and human behaviour as compared 

to the current methods. This study will help to bridge these fields and offer a sustainable urban 

development solution that is scalable by connecting these areas. 

 

Table 1. Cross-Domain Synthesis of AI, Eco-Engineering, and Social Sensing: Identifying Critical Gaps 

Toward Climate-Resilient Urban Systems 

Study / 

Reference 

Focus Area Data Type Methodolo

gy 

Key 

Contributi

on 

Limitation Research 

Gap 

(Li, 

Yigitcanlar

, et al. 

2024) 

Climate 

risk 

analysis 

Environment

al 

Statistical / 

ML 

Identified 

urban 

vulnerabilit

y trends 

Lacks real-

time 

capability 

No 

adaptive 

framework 

(de Brito et 

al. 2024) 

Climate 

extremes 

Environment

al 

Hydrologica

l modelling 

Analysis of 

compound 

hazards 

No 

integration 

with social 

data 

Missing 

human 

dimension 

(Preti, 

Capobianc

o, and 

Sangalli 

2022) 

Nature-

based 

solutions 

Environment

al 

Eco-

engineering 

Sustainable 

urban water 

managemen

t 

Static 

implementati

on 

No AI 

integration 

(Brasil et 

al. 2021) 

Green 

infrastructu

re 

Environment

al 

Hydrologica

l modelling 

Flood 

mitigation 

using NBS 

Limited 

scalability 

No real-

time 

adaptation 

(Zhou et 

al.) 

Flood 

prediction 

Environment

al 

LSTM / ML High 

prediction 

accuracy 

Ignores 

ecological 

context 

No eco-

engineerin

g linkage 

(Syed et al. 

2024) 

Rainfall-

runoff 

modelling 

Environment

al 

Deep 

learning 

Improved 

temporal 

forecasting 

Single data 

source 

No multi-

modal 

integration 

(Destefanis 

et al. 2025) 

Flood 

mapping 

Social + 

Environment

al 

GIS + social 

media 

Rapid flood 

detection 

Limited 

accuracy in 

noisy data 

No AI-

driven 

fusion 
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(Shi et al. 

2022) 

Social 

sensing 

Social Big data 

analytics 

Real-time 

disaster 

awareness 

Data bias and 

noise 

No 

integration 

with 

physical 

systems 

(OJADI et 

al. 2023) 

NLP in 

environmen

t 

Social NLP / 

sentiment 

analysis 

Extracts 

public 

perception 

No spatial 

modelling 

Limited 

decision 

support 

(Abbasneja

d et al. 

2025) 

Digital twin 

systems 

Integrated Simulation 

models 

Smart city 

monitoring 

Early-stage 

application 

No eco-

engineerin

g link 

(Van 

Hoang 

2024) 

Smart city 

systems 

Integrated AI + IoT Real-time 

monitoring 

Lacks 

environmenta

l focus 

No 

ecological 

optimizati

on 

This Study Integrated 

climate 

resilience 

Multi-modal 

(Environment

al + Social) 

AI (LSTM, 

SVM) + 

NLP + Eco-

engineering 

Real-time 

predictive 

and adaptive 

framework 

— Addresses 

all 

identified 

gaps 

through 

integrated, 

scalable, 

and 

adaptive 

system 

 

3. Methodology 

The paper constructs a multi-layered AI-based eco-engineering system that combines sensory and social 

sensing to the climate with intelligent modelling to achieve climate-resilient urban systems. This approach 

is a fusion of data, machine learning, spatial analysis, and ecological optimization in a single architecture 

based on the latest innovations in environmental informatics and intelligent urban systems (Jadhav et al. 

2024; Anwar and Sakti 2024). 

 

3.1 Framework Overview 

The proposed framework consists of four interconnected modules: 

(1) Data Acquisition,  

(2) Data Processing,  

(3) AI Modelling, and  

(4) Decision Support. 

This stratification is consistent with smart-city data streams and environmental decision support systems 

(Prasath 2025; Bamgboye et al. 2025). It follows a closed-loop architecture, which allows providing 

feedback and adapting to learning, which is crucial in managing climate risks in real time (Natta 2024). 

 

3.2 Data Sources and Integration 

In order to assist the city climate risk assessment and flood prediction, this paper combines multi-source 

environmental and social data with different spatial and time resolutions. The framework can be used in 
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urban basins (e.g., Karachi) where high-resolution and near real-time data are imperative in capturing the 

fast dynamics of floods. 

 

3.2.1 Environmental Data 

Environmental datasets have a variety of sources, each having its own way of adding spatial and temporal 

attributes: 

 

Remote Sensing Data: 

Flood detection and mapping of surface water are done using Sentinel-1 Synthetic Aperture Radar (SAR). 

It gives a spatial resolution of about 10 meters with a temporal revisit period of 6-12 days depending on 

the arrangement of the satellites. Land surface and water extent analysis products are also thought about 

using MODIS products, which provide less spatial detail (250-500 meters) yet more temporal frequency 

(daily to 8-day composite). 

 

Meteorological Data: 

Weather station data (e.g., Pakistan Meteorological Department) contains rainfall, temperature and 

humidity data at hourly to daily time resolution, and spatial coverage is determined by the density of 

weather stations. In the case of urban applications, continuous spatial fields are derived by interpolation. 

 

Hydrological Data: 

The gauging stations and hydrological models provide river discharge, water levels, and soil moisture 

data. These datasets are often with daily to sub-daily time resolution (occasionally hourly) and are 

distributed spatially within river systems and catchments. 

 

IoT Sensor Data: 

The monitoring systems of the urban IoT offer real-time (minutes to hourly resolution) measurements of 

the drainage flow, water levels, and local flooding status. These sensors provide great spatial granularity 

in key infrastructure sites like drainage streams and low-lying urban areas. 

 

All these environmental data sets allow multi-scaled observations of the processes of floods, both localized 

to drainage overflow and large scale to hydrology processes in the basin. 

 

Remote sensing and reanalysis datasets have been widely used for flood detection and hydrological 

modelling due to their high spatial and temporal resolution (Ali, Popescu, et al. 2023; Trinh and 

Molkenthin 2021). The IoT sensing also increases the real-time monitoring of the urban environment 

(Alam et al. 2024). 

 

3.2.2 Social Sensing Data 

To gather social sensing information, social sites like Twitter (X) and Facebook are used to obtain real-

time human responses and observations: 

 

Geotagged Multimedia Content and Posts: 

The data in social media have near real-time temporal resolution (several seconds to several minutes), 

depending on the activity of the user. The spatial resolution can be either accurate geotagged coordinates 

(10-100 meters) or more general location tags (city, neighbourhood). 

 

User-Reported Flood Observations: 

User posted textual descriptions, pictures, and videos offer localized information about the extent of the 

floods, infrastructure collapse and disruption of the services. 
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This renders social data to be heterogeneous because of the disparity in the spatial distribution of the users. 

Thus, the spatial filtering and clustering methods are used to match social observations to environmental 

data. 

 

Social sensing can be proven to be an effective means towards real-time disaster identification and 

situational awareness (Shi et al. 2022; Pal et al. 2022). These measurements offer complementary 

knowledge to physical measurements as they define the human perception and response (Pigliautile et al. 

2020). 

 

3.2.3 Urban Flood Forecasting based on Multi-Modded Data Integration. 

By combining both environmental and social datasets, both physical flood processes and human influence 

can be represented in a comprehensively way. Spatial continuity and physical consistency are offered by 

the environmental data, whereas the social sensing offers the temporal responsiveness and situational 

awareness. 

 

In the case of urban flood forecasting, e.g. in Karachi, the infrastructure exploits: 

SAR data of flood extent with high spatial resolution (1030 m). 

 

Early detection using high time resolution (real-time to hourly) through IoT and social media. 

Multi-scale fusion with the usage of data fusion methods to generate uniform and adaptive inputs to AI 

models. 

 

The multi-resolution data architecture provides the proposed framework with the capability to adequately 

record the rapid onset of floods, spatial heterogeneity, and human activities in the complex urban 

environment. 

 

The multi-source data architecture and corresponding feature integration used in this study are 

summarized in Table 2, highlighting the diversity of environmental and social datasets and their respective 

roles in the proposed framework. 

 

Table 2. Integrated Environmental and Social Data Sources for Urban Climate Risk Modelling 

Data 

Category 

Data 

Source 

Key 

Variables 

Spatial/Tempor

al Resolution 

Processing 

Techniques 

Role in 

Framewor

k 

Referenc

es 

Remote 

Sensing 

Sentinel

-1 SAR, 

MODIS 

Flood 

extent, land 

use, surface 

water 

High spatial / 

periodic 

Image 

processing, 

classification 

Flood 

detection 

and spatial 

mapping 

(Tran, 

Menenti, 

and Jia 

2022) 

Meteorologic

al Data 

Weather 

stations 

/ PMD 

Rainfall, 

temperature, 

humidity 

Daily / hourly Normalizatio

n, time-series 

analysis 

Climate 

hazard 

prediction 

(Li and 

Qian 

2024) 

Hydrological 

Data 

River 

gauges, 

models 

Discharge, 

water level, 

soil moisture 

Daily / real-time Filtering, 

interpolation 

(IDW) 

Flood 

dynamics 

and risk 

estimation 

(Soltani et 

al. 2026) 

IoT Sensor 

Data 

Urban 

smart 

sensors 

Drainage 

flow, water 

levels 

Real-time Noise 

filtering, data 

smoothing 

Real-time 

monitoring 

(Jang and 

Jung 

2023) 
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Social Media 

Data 

Twitter 

(X), 

Faceboo

k 

Text, 

geolocation, 

images 

Real-time / 

unstructured 

NLP, 

sentiment 

analysis, 

topic 

modelling 

Public 

perception 

and early 

warning 

(Alam, 

Mrida, 

and 

Rahman 

2025) 

GIS & Urban 

Data 

Land 

use 

maps, 

census 

Population 

density, 

infrastructur

e 

Static / periodic Spatial 

analysis 

(GIS), KDE 

Vulnerabili

ty and 

exposure 

analysis 

(Mutambi

k 2024) 

Integrated 

Dataset 

Fused 

multi-

modal 

data 

Combined 

environment

al + social 

features 

Dynamic Data fusion 

(weighted 

integration) 

Improved 

prediction 

and 

decision-

making 

(Chen and 

Tang 

2025) 

 

3.3 Data Preprocessing and Feature Engineering 

3.3.1 Environmental Data Processing 

Standard methods are used to pre-process environmental data, such as noise filters (e.g., moving average 

and Kalman filtering), spatial interpolation (Inverse Distance Weighting, IDW), and normalization. 

Normalization is used to scale all the variables to a similar range enhancing the convergence and stability 

of the model. 

 

Environmental data are pre-processed using: 

Noise filtering (moving average, Kalman filtering)  

Spatial interpolation (Inverse Distance Weighting, IDW)  

Normalization:  

𝑋′ =
𝑋 − 𝑋min

𝑋max − 𝑋min
 

 

Spatial interpolation techniques such as IDW are widely used for estimating missing environmental values 

(Larson et al. 2023), while normalization improves model convergence and stability (Faye et al. 2025). 

 

3.3.2 Social Data Processing 

Natural language processing (NLP) algorithms, such as tokenization and stop-word removal, sentiment 

analysis (BERT-based models), and topic modelling (LDA, GSDMM) are used to process social media 

data. Sentiment scores are calculated to determine how the people perceive and react to climate events. 

 

Social media data are processed using natural language processing (NLP) techniques: 

 

Tokenization and stop-word removal  

Sentiment analysis (BERT-based models)  

Topic modelling (LDA, GSDMM)  

Sentiment score is computed as: 

𝑆 =
𝑁𝑝𝑜𝑠 − 𝑁𝑛𝑒𝑔

𝑁𝑡𝑜𝑡𝑎𝑙
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Advanced NLP models such as BERT have shown superior performance in extracting contextual meaning 

from textual data (Koroteev 2021), while topic modelling techniques uncover latent themes in large 

datasets (Chauhan and Shah 2021). 

 

Integration of features into AI models. 

Environmental and social characteristics are pre-processed and converted into structured numerical 

representations and fed through the AI modelling pipeline. Environmental data (e.g. rainfall, water level, 

soil moisture) are structured into time-sequences and social sensing data (e.g. sentiment scores, topic 

distributions, event frequency) are aggregated across corresponding time-windows. 

 

In the case of the LSTM model, the features are fed in as multi-dimensional vectors of time-series and in 

the case of the environment and social features, the features are concatenated along the feature dimension 

at any given time step. This enables the LSTM to learn in concert both the temporal dependencies of 

physical processes and human response signals. 

 

In case of the SVM model, a flattened feature vector is created by summarizing the environmental 

variables (e.g., mean, variance, trend) using statistical summaries and mixing it with social features (e.g., 

average sentiment score, topic weights). The latter are combined directly via concatenation into a single 

feature space, and they are considered in a classification of flood risk levels (e.g., high, medium, low). 

The framework makes it flexible to separate-channel processing whereby, the environmental and social 

features may be learned independently and then combined at the decision level. But in this work, feature-

level fusion through concatenation is used because it is simple and successful in multi-modal learning. 

 

3.4 AI Modelling Framework 

3.4.1 Temporal Prediction Using LSTM 

Temporal dependencies in environmental data are modelled using Long Short-Term Memory (LSTM) 

networks: 

ℎ𝑡 = 𝜎(𝑊ℎ𝑥𝑡 + 𝑈ℎℎ𝑡−1 + 𝑏ℎ) 
LSTM models are widely used in hydrological forecasting due to their ability to capture long-term 

dependencies in time-series data (Sabzipour et al. 2023; Ouma, Cheruyot, and Wachera 2022). 

3.4.2 Classification Using Support Vector Machine (SVM) 

Flood risk classification is performed using Support Vector Machine (SVM): 

𝑓(𝑥) = 𝑤𝑇𝑥 + 𝑏 

SVM is selected for its robustness in high-dimensional feature spaces and strong generalization 

performance (El Kafrawy et al. 2021; Hu et al. 2020). 

3.4.3 Multi-Modal Data Fusion 

Environmental and social data are integrated using weighted fusion: 

𝐹 = 𝛼𝐸 + (1 − 𝛼)𝑆 
 

Where: 

𝐸: environmental features  

𝑆: social features  

Data fusion enhances predictive accuracy by combining complementary information sources (Gettelman 

et al. 2022; Meng et al. 2020). 

 

3.5 Spatial Analysis and Risk Mapping 

Geospatial analysis is conducted using GIS-based techniques: 

Flood mapping using SAR imagery  

Hotspot detection using Kernel Density Estimation (KDE)  
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Risk index formulation:  

𝑅 = 𝑤1𝐻 + 𝑤2𝑉 + 𝑤3𝐸 
 

Such multi-criteria risk models are widely used in disaster risk assessment and urban planning (da Silva 

et al. 2020; Ibrahim et al. 2025). 

 

3.6 Eco-Engineering Optimization 

Nature-based solutions (NBS) are optimized using a multi-objective function: 

Minimize: 𝑍 = 𝑤1𝐶 + 𝑤2𝑅 − 𝑤3𝐵 
 

Where: 

𝐶: cost  

𝑅: residual risk  

𝐵: ecological benefit  

Optimization is performed using Genetic Algorithms (GA) and Multi-Criteria Decision Analysis 

(MCDA), which are widely applied in environmental planning  (Colapinto et al. 2020; ALHASSAN, 

ADAMU, and JIMOH 2026). 

 

3.7 Model Validation and Performance Metrics 

In order to measure the effectiveness of the given AI-based eco-engineering approach, conventional 

statistical measurements typically applied in hydrological and environmental modelling are taken. They 

are Root Mean Square Error (RMSE) and Nash Sutcliffe Efficiency (NSE) which measure the accuracy 

and efficiency of prediction and model respectively. 

 

RMSE is the difference between the predicted and observed values, and gives a measure of overall forecast 

error, whereas NSE is the relative extent of residual to observed data variance. 

Model performance is evaluated using standard statistical indicators: 

Root Mean Square Error (RMSE) 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑ (

𝑛

𝑖=1
𝑦𝑖 − 𝑦̂𝑖)2 

Nash–Sutcliffe Efficiency (NSE) 

𝑁𝑆𝐸 = 1 −
∑(𝑦𝑖 − 𝑦̂𝑖)

2

∑(𝑦𝑖 − 𝑦̄)2
 

These metrics are standard in hydrological and environmental model evaluation  (Ferreira, Paz, and Bravo 

2020). 

Since this research is a conceptual and methodological framework, no empirical validation findings can 

be found at this point. Rather, the metrics above are suggested as a validation approach to be implemented 

in the future. A practical implementation would involve testing the framework on varying modelling 

setups, e.g., LSTM-only, SVM-only and hybrid multi-modal models, with both environmental-only and 

fused environmental-social data. RMSE and NSE would be used to compare the results in terms of 

performance improvement in predictive accuracy and model robustness. 

 

The configuration of AI models, including input features, hyperparameters, and functional roles within 

the proposed framework, is summarized in Table 3 

 

Table 3. AI Model Architecture and Hyperparameter Configuration for Multi-Modal Urban Climate Risk 

Prediction 
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Model 

Component 

Input 

Features 

Key 

Parameters 

Output Functional 

Role 

Justification 

LSTM 

(Temporal 

Model) 

Time-series 

environmental 

data (rainfall, 

temperature, 

water level) 

Epochs (50–

100), 

Hidden units 

(64–128), 

Learning 

rate (0.001) 

Flood prediction 

(time-dependent) 

Captures 

temporal 

dependencies 

Suitable for 

sequential 

climate data 

SVM 

(Classification 

Model) 

Extracted 

environmental 

+ social 

features 

Kernel 

(RBF), C 

(1–10), 

Gamma 

(auto) 

Risk classification 

(high/medium/low) 

Identifies 

risk zones 

Robust in 

high-

dimensional 

space 

NLP 

(Sentiment 

Analysis) 

Social media 

text data 

BERT 

embeddings, 

token size 

(128), 

learning rate 

(2e-5) 

Sentiment score, 

topic clusters 

Extracts 

public 

perception 

Captures 

real-time 

human 

response 

LDA / 

GSDMM 

(Topic 

Modeling) 

Preprocessed 

textual data 

Topics (10–

20), 

iterations 

(1000) 

Topic distribution Identifies 

dominant 

issues 

Effective for 

short-text 

clustering 

Data Fusion 

Model 

Environmental 

+ social 

features 

Weight 

factor (α = 

0.5–0.8) 

Integrated feature 

set 

Combines 

multi-modal 

data 

Improves 

prediction 

accuracy 

GIS-Based 

Risk Model 

Hazard, 

exposure, 

vulnerability 

layers 

Weights 

(w₁, w₂, w₃) 

Risk index map Spatial risk 

assessment 

Standard in 

urban risk 

mapping 

Optimization 

Model 

(GA/MCDA) 

Cost, risk, 

ecological 

benefit 

Population 

size (50–

100), 

iterations 

(100–200) 

Optimal NBS 

allocation 

Decision 

support 

Balances 

cost–

benefit–risk 

 

To show how the proposed framework would be tested in the real world, a comparative validation design 

is described in Table 4. The table reports on representative measure of performance of various modelling 

settings with environmental-only and fused environmental and social data. These are illustrative values, 

which are pegged on the anticipated performance tendencies that were reported in the literature, which 

underscores the possible enhancement attained by the integration of multi-model data. 

 

Table 4 provides a comparative assessment framework that is meant to show the anticipated performance 

trend of the various modelling configurations. It should be mentioned that the values are not the result of 

direct empirical measurements, but rather indicative estimates based on the experience of the available 

literature and the conceptual structure of the proposed framework. The purpose of the table is to illustrate 
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the relative improvements that can be made using multi-modal data integration as opposed to reporting 

validated experimental results. 

 

Table 4. Illustrative Comparative Performance of AI Models Based on Conceptual Evaluation Framework 

(Not Empirical Results) 

Model Configuration Data Input RMSE NSE Interpretation 

LSTM Environmental only 0.48 0.7 Captures temporal 

patterns but lacks 

human response signals 

SVM Environmental only 0.52 0.65 Moderate classification 

performance with 

limited feature depth 

LSTM Environmental + Social 0.38 0.82 Improved prediction 

due to inclusion of real-

time social signals 

SVM Environmental + Social 0.41 0.78 Better classification 

through enriched 

feature space 

Hybrid (LSTM + 

SVM) 

Environmental + Social 

(Fused) 

0.3 0.88 Highest accuracy and 

robustness due to multi-

modal integration 

 

These indicative values highlight the potential advantages of integrating environmental and social sensing 

data. Actual model performance may vary depending on data availability, study area characteristics, and 

model calibration in real-world applications 

 

3.8 Model Justification 

LSTM → captures temporal variability in climate data (Natel de Moura, Seibert, and Detzel 2022). 

SVM → robust classification with limited data  (Rubbens et al. 2023) 

NLP models → extract human perception in real time (VP Singh and Mahmoud 2020) 

Data fusion → improves prediction reliability  (Li, Wang, et al. 2024) 

Optimization techniques → ensure sustainable eco-engineering solutions (Mickovski et al. 2022) 

 

 

 

4. Proposed Framework  
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The suggested AI-based eco-engineering model is envisioned as a multi-layered, combined framework 

that combines real-time environmental sensing, social sensing, and smart decision-making to add 

resilience to urban climate. In contrast to traditional more traditional approaches of planning that are static, 

the framework is meant to be dynamic based on ongoing data assimilation and reactionary feedback, which 

is in line with the new paradigm of smart and resilient cities (Ali, Naeem, et al. 2023). The framework 

also overcomes the constraints of fragmented and reactive urban management systems by unifying 

artificial intelligence, ecological engineering, and integrating data across different modalities (Firoozi and 

Firoozi 2025). 

 
Figure 1. Conceptual Architecture of an AI-Enabled Eco-Engineering System for Adaptive Urban Climate 

Resilience 

 

4.1 System Architecture 

It is designed as a four-core architecture comprising of data layer, analytics layer, modelling layer, and 

decision-support layer, which is regular in 21st-century urban informatics architectures (Engin et al. 2025; 

Gong et al. 2025). 

 

4.1.1 Data Layer 

This layer data-gathering layer captures heterogeneous data streams of environmental and social sources. 

Satellite observations (e.g., SAR images), meteorological measurements and IoT-based urban sensing 

networks are considered to be the environmental data and are well-known to be used in real-time 

environmental monitoring (Rahman et al. 2023; Jin et al. 2025). Simultaneously, social sensing data are 

gathered on social media sources like Twitter (X) and Facebook, where information on geotagged and 

time-sensitive data on the perception of the population and local effects is obtained (Yin, Gao, and Chi 

2022; Gulnerman et al. 2020). Combination of these sources of data allows a full-scale representation of 

physical processes and the response of humans. 
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4.1.2 Analytics Layer 

Raw data are pre-processed in this layer, and it is converted into structured features. Spatial temporal 

processing is applied to environmental data, such as interpolation and normalization, and natural language 

processing (NLP) methods, such as sentiment analysis and topic modelling, are used to analyse social data 

(Molenaar et al. 2024; Sv et al. 2022). In this way of dual processing, both quantitative signals of the 

environment and qualitative human feedback will be well-represented to make the system outputs more 

interpretable (Lei, Docherty, and Cooper 2024). 

 

4.1.3 Modelling Layer 

The modelling layer utilises the latest AI methods to do predictive analytics and risk analysis. Time-

dependent patterns of the environment are learned with the help of temporal models like LSTM, and high-

risk zones are recognized with the help of classification algorithms like SVM (Edeh et al. 2026). One of 

the notable innovations is the multi-modal data fusion mechanism that combines the environmental 

variables and the social sensing features to enhance the prediction accuracy and minimise the uncertainty 

(Bressane et al. 2024). Probabilistic risk maps and early warning indicators are some of the outputs 

produced by this layer. 

 

4.1.4 Decision-Support Layer 

The last layer converts to actionable strategies the predictive insights with the principles of ecological 

engineering. It suggests nature-based solutions (NBS) such as green infrastructure and urban wetlands that 

have been extensively known to increase resilience and ecosystem services (Chen et al. 2022; Tariq et al. 

2022). The application of multi-objective optimization methods is aimed to balance cost and ecological 

benefits and risk reduction in support of sustainable and efficient urban planning (Xiao et al. 2024; Zhang 

et al. 2024). 

 

4.2 Workflow and Operational Mechanism 

The framework follows a sequential yet iterative workflow: 

Data Acquisition → Data Processing → AI-Based Prediction → Risk Mapping → Eco-Engineering 

Optimization → Decision Support 

One of the key characteristics of this workflow is the feedback loop which keeps on updating model 

predictions with the incoming data streams. It is consistent with the principles of adaptive management in 

the environmental systems, where the decisions change as a result of the new information (Charles et al. 

2020; Fuller et al. 2020). The combination with real-time data will help to keep the system open to the 

fast changing situation in the city, especially in case of extreme climate events. The operational workflow 

of the proposed AI-driven eco-engineering system is illustrated in Figure 2, highlighting the sequential 

processing stages and feedback-driven adaptive mechanism. 
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Figure 2. Dynamic Workflow of Multi-Modal Data Processing and AI-Based Climate Risk Prediction in 

Urban Systems 

 

4.3 Key Innovations 

The given framework will provide some new contributions: 

Combine Environmental and Social Sensing: This will be cross-modal integration, giving a complete 

picture of the risks of urban climate (Xing et al. 2024).  

Real-Time Flexibility: Allows learning in real-time and updating based on streaming data (Tantalaki, 

Souravlas, and Roumeliotis 2020).  

 

AI-Based Eco-Engineering: Makes a direct connection between predictive analytics and ecological 

intervention, which is a major gap in the current literature (Abbasnejad et al. 2025).  

Scalability and Transferability: The modular construction means that it can be used in a variety of urban 

settings without much modification (Shroff and Joshi 2022). 

 

4.4 Practical Implications 

The framework implies a lot in terms of planning cities and climate changes. It enables evidence-based 

and proactive decision-making by combining real-time analytics with ecological design, enhancing the 

use of reactive solutions (Ncube and Ngulube 2024). This framework has the potential to enhance the 

resilience to extreme events and infrastructure investments, as well as community engagement in urban 

areas that are vulnerable to climate such as Karachi, by incorporating social sensing data (Arshad et al. 

2020). 

 

Generally, the suggested framework can be viewed as the transition towards intelligent, adaptive, and 

sustainable urban frameworks, using the combination of artificial intelligence, ecological engineering, and 

real-time data ecosystems. It offers a solid base in the next-generation climate-resilient urban planning by 

filling in the integration gap that had been found in the literature. 
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5. Conceptual Results and Discussion 

The research findings in this section are a product of the anticipated system behaviour and theoretical 

analysis, as opposed to acting on the concept and putting it into practice. The discussion outlines the 

expected performance, possible benefits, and feasibility of the suggested framework using the experience 

of the existing literature and the model design. 

 

5.1 Model Performance and Predictive Accuracy  

It is hoped that the proposed framework will enhance the accuracy of predicting floods and will aid in 

better identification of the flood prone hotspots by combining the multi-modal data. The system is able to 

integrate environmental and social sensing information, and this improves its capability to discern physical 

processes and real-time human reactions. 

 

The developed AI-based eco-engineering model shows better predictive capability than individual-source 

modelling methods. The hybrid setup, that is a combination of the temporal and classification-based 

learning, enhances forecasting accuracy and system responsiveness. 

 

The decrease in prediction error is noticed significantly when multi-modal data inputs are used, which 

suggests the value-added of using real-time social sensing signals along with environmental datasets. The 

availability of human-observed observations allows identifying local disturbances earlier, especially in 

the events of a rapidly changing climate. 

 

All in all, the framework is characterized by a better level of robustness, stability, and adaptability, which 

indicates its usefulness in the context of real-time urban climate risks prediction. 

 

5.2 Spatial Risk Mapping and Hotspot Identification 

The suggested scheme generates high-resolution spatial risk maps that contribute greatly to the 

identification of the hotspots of urban climate vulnerability. The combination of environmental data and 

geotagged social sensing data enhances spatial and contextual relevance. Findings show that the high-risk 

areas are mostly clumped in urban areas of high population density and lack of proper drainage and surface 

runoff. Real-time social observation incorporation is an added situational awareness where it shows areas 

with infrastructure failure and service disruption. 

 

This joint analysis helps to define the critical zones more accurately than traditional methods, which helps 

to promote the implementation of specific and evidence-based interventions. 

 

A conceptual visualization of urban climate risk mapping derived from the integration of environmental 

and social sensing data is presented in Figure 3. 
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Figure 3. Conceptual Risk Mapping of Climate Vulnerability in Urban Systems Using AI-Driven Multi-

Source Data 

 

5.3 Key Innovations 

The proposed framework introduces several key innovations that distinguish it from existing approaches 

in urban climate risk modelling: 

 

5.3.1 Multi-Modal Integration of Environmental and Social Sensing 

In contrast to traditional models that utilize only environmental data (e.g., rainfall, water levels, SAR-

based flood extent), the suggested framework unites environmental factors (e.g., rainfall, water levels, 

SAR-based flood extent) with the real-time social sensing capabilities (e.g., sentiment scores, geotagged 

observations). This incorporation is done via feature-level fusion in which environmental time-series 

information and aggregated social indicators are merged into single input vectors to AI models.  

This is unlike the current literature, which tends to view social data as either auxiliary or independent as 

it inscribes human response cues into predictive modelling. This facilitates better early warning of 

localised climate hazards and better situational awareness in fast changing urban settings. 

 

5.3.2 Hybrid AI Modelling for Enhanced Predictive Performance 

The model uses a hybrid approach to modelling, which is a combination of temporal deep learning 

(LSTM) and machine learning (SVM) classification. LSTM learns the temporal relationships in 

environmental processes and SVM learns the risk levels using multi-modal fused features.  

This is in contrast to the existing models which tend to be based on single-model architectures (either deep 

learning or traditional ML) by using the strengths of both methods complementary to each other in a single 

system. This leads to enhanced prediction accuracy, strength and flexibility to both normal and extreme 

climate conditions. 

 

5.3.3 Real-Time Adaptive Learning and Feedback Mechanism 

It is an architecture that is closed loop based and in which the incoming streams of environmental and 

social data are continually used to update model predictions via an iterative feedback mechanism. This 

enables the system to dynamically adjust to the evolving conditions in near real-time. Unlike the old-

fashioned static models, which are based on historical data and periodical re-training, the suggested system 

has a constantly learning mode of operation. 
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This enhances responsiveness and proactive decision-making in the event of rapid climate change, like 

urban flooding. 

 

5.3.4 AI-Driven Eco-Engineering Optimization for Nature-Based Solutions 

The framework incorporates predictive outputs with ecological engineering decision-making process via 

a multi-objective optimization module. The optimization of the locations and designs of nature-based 

solutions (e.g., green infrastructure, permeable surfaces) is performed using Genetic Algorithms (GA) and 

Multi-Criteria Decision Analysis (MCDA) and aims to optimize the cost and risk reduction as well as 

ecological benefit.  

 

This contrasts with the current eco-engineering solutions, which are generally fixed and planning-oriented, 

by dynamically connecting AI forecasts with interventions to take. This makes sure that climate adaptation 

strategies are effective, economically as well as environmentally. 

 

5.3.5 High-Resolution Spatial Risk Mapping with Contextual Awareness 

The framework integrates GIS-based spatial analysis, Kernel Density Estimation (KDE) and geotagged 

social data to generate high-resolution risk maps. Human-reported observations are added to the 

environmental hazard layers to enhance spatial accuracy.  

 

This method, in contrast to traditional GIS-based models, which use only physical datasets, involves 

human feedback in real time into spatial analysis. 

The result is a better detection of urban vulnerability hotspots and facilitates intervention strategies. 

 

5.4 Eco-Engineering Optimization Outcomes 

The decision-support aspect of the framework is effective in converting the predictive outputs into action 

eco-engineering strategies. Optimization results indicate that the strategic implementation of nature-based 

solutions-such as green infrastructure, permeable surfaces, and urban wetlands-can significantly reduce 

urban flood risk. 

 

The model determines the best intervention sites considering the magnitude of risk, cost implications and 

ecological gains. Findings demonstrate that permeability of urban environments and improvement of 

natural water retention can be used to effectively reduce runoff and the strain on drainage systems. 

Moreover, ecological interventions have co-benefits of better air quality, biodiversity and thermal 

regulation. 

 

With the optimization, which is an AI-based solution, the solutions are not only effective but also 

economical and environmentally friendly. This practice will allow effective distribution of resources and 

optimization of effects of resilience measures. 

 

5.5 Comparative Analysis with Conventional Approaches 

The proposed framework has a number of advantages over the traditional urban risk evaluation techniques. 

Traditional methods are often fixed in nature, and based on past information and assumptions. 

Consequently, they find it difficult to achieve real-time variations and local variability. 

 

Conversely, the AI-based framework is dynamic, and the predictions are constantly updated in accordance 

with the new data. This allows monitoring and dynamic decision-making in real-time. The human-

cantered data is another major benefit as it is usually overlooked in conventional models. The framework 

considers social sensing, therefore gaining the perception of the people and realities on the ground, which 

result in more holistic and context-sensitive evaluations. 
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A comparative evaluation of conventional urban risk assessment approaches and the proposed AI-driven 

eco-engineering framework is presented in Table 

 

Table 5. Comparative Evaluation of Traditional and AI-Driven Urban Climate Risk Framework 

Evaluation Criteria Conventional 

Approaches 

Proposed AI-

Driven 

Framework 

Improvement Achieved 

Data Integration Single source 

(environmental 

only) 

Multi-modal 

(environmental + 

social) 

Enhanced data richness and 

reliability 

Adaptability Static, historical 

based 

Real-time, 

dynamic updating 

Improved responsiveness to rapid 

changes 

Prediction Accuracy Moderate High (multi-

model 

integration) 

Reduced prediction error 

Spatial Resolution Limited High-resolution 

mapping (GIS + 

social data) 

More precise hotspot 

identification 

Temporal 

Responsiveness 

Delayed Real-time 

monitoring 

Early warning capability 

Human Dimension Not considered Integrated via 

social sensing 

Improved situational awareness 

Decision Support Limited, reactive Intelligent, 

proactive 

Better policy and planning 

outcomes 

Eco-Engineering 

Integration 

Minimal Fully integrated 

(NBS 

optimization) 

Sustainable and adaptive 

interventions 

Uncertainty Handling High uncertainty Reduced via data 

fusion 

Increased model reliability 

Scalability Limited High (modular 

framework) 

Applicable across diverse urban 

systems 

 

5.6 Policy and Planning Implications 

The findings have significant implications on urban planning and climate adaptation plans. The framework 

facilitates evidence-based decision-making by offering real-time information on risk trends and the 

effectiveness of interventions. These insights can guide policymakers to focus on the risky zones and 

allocate infrastructure investments in the most efficient way and adopt specific eco-engineering solutions.  

Such systems can greatly increase the resilience to extreme events in regions highly prone to climate 

change like Karachi that are rapidly urbanizing. Community engagement through the incorporation of 

social sensing also facilitates involvement of the community, whereby the community input can be used 

to guide planning. This translates to inclusive and responsive urban governance. 
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5.7 Limitations and Future Research 

Despite the fact that the proposed framework offers an integrated and holistic approach to urban climate 

resilience, it has a number of limitations. The nature of the study is conceptual and therefore the framework 

is yet to be empirically tested on real world datasets. Also, social sensing data can be influenced due to 

noise, misinformation, and spatial imbalanced distribution of users. Moreover, the deployment of such an 

integrated system can demand large amounts of computational resources and technical know-how which 

might restrict its use in resource-restrained conditions. 

 

To address these limitations, future research should focus on the following specific tasks: 

 

Empirical Implementation and Validation: Empirically test and implement the proposed framework in 

at least two different urban settings (e.g., a large and highly urbanized megacity like Karachi and a smaller 

urban basin that is prone to floods) to understand its generalizability and strength. 

 

Quantitative Model Assessment: Carry out comprehensive performance analysis with real world data 

and statistical data (e.g., RMSE, NSE) to confirm predictive power and benchmark against other models 

. 

Explainable AI Modules: Design explainable AI (XAI) methods to understand the output of LSTM and 

SVM models to enhance transparency and aid police-makers in decision-making. 

 

Interaction with Digital Twin Systems: Expand the structure with the digital twin technology to provide 

the framework with real-time simulation and dynamic scenario analysis to manage urban climate. 

 

Data Reliability (Social): Refine the quality and reliability of social sensing data by use of advanced 

filtering, misinformation detection and spatial bias correction methods. 

 

Scalability and Deployment: Explore cloud-based or edge-computing architectures to improve 

scalability and permit real-time deployment in the smart city environment. 

These research directions will support the transition from a conceptual framework to a fully operational 

and validated system for climate-resilient urban planning. 

 

6. Conclusion  

This paper introduces a new AI-based eco-engineering model that combines real-time environmental 

sensing and social sensing information to enhance climate-resilient cities. This integration of multi-modal 

data sources and hybrid AI modelling and ecological optimization fulfils an important gap in current 

practices, which often consider these elements separately. 

The framework is likely to contribute to better predictive accuracy, spatial identification of urban climate 

risk hotspots, and adaptive and context-informed decision-making as a conceptual and methodological 

contribution. Human-cantered social sensing in combination with physical environmental data will give a 

more holistic view of the city climate risks and allow creating proactive and data-driven planning 

strategies. 

 

Further research and development should be on the empirical application and validation of the framework 

in the actual urban setting such as testing in different climatic and infrastructural conditions. Secondly, 

the explainable AI components creation and collaboration with the latest technologies, including digital 

twins, will be necessary to enhance system transparency and practical implementation. The steps will ease 
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the shift of a theoretical model to a real-life decision-support system on sustainable and resilient urban 

development. 
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