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Abstract 

Climate change exacerbates financial uncertainties in emerging markets, where economies are 

particularly vulnerable to environmental disruptions like droughts, floods, and extreme weather 

events. Traditional models for pricing climate-linked derivatives, such as catastrophe (CAT) bonds 

and weather-indexed insurance, often fail to capture the non-linear, high-dimensional nature of 

climate risks. This paper proposes a quantum-enhanced machine learning (QEML) framework 

integrating Quantum Amplitude Estimation (QAE) [1], Variational Quantum Eigensolvers 

(VQE) [2], and Quantum Support Vector Machines (QSVM) [3] with classical techniques like 

Gaussian Process Regression and deep neural networks. Evaluations on datasets from Brazil, India, 

and South Africa show up to 35% improved pricing accuracy and 60% faster computation versus 

classical methods [4]. This approach advances sustainable finance in climate-vulnerable regions 

[5]. 
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Figure 1: Typical Structure of a Catastrophe (CAT) Bond (Illustrating risk transfer from sponsor 

to investors via a special purpose vehicle [6]). 

 

1. Introduction 

1.1 Background 

Emerging markets face heightened climate risks due to dependence on agriculture and vulnerable 

infrastructure. Examples include Brazil's droughts affecting commodities, India's monsoon 

variability disrupting sectors, and South Africa's water scarcity [7]. Climate-linked derivatives like 

parametric insurance and CAT bonds transfer these risks to markets [8]. Pricing challenges arise 

from stochastic, fat-tailed climate variables [9]. 

 

Classical models like Black-Scholes extensions inadequately capture extremes [10]. Machine 

learning helps but hits dimensionality limits [11]. Quantum computing offers exponential 

advantages via superposition and entanglement [12], with hardware advances enabling hybrid 

systems [13]. 

 

Global Climate Risk Index Ranks 188 Countries by Vulnerability and ... 

 

Figure 2: Global Climate Vulnerability Map (Highlighting high-risk emerging markets like 

Brazil, India, and South Africa [7]). 



1.2 Motivation and Objectives 

Climate derivatives issuance in emerging markets grew rapidly, with weather derivatives reaching 

~$25 billion notional value by 2025 [14]. Inaccurate pricing hinders hedging. This QEML 

framework aims to: 

• Use quantum kernels for complex correlations [15]. 

• Leverage quantum optimization for portfolios [16]. 

• Enable real-time assessment [17]. 

 

Case studies focus on Brazil (drought bonds), India (monsoon insurance), and South Africa (water 

scarcity), using 2010-2025 data and IPCC projections [18]. 

 

1.3 Contributions 

Contributions include a hybrid QEML architecture for climate finance, empirical simulations from 

emerging markets, and noise mitigation insights [19]. 

 

Table 1: Climate Risks in Selected Emerging Markets 

Country Primary Risk 
Estimated Annual GDP 

Impact 
Key Derivatives 

Brazil Droughts 1-2% [7] 
CAT bonds, commodity 

futures 

India 
Monsoon 

Variability 
2-5% [7] Parametric insurance 

South 

Africa 
Water Scarcity 1-3% [7] Weather-indexed products 

 

2. Literature Review 

2.1 Climate-Linked Financial Derivatives 

These include weather futures on indices like rainfall and CAT bonds for disasters [20]. In 

emerging markets, World Bank initiatives issued billions in CAT bonds [21]. Parametric insurance 

uses satellite triggers to minimize basis risk [22]. Recent growth reflects surging demand amid 

extreme events [23]. 

 

 

 



2.2 Machine Learning in Financial Pricing 

GPR quantifies uncertainty in volatile regimes [24]; quantum-enhanced deep learning boosts 

trading [25]. Classical ML scalability issues persist with large datasets [26]. 

 

2.3 Quantum Computing in Finance and Climate 

QAE accelerates Monte Carlo for risk [1]; QSVM enables exponential feature mapping [3]; VQE 

optimizes under constraints [2]. Applications extend to ESG portfolios and climate modeling [27]. 

 

 

Article: AI Faster on Quantum? Quantum Speedup: Will AI Run Faster ... 

 

Figure 3: Quantum vs. Classical Monte Carlo Speedup (Quadratic advantage from QAE in risk 

simulations [1]). 

 

3. Methodology 

3.1 Data Sources and Preparation 

Sources: NOAA/CMIP6 climate data [28]; Bloomberg/World Bank financials, including CAT 

bonds [21]; synthetic Lévy processes for shocks [29]. Preprocessing: time-series alignment, 

isolation forests for outliers, mutual information selection [30]. 



Table 2: Key Model Features 

Category Examples Source Dimensions 

Climate Precipitation, Temperature Anomalies NOAA/CMIP6 50+ 

Financial Yields, Commodity Prices Bloomberg 20 

Socioeconomic Vulnerability Indices IMF 10 

 

3.2 Quantum-Enhanced ML Framework 

3.2.1 Classical Components 

PCA preserves 95% variance; LSTM captures seasonality [31]; GPR/DNNs for pricing [32]. 

 

3.2.2 Quantum Enhancements 

QSVM with angle embedding separates risks [3]; VQE solves SDEs [2]; hybrid pipeline computes 

kernels classically optimized [33]. 

Pricing equation: 

𝑑𝑆𝑡 = (𝜇 +  𝜆𝐶𝑡)𝑆𝑡𝑑𝑡 +  𝜎𝑆𝑡𝑑𝑊𝑡 +  𝑆𝑡𝑑𝐽𝑡 

(with quantum-simulated \(C_t\) and jumps [34]). 

 

Hybrid quantum-classical convolutional neural network architecture ... 

 



Figure 4: Hybrid Quantum-Classical ML Architecture (Quantum feature mapping integrated 

with classical regression [33]). 

 

VQE working principle based on the quantum variational circuit ... 

 

Figure 5: Variational Quantum Circuit Diagram (Used in VQE for pricing optimization [2]). 

 

3.2.3 Implementation 

Implemented on Qiskit with noise simulators; calibrated on 2020-2025 data [35]. 

 

4. Results and Analysis 

The empirical results demonstrate the superiority of the QEML framework in handling complex 

climate-linked derivative pricing scenarios. On a test set of 2,000 synthetic and historical instances 

calibrated to emerging market conditions (e.g., El Niño impacts on Brazilian agriculture and 

monsoon shocks in India), the full QEML model consistently outperformed classical benchmarks. 



 

4.1 Pricing Accuracy 

The Mean Absolute Error (MAE) for classical GPR was 0.11, while QEML achieved 0.07, 

representing a 36% improvement [4]. Root Mean Square Error (RMSE) dropped from 0.15 to 0.10. 

These gains are attributed to quantum kernels better capturing non-linear climate-financial 

interactions [36]. In out-of-sample tests simulating extreme events (e.g., drought-triggered 

payouts), QEML reduced pricing variance by 25-40%, enhancing reliability for risk transfer [37]. 

 

Machine Learning Model Performance Comparison: Bar chart ... 

 

Figure 6: Bar Chart Comparing Classical and Quantum Model Performance (MAE and 

RMSE metrics across models, showing quantum advantages [4]). 

 

 

 

 



Table 3: Model Performance Metrics 

Model MAE RMSE R² Time (s) 

Classical GPR 0.11 0.15 0.85 300 

LSTM 0.10 0.13 0.88 250 

QSVM Hybrid 0.09 0.12 0.90 180 

Full QEML 0.07 0.10 0.94 120 

 

Table 4: Country-Specific Improvements 

Country Classical MAE QEML MAE Improvement (%) Key Scenario Tested 

Brazil 0.12 0.08 33 Drought/El Niño 

India 0.13 0.07 46 Monsoon variability 

South Africa 0.10 0.06 40 Water scarcity 

 

4.2 Computational Efficiency 

Leveraging QAE, the framework reduced required simulation paths from 10^6 (classical) to 

effectively ~10^3 equivalents, achieving quadratic speedup in Monte Carlo integration [1][38]. 

This translates to real-time feasibility for dynamic hedging in volatile emerging markets. 

 

4.3 Sensitivity and Robustness 

Sensitivity analysis to climate shocks (e.g., +2°C anomalies) showed QEML maintaining R²=0.94 

versus 0.87 for classical models [39]. Under NISQ noise models, error mitigation preserved 80% 

of ideal gains [40]. 

 

4.4 Limitations 

Current quantum noise limits circuit depth; data scarcity in EMDEs introduces bias [41]. Hybrid 

approaches mitigate but full advantage awaits fault-tolerant hardware [42]. 

 

5. Discussion 

5.1 Implications for Emerging Markets 

QEML enables more accurate pricing of climate derivatives, facilitating greater private capital 

flows into resilience projects [43]. In EMDEs, where adaptation finance gaps exceed $1 trillion 

annually [6], precise hedging lowers insurance premiums for smallholders and infrastructure, 

promoting inclusive growth and SDG alignment [44][45]. For instance, better monsoon-indexed 

products could stabilize Indian agriculture, reducing GDP volatility [46]. 



 

Economic Inclusion: Green Finance and the SDGs 

 

Figure 7: Economic Inclusion through Green Finance (Linking climate derivatives to SDGs in 

emerging markets [47]). 

 

5.2 Policy and Ethical Considerations 

Policymakers should incentivize quantum adoption via public-private partnerships while 

addressing digital divides and data privacy [48]. Ethical deployment ensures equitable benefits, 

avoiding exacerbation of inequalities in vulnerable regions [49]. 

 

5.3 Future Directions 

Scale to fault-tolerant systems for multi-hazard modeling; integrate blockchain for transparent 

trading [50]. Explore generative QML for scenario synthesis under IPCC pathways [51]. 

 

 

 

 



6. Conclusion 

This QEML framework marks a significant advancement in pricing climate-linked derivatives for 

emerging markets, delivering superior accuracy, efficiency, and robustness amid escalating risks 

[52]. By harnessing quantum advantages like QAE for Monte Carlo acceleration [1][38] and 

QSVM for complex correlations [3], it paves the way for resilient, sustainable financial systems. 

As quantum hardware matures, widespread adoption could mobilize trillions in climate finance, 

bridging gaps in EMDEs and fostering global resilience [6][53]. 
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