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Executive Summary  

Mining operators face a persistent and costly challenge: treating complex, site-specific mine-

impacted water and tailings. The goal is to maximize valuable metal recovery while minimizing 

costs and ensuring compliance, but these objectives are inherently in conflict. Improving one—

such as recovery speed—often worsens another, like operational cost or process stability. 

Traditional trial-and-error approaches are slow, expensive, and struggle to adapt to variable site 

chemistry. 

ZalvaTech’s AI-driven platform directly addresses this challenge. It rapidly designs and optimizes 

functional biopolymers tailored to unique site conditions, intelligently balancing the trade-offs 

between metal selectivity, kinetics, stability, and cost. 

This capability is powered by a robust, field-tested optimization framework. Its core was proven 

in a similarly complex domain: maximizing water recovery while minimizing energy in brackish-

water reverse osmosis (BWRO) desalination. The same AI and optimization "brain" that finds 

optimal operating regions for water systems now powers the design of optimal biomaterials for 

metal recovery. 

For the mining industry, this translates to fewer pilot studies, faster time-to-solution, higher 

confidence in performance, and significantly lower operational risk and cost. This paper explains 

the proven methodology behind our platform and its direct application to transforming metal 

recovery. 

It is important to note that this framework does not eliminate the need for field validation; rather, 

it ensures that field trials are targeted, efficient, and highly likely to succeed. 
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How to Read This White Paper 

This document is crafted for multiple audiences. 

● Mining Operators & Industry Decision-Makers:  

○ Focus on the Executive Summary, Sections 3 (The Mining Challenge), 5 (Same 

Brain, New Body), and 9 (What This Enables). The Translational Insight boxes 

and Figure 1 summarize the key business and operational takeaways. 

● Investors & Business Development Partners:  

○ Focus on the Executive Summary, Section 4 (Why Mining is Harder), and 

Section 9 (What This Enables) to understand the market problem, ZalvaTech's 

differentiated solution, and the tangible value proposition. 

● Technical Readers & Optimization Specialists:  

○ Dive into Sections 6, 7, and 8 for details on the hybrid modeling approach, the 

NSGA-II optimization framework, and the foundational BWRO case study. The 

Technical Appendix contains further detail. 

 

 

 

 

 



 

  
 3 

 

1. The Mining Challenge: A Multi-Objective Problem 

Treating mine water and tailings is not a single-goal task. It is a Multi-Objective Optimization 

(MOO) problem where key goals compete. Operators must simultaneously: 

● Maximize valuable metal recovery (yield & selectivity). 
● Maximize processing speed (kinetics). 
● Minimize operational and capital costs. 

● Ensure long-term stability and robustness of the process. 

● Comply with stringent and evolving environmental, social, and governance (ESG) 

standards. 

Crucially, improving one objective often negatively impacts another. A formulation that 

maximizes yield might be too slow or expensive. A fast process might lack selectivity or stability. 

This complex trade-off space is further constrained by highly variable feed chemistry, 

unpredictable operational conditions, and strict regulatory limits. 

2. Why Mining Water & Tailings Systems Are Even Harder Than Desalination 

While desalination (like BWRO) is a well-understood benchmark for complex process 

optimization, mining applications introduce greater challenges that demand a more 

sophisticated approach: 

● Higher Chemical Variability: Feed chemistry can change dramatically, even within a single 

site. 

● Less Controllable Inputs: Unlike a designed desalination plant, mining inputs are often a 

"given" that must be adapted to. 

● Stronger Multi-Dimensional Constraints: Regulatory, ESG, and field-operability 

constraints are often more stringent and numerous. 

● Fewer "Clean" Operating Envelopes: The ideal, stable conditions assumed in lab settings 

rarely exist in the field. 
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TRANSLATIONAL INSIGHT: 

This high variability is precisely why a search for a single "best" fixed point is destined to fail. 

Success requires identifying robust "optimum regions"—ranges of operation or formulation that 

maintain high performance even as conditions shift. This is the core value of our transferred 

framework. 

3. Same Brain, New Body: A Proven Framework 

ZalvaTech's solution is built on a powerful, transferable core. Our AI optimization platform 

applies the same rigorous logic that solved a classic problem in water desalination to the new 

frontier of biopolymer design for metal recovery. 

Then (BWRO Desalination): 

● Problem: Balance high water recovery against low energy use. 

● Variables: Pressure, temperature, salinity, membrane type. 

● Constraints: Scaling, fouling, water quality standards. 

Now (AI-Designed Biopolymers for Mining): 

● Problem: Balance metal selectivity, kinetics, stability, and cost. 

● Variables: Biopolymer design parameters, dosing, site-specific chemistry. 

● Constraints: Site chemistry, ESG/compliance, field robustness. 

The optimization "brain"—a hybrid of mechanistic understanding, machine learning surrogates, 

and multi-objective search algorithms—remains identical. We have simply given it a new "body" 

and a new mission. 
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Figure 1. Objective & Constraint Mapping: From Desalination to Metal Recovery 
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4. How the Optimization Engine Works: From Complex Problems to Optimal 

Regions 

Our framework moves from a complex problem definition to a portfolio of optimal solutions in 

three key steps: 

Step 1: Define & Model. Site-specific objectives and constraints are formalized. A hybrid model 

is built, combining first-principles chemistry/physics (to ensure feasibility) with machine learning 

surrogates (to capture complex, site-specific behavior from data). This creates a fast, accurate 

digital twin of the system. 

Step 2: Explore & Search. The NSGA-II multi-objective evolutionary algorithm is deployed. It 

doesn't seek one "best" answer but efficiently explores thousands of potential biopolymer 

designs and operating conditions, navigating the trade-offs between competing goals. 

Side-by-side mapping: objectives & constraints (RO vs. AI-biopolymer design) 
 

Dimension BWRO Optimization (Past Benchmark) AI-Biopolymer Optimization (ZalvaTech 
Today) 

Primary Objectives Maximize Recovery; Minimize Energy Maximize Metal Selectivity & Yield; 
Minimize Cost 

Key Variables Pressure, Temperature, Feed 
Chemistry 

Biopolymer Design, Operating Conditions 

Hard Constraints Scaling/Fouling, Water Quality Site Chemistry, ESG/Compliance, Field 
Robustness 

Optimization 
Output 

Pareto Front & "Optimum Operating 
Regions" 

Pareto Front & "Optimum Formulation 
Regions" 

Business Value Lower OPEX, Stable Performance Fewer Pilots, Faster Design, Higher 
Recovered Value 
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Step 3: Deliver the "Menu of Optima". The output is a Pareto Front—a set of non-dominated 

optimal solutions. Each point on this front represents a biopolymer formulation that is objectively 

better in at least one dimension without being worse in all others. This provides a clear "menu" 

of the best possible trade-offs. 

TRANSLATIONAL INSIGHT: 

The core value is not finding a single optimal point, but defining robust optimum regions that 

remain performant under real-world variability. For a mining operator, this means identifying a 

formulation that delivers strong results even if feed concentration fluctuates by ±15%, not just 

under perfect lab conditions. 

5. Case in Point: The RO Origin Story 

Our methodology was rigorously developed and validated in brackish-water reverse osmosis 

(BWRO), a well-studied domain with similar complexity. In BWRO, maximizing water recovery 

increases scaling risk and energy consumption—a classic trade-off. 

Using public operational data and hybrid modeling, we applied the NSGA-II algorithm to discover 

the Pareto-optimal trade-off curve between recovery and specific energy consumption. More 

importantly, by visualizing how decision variables (like feed flow) behaved across this optimal 

set, we identified stable operating regions rather than isolated set-points. This provided 

operators with resilient strategies, not fragile recipes. 
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Figure 2: Example Pareto Front from BWRO study, showing the trade-off between Recovery and Specific 

Energy Consumption.  

                       

Figure 3- Visualization showing how key operational parameters map across the optimal region, guiding robust 

system design. 
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6. From Data to Optimal Biopolymer Designs 

The process for biopolymer design follows the same trusted blueprint: 

1. Exploratory Data Analysis & Hybrid Modeling: Site data and laboratory results feed into 

our hybrid (physics + ML) models, creating a performance predictor tailored to the 

project's chemistry. 

2. Multi-Objective Optimization with NSGA-II: The algorithm searches the vast space of 

possible biopolymer characteristics and operating conditions. It evaluates candidates 

using the hybrid model, iteratively evolving toward the Pareto-optimal set that balances 

all your objectives. 

3. Visualizing the Design Landscape: We analyze the results to identify which biopolymer 

properties (e.g., functional group density, chain length) are most critical for 

performance and stability, pinpointing the robust formulation regions for your site. 

This data-driven cycle dramatically accelerates the design process, turning months of sequential 

lab trials into weeks of parallel AI exploration. 

7. What This Enables for Mining Operations 

The direct translation of this framework from advanced desalination to metal recovery delivers 

concrete, bottom-line value: 

● Faster Pilot Convergence: Move from concept to field-ready formulation in weeks, not 

months, by front-loading design with AI exploration. 

● Reduced Field Trial Cost & Risk: Perform thousands of virtual experiments to de-risk 

physical pilots, ensuring field trials are validation exercises, not discovery missions. 

● Predictable Performance Under Uncertainty: The "optimum regions" approach 

inherently builds in resilience against feed variability, leading to more stable and 

predictable operations. 
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● A Defensible & Scalable Platform: The core value is not in any single formulation, but in 

the proprietary optimization framework and hybrid modeling architecture. Because the 

system is constraint-aware and continuously updated with field data, its value 

compounds over time, creating a growing knowledge moat that cannot be replicated by 

static models or single-point solutions. This creates a transparent, optimization-backed 

methodology that builds confidence with stakeholders and grows more intelligent with 

each deployment.  

 

 

 

 

 

 

8. Conclusion 

ZalvaTech’s platform is built on a simple but powerful premise: a robust optimization framework 

that solves complex, multi-variable problems in one domain can transform another. We have 

taken a methodology proven in the demanding field of water desalination and successfully 

applied it to the critical challenge of metal recovery. 

Fundamentally, the shift we enable is methodological, not just technological: moving from 

reactive, point-in-time tuning to proactive, constraint-aware design. This paradigm—where we 

  The Operational Shift: From Fragile to Resilient Design 

Traditional Approach ZalvaTech Framework 

Sequential lab trial-and-error Parallel AI exploration of 1,000s of virtual designs 

Search for a single "best" set-point Identification of robust "optimum regions" 

Performance fragile to feed variability Predictable performance under real-world uncertainty 

Long, costly piloting phases Faster convergence to field-ready solutions 
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optimize the entire system together, not just its individual parts—is what transforms intractable 

field problems into manageable, value-generating processes. 

The result is not just another product, but a new capability: the ability to rapidly, reliably, and 

rationally design high-performance biopolymers tailored to the unique and variable conditions 

of any mining site. We replace uncertainty with insight, and trial-and-error with intelligent 

optimization.  

This framework is designed to empower executive and technical leadership, not replace them. 

By providing a clear "menu" of Pareto-optimal solutions, it transforms decision-making from a 

technical gamble into a strategic choice. Leadership can confidently select the formulation that 

best aligns with current business objectives—whether that's prioritizing maximum metal yield, 

fastest deployment, or lowest operational cost—knowing each option represents a scientifically 

optimized trade-off. Leadership owns the strategy; our platform delivers the optimized pathways 

to execute it. 

TRANSLATIONAL INSIGHT: 

The future of resource recovery lies in adaptive, intelligent systems. By embracing a framework 

built for complexity and variability, the mining industry can unlock higher recovery rates, lower 

costs, and stronger compliance—turning environmental liabilities into economic opportunities. 

Technical Details & References 

This framework is built on peer-reviewed scientific foundations. For readers interested in the 

detailed technical validation, a full study of its application to brackish-water reverse osmosis 

optimization is available in Water Research 289 (2025). This reference provides additional depth 

on the mechanistic-ML hybrid approach and NSGA-II implementation but is not required to 

understand the business and operational value presented in this paper. 

https://doi.org/10.1016/j.watres.2025.124934

