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1. Introduction 

1.1 Background and Motivation 
The concept of sustainability in highways, as outlined by the Federal Highway Administration 
(FHWA), places equal importance on environmental, economic, and social values. This definition 
indicates that sustainable highways should prioritize safety, mobility, environmental protection, 
livability, asset management, and effective cost management throughout their life cycle (FHWA, 
2018). With the urgent need to care for the world’s limited resources, the construction industry 
has increasingly embraced sustainable development (Reeder, 2010). Transportation ranks as the 
second-highest energy-consuming sector in the United States, following electric power, industrial, 
residential, and commercial sectors (EIA, 2018). Taking swift action to reduce energy 
consumption in transportation is crucial for ensuring climate resilience and a sustainable future 
for generations to come. Ensuring the fair distribution of resources among all people 
acknowledge their right to equitable access to materials, land, energy, water, and environmental 
quality (Kim & McCarthy, 2022). 

To address sustainability concerns within the transportation sector, the significance of best 
management practices (BMPs) has reached unprecedented levels. Therefore, it is urgent and 
critical to incorporate sustainability BMPs rooted in regulatory compliance throughout the entire 
life cycle of infrastructure construction projects. Despite the availability of various rating systems 
nationwide, the absence of thorough and comprehensive research in the realm of regulatory 
compliance poses a challenge. This gap hinders project teams from making well-informed 
decisions regarding the selection of sustainability BMPs for a specific project. 

Recently, artificial intelligence (AI) technologies have been widely adopted as research methods 
in transportation and infrastructure construction research communities far more than before 
because the size and complexity of the projects increases exponentially and because the need to 
address the critical and contemporary sustainability issues is vital. Machine learning (ML) is a 
subset of AI that focuses on algorithm and model development in which computers can learn 
from data and improve their performance over time without being explicitly programmed (Chen 
& Zhang, 2014). AI technologies and ML models provide support for construction management 
decisions and are being applied in several environmental areas, including air pollution (Mo et al., 
2019; Ashayeri et al., 2021; Lin et al., 2018; Bashir Shaban et al., 2016; Huang et al., 2021; Kleine 
Deters et al., 2017; Babu Saheer et al., 2022; Zhou et al., 2018; Suárez Sánchez et al., 2013; 
Yeganeh et al., 2012), waste management (Gue et al., 2022; Al-Ruzouq et al., 2022; Solano Meza 
et al., 2019), noise pollution (Renaud et al., 2023), infrastructure management (Sousa et al., 2022; 
Yu et al., 2021; Zou et al., 2023; Xu et al., 2022; Cassottana et al., 2022; Cha et al., 2023; Zhu et 
al., 2021; Ekici et al., 2021; Renaud et al., 2023), and life cycle assessment and rainfall prediction 
(Koyamparambath et al., 2022; Al Duhayyim et al., 2022), as well as construction management 
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decisions (Gue et al., 2022; Pan & Zhang, 2021; Naumets & Lu, 2021; Pan et al., 2022). 
AI technologies are also being applied in several construction areas, including construction safety 
(Fang et al., 2018a, Fang et al., 2018b, Fang et al., 2018c, 2019; Wu & Cai, 2019), 
road construction surveys (Zhang & Yang, 2016; Wu et al., 2019), bridge construction inspections 
(Deng et al., 2020; Dorafshan & Azari, 2020; Zhang & Yang, 2020), and on-site construction 
operation monitoring (Fang et al., 2018d; Guo et al., 2020). 

Gao et al. (2019) and Zhang and Shi (2020) reviewed machine learning for life cycle management, 
while Xu et al. (2021) reviewed deep learning to provide different research directions. These 
studies combined algorithms and application scenarios to solve their problems. Although AI 
technologies and ML models are becoming increasingly popular and have been successfully 
applied to these areas, their use has not been well applied in addressing environmental 
regulatory compliance for infrastructure construction projects. Therefore, there is a significant 
need and motivation to explore how AI can be incorporated into sustainability BMPs regarding 
site, water and wastewater, energy, material, and environmental problems and to further 
address the immediate challenges of meeting regulatory compliances for California’s 
infrastructure construction projects. 

1.2 Problem Statement 
Construction and operation of infrastructure assets are major contributors to global greenhouse 
gas (GHG) emissions, resource depletion, and others have long-term environmental impacts. 
Recent analyses have shown that the construction industry is responsible for approximately 34% 
of global CO2 emissions (UNEP, 2025). Similarly, the Climate Group (2025) reports that 40% of 
global GHG emissions originate from buildings, emphasizing the urgency of transitioning towards 
low-carbon infrastructure systems. To address these impacts, sustainability assessment 
frameworks, such as U.S. Green Building Council (USGBC)’s Leadership in Energy and 
Environmental Design (LEED), Building Research Establishment Environmental Assessment 
Method (BREEAM), and Envision, have been developed to guide stakeholders in adopting 
environmentally responsible design and construction practices. 

Among these frameworks, Envision was created by the Institute for Sustainable Infrastructure 
(ISI, 2018) to provide a comprehensive methodology to evaluate sustainability across a range of 
infrastructure types, including bridges, highways, water systems, and energy facilities. The 
Envision rating standard sets the standard for what constitutes sustainable, resilient, and 
equitable infrastructure, and it provides a common language for collaboration and clear 
communication. Envision consists of five categories comprising 64 credits that collectively define 
sustainability in infrastructure systems: Quality of Life, Leadership, Resource Allocation, Natural 
World, and Climate/Resilience (ISI 2018). One of the credits, “CR1.2: Reduce Greenhouse Gas 
Emissions,” specifically targets lifecycle GHG reductions relative to a baseline and directly 
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supports climate mitigation objectives, making it increasingly relevant in the context of global 
carbon-neutrality commitments. 

Despite the rigor of the Envision framework, its compliance verification process remains 
predominantly manual. Assessors are required to review extensive project documentation, 
extract material and operational data, and compute lifecycle performance metrics such as GHG. 
This reliance on manual procedures introduces several key limitations: 

• Time-intensiveness: Reviewing and validating data across hundreds of pages demands 
substantial effort and slows the assessment process. 

• Subjectivity: Manual interpretation increases the potential for inconsistencies between 
assessors, affecting the reliability of evaluations. 

• Limited scalability: As project volume increases, applying Envision consistently across 
multiple infrastructure projects becomes impractical without automation. 

A prior review study examined automation in environmental and regulatory compliance (Sečkár 
et al., 2025). The study found that early efforts focused on Life Cycle Assessment (LCA) tools, such 
as SimaPro, OpenLCA, and GaBi; however, these systems require structured, well-formatted 
inputs and, therefore, do not resolve the fundamental challenge of extracting relevant 
information from unstructured project documentation. More recent studies highlighted the use 
of Natural Language Processing (NLP) and Building Research Establishment Environmental 
Assessment Method ML in related domains (Al Qady & Kandil, 2010; Zhang & El-Gohary, 2022; 
Eken et al., 2023, Thimm, 2023). 

For instance, Zhang and El-Gohary (2022) developed automated compliance checking that 
combines NLP, AI, and Building Information Modeling (BIM) to process regulatory requirements 
and detect non-compliance, underscoring the growing maturity of text analytics–based 
compliance systems. Eken et al. (2023) explored automated contract analysis through NLP-driven 
summarization and risk identification, demonstrating the viability of text extraction and 
interpretation for complex technical documents. Thimm (2023) proposed an NLP-based scoring 
method to evaluate the relevance of environmental regulatory announcements. However, 
despite these advances, the literature reveals limited work integrating AI-based document 
interpretation with the Envision sustainability framework, particularly for infrastructure-scale 
applications where documentation is lengthy, diverse, and technically complex. 

To address these gaps, we propose and develop an AI-based environmental code compliance 
checking system that integrates Named Entity Recognition (NER) with LCA-based GHG 
calculations. First, we design and train a domain-specific NER model to extract project 
parameters from unstructured PDF reports. Second, we develop an automated pipeline to 
normalize values, compute embodied and operational emissions, and map results to Envision 
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CR1.2’s scoring criteria, consistent with ISI guidance. Third, we implement a prototype Streamlit 
application supporting end-to-end verification. Finally, we evaluate the proposed system via a 
bridge case study demonstrating accuracy, efficiency gains, and scalability. The proposed 
approach can enhance existing studies by bridging AI-driven NLP with infrastructure 
sustainability assessment, moving toward automated, reproducible, and scalable compliance 
verification under the Envision framework. 

The objective is to develop an AI-based compliance verification system capable of automating 
the evaluation of infrastructure projects under the Envision sustainability framework, with 
particular emphasis on Credit CR1.2 to reduce GHG emissions. Existing verification processes rely 
extensively on manual examination of project reports, where a workflow is labor-intensive, prone 
to interpretation inconsistencies, and susceptible to data-handling errors. To overcome the 
limitations of existing verification processes, the proposed system integrates an NLP workflow by 
featuring a custom-trained NER model and extracting critical project parameters, including 
material quantities, units, energy consumption, operational lifespan, and baseline emissions, 
directly from unstructured PDF documentation. 

To demonstrate the viability of the proposed AI model, this report presents the framework and 
preliminary results focusing specifically on Envision Credit CR1.2: Reduce Greenhouse Gas 
Emissions. While CR1.2 is only one of 64 credits within the Envision rating system, targeting 
lifecycle GHG reductions serves as a strategic pilot to launch our tool’s Life Cycle Assessment 
(LCA) module, which is the core computational engine of the application. Although integrating all 
64 credits remains a complex, ongoing effort, this initial implementation demonstrates the 
significant promise of using natural language processing (NLP) to automate data extraction for 
environmental compliance. Ultimately, these preliminary results validate the core architecture 
and establish a robust baseline for future, full-scale implementation. The AI model was tested 
using a representative case study framework compiled from real-world empirical data, including 
project metadata, material inventories, and activity metrics, sourced directly from an authentic 
Bridge Lifecycle GHG Report. 
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2. Research Methodology 

We adopted a design science research methodology to develop, implement, and evaluate an 
AI-based environmental compliance checking system aligned with the Envision sustainability 
framework. We aimed to automate lifecycle GHG assessment, reduce human error in data 
extraction and processing, and improve the transparency and reproducibility of credit 
evaluations. The methodology integrates case study analysis, NLP, LCA, and Envision-based 
scoring into a unified analytical pipeline. We used the Life-Cycle Assessment (LCA) method by 
Dequidt (2012) that enables quantification of total emissions and comparison against baseline 
scenarios. 

To contextualize system design and construct training datasets, we used the Sixth Street Viaduct 
Seismic Improvement Project (ISI, 2022), an infrastructure project that achieved an Envision 
Platinum award from the ISI based on its performance in community benefits, safety 
enhancement, urban connectivity, and long-term resiliency. By examining publicly available ISI 
project documentation, we identified the data types required for Envision verification, including 
material quantities, energy use, projected operational life, and other sustainability parameters. 
These elements informed the construction of domain-specific training corpora for the NLP 
pipeline. 

In addition to analyzing real-project documentation, a Bridge Lifecycle GHG Report was used to 
evaluate the system’s extract–transform–compute fidelity under controlled conditions. This 
dataset incorporated typical infrastructure parameters, including concrete and steel quantities, 
fuel consumption, and baseline lifecycle GHG emissions, to enable systematic testing of the NLP 
extraction workflow, unit normalization procedures, and LCA computation modules without 
reliance on a single real-world source. These complementary data sources provide a rigorous and 
repeatable foundation for assessing the effectiveness of AI-enabled compliance automation 
within the Envision framework. 

To simulate realistic reporting conditions, the Bridge Lifecycle GHG Report included 
representative project metadata (project name, location, operational lifespan, and baseline 
emissions), as well as material and activity inventories (concrete, steel, diesel, electricity, and 
transport-related metrics). The variability, formatting inconsistencies, and unstructured nature 
of such documentation underscore the need for automated data-extraction techniques. To 
address this challenge, a custom NER model was developed using the spaCy library. We used 
Python to execute our workflow and subsequent analyses. The model was trained in diverse 
textual patterns to identify three primary entity groups essential to lifecycle emissions analysis: 

1. Project metadata: project name, location, operational life, baseline GHG values 

2. Materials and activities: concrete, steel, diesel, electricity, transportation activities 

5 



  

             

          
           
             

        
           

            
            

            
             

              
          

         
              

         
            

             

           
         

          
           

          
         

            
           
        

           
           

           
           

           
             

         
            
       

          
        

           

3. Quantities and units: numerical values paired with unit expressions (kg, L, kWh, ton-km) 

The model standardizes extracted numeric values and units into a consistent machine-readable 
format, enabling seamless integration with downstream LCA calculations. By capturing multiple 
textual variants (e.g., “Concrete Used: 1,100k kg” versus “Concrete Quantity = 950k kg”), the 
extraction pipeline ensures high adaptability across heterogeneous infrastructure 
documentation. Following extraction, the system routes normalized data into an integrated LCA 
module, which applies standardized emission factors derived from widely used databases such 
as Ecoinvent and U.S. EPA inventories. Emissions are computed across three analytical levels: 
total lifecycle emissions (kg CO₂e), annualized emissions over the project’s operational lifespan, 
and emissions intensity (e.g., per m2 of project area). Representative emission factors such as 
0.15 kg CO₂e/kg for concrete and 1.9 kg CO₂e/kg for steel are used to translate material 
inventories into quantified environmental impacts. The methodology then maps calculated 
emissions directly to Envision Credit CR1.2, comparing project-specific lifecycle emissions against 
the defined baseline. Based on the magnitude of GHG reduction achieved, projects are assigned 
to the corresponding Envision performance tiers, “No Improvement,” “Improved,” “Enhanced,” 
“Superior,” or “Restorative,” each linked to a defined point allocation. This mapping bridges the 
analytical outputs of LCA with the structured credit requirements of the Envision framework. 

To operationalize the methodology, a Streamlit-based application was developed to deliver an 
end-to-end compliance workflow. The interface supports PDF uploads, AI-driven entity 
extraction, user validation steps, automated emissions calculation, and visualization of 
quantitative results. Supporting visualizations, including pie charts, bar graphs, and color-coded 
scoring tables, enhance interpretability and decision support for practitioners engaged in 
sustainability assessment. System validation was conducted by comparing AI-extracted 
attributes with manually annotated benchmarks from the case study. Extraction accuracy was 
quantified using precision and recall, while LCA results were benchmarked against independently 
performed manual calculations. The proposed compliance-checking system automates 
sustainability evaluation for bridge projects by integrating a custom NER model with LCA 
calculations and Envision Credit CR1.2 requirements. Figure 1 shows the proposed algorithm 
approach. Project documentation, provided as unstructured PDF files, is processed using natural 
language processing techniques to extract key entities, including material quantities, units, and 
project metadata. Extracted values are then normalized and linked to standardized emission 
factors to compute both lifecycle and annualized GHG emissions. These emissions are compared 
against Envision’s baseline values to automatically classify project performance according to 
Envision’s CR1.2 scoring tiers. The system also updates an interactive compliance checklist, 
providing color-coded feedback to support transparent and traceable decision-making. 
Implemented in Python and deployed through a Streamlit interface, the system eliminates 
manual data entry, enhances calculation accuracy, and demonstrates a scalable AI-driven 
approach for automating environmental compliance verification within the Envision framework. 

6 



  

 

 

 
   

  
 

 
 

  
 

  
 

  

uploads PDF 
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,~-/, materials, quantities, 

baseline details 

Constants: 
Standard 

emission factor 

Calculate GHG Emissions 

Emissions= Quantity x emission factor 

Compute: 
■ total_ghg: Sum of emissions from all categories 
■ annual_ghg: total_ghg + operational_years 
■ per _m2_annual_ghg: annual_ghg + project_area_m2 

Compute Percentage Reduction 

Classify based on Envision Criteria 

Figure 1. Proposed Algorithm Approach 

2.1 Life-Cycle Assessment 
LCA is a method to evaluate the total environmental impact of a product, process, or project from 
its beginning to end, often referred to as “cradle to grave.” The method helps you understand 
how much environmental damage a given system causes throughout its lifespan. Using the LCA 
for this case study reference, we aimed to evaluate how much of the project reduces GHG 
emissions over its operational life, compared to previous systems or alternatives. The goal of the 
LCA was to evaluate the environmental impacts, specifically GHG emissions, over the full 100-
year life cycle of a bridge project using a functional unit (FU) of 1 m² of bridge deck over 100 years, 
which is a normalized unit used to compare similar structures or designs. We used five steps 
based on the method by Dequidt (2012). 
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2.1.1 System boundaries 

In step 1, we defined system boundaries and life stages. The entire project was broken down into 
five major life-cycle phases: production, transport, construction, maintenance, and end-of-life. 
The production phase includes raw materials such as concrete, rebar, steel, and prefabricated 
parts. The transport phase considers the distance and method of delivering materials to a site. 
The construction phase calculates machinery usage, fuel consumption, and site work. The 
maintenance phase includes lighting energy, traffic emissions, and periodic repairs. Finally, the 
end-of-life phase includes demolition, waste transport, and recycling impacts. These five phases 
were explicitly defined while GHG emissions were computed separately for each phase. 

2.1.2 Input data 

In step 2, all quantities of materials and processes are gathered as shown in the example inputs 
for inventory data collection in Table 1. Input data include quantities of materials, transport 
distances, fuel use, electricity, and traffic activity. This raw data is later combined with emission 
factors (kg CO₂e per unit) to calculate total emissions. 

Table 1. Example of Inputs for Inventory Data Collection 

Material/Process Quantity Units Source 

Reinforced concrete X m3 Contractor 

Steel reinforcement Y tons Contractor 

Transport distance Z km Estimation 

Diesel fuel for machines A liters Site data 

Lighting consumption B kWh/year Technical specification 

Traffic emissions Calculated from AADT Vehicles/day Road authority 

2.1.3 Calculation of GHG quantities 

In step 3, all GHG quantities are calculated using Arda LCA, Ecoinvent, and ReCiPe. Arda LCA was 
used for modeling inputs across phases, Ecoinvent supplied standard emission factors (e.g., for 
concrete, steel, diesel), and ReCiPe converted raw emissions (CH₄, CO, CO₂) into a common 
metric: kg CO₂e. Emission factors come from databases such as Ecoinvent and include concrete 
(~0.15–0.20 kg CO₂e/kg), steel (~1.6–2.0 kg CO₂e/kg), diesel (~2.67 kg CO₂e/liter), and electricity 
(depends on the regional energy mix). Each input is multiplied by its emission factor. For example, 
10,000 kg of steel × 2.0 kg CO₂e/kg = 20,000 kg CO₂e, and 1,000 liters of diesel × 2.67 kg CO₂e/l = 
2,670 kg CO₂e. The quantities are summed for the total emissions for all five life-cycle stages and 
divided by the bridge area. For example, total life-cycle emissions over 100 years are 6,665 kg 
CO₂e per m² of deck for the bridge project. 
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In this step, the annualized emissions are expressed per year by simply dividing the total 
emissions by the operational life. For example, annual emissions per square meter = total 
emissions per square meter ÷ building lifespan (years) = 6,665 kg CO₂e ÷ 100 years = 66.65 kg 
CO₂e/m²/year. The result means that the bridge emits about 66.7 kg CO₂e per square meter per 
year when considering traffic use. The emissions drop to about 13.6 kg CO₂e/m²/year if traffic 
use is excluded. Units used in the LCA method are kg CO₂e, kg CO₂e/year, and kg CO₂e/m²/year. 
kg CO₂e, meaning kilograms of carbon dioxide equivalent, is a standard unit for measuring carbon 
footprints that accounts for all greenhouse gases (CO₂, CH₄, N₂O, etc.) as if they were CO₂. kg 
CO₂e/year is the total emissions released by the project each year over its operational lifetime. 
kg CO₂e/m²/year is the yearly emissions normalized per square meter of bridge surface, which 
helps compare emissions between different-sized projects. The breakdown of GHG emissions by 
stage in terms of the percentage of total emissions is shown in Table 2. 

Table 2. Breakdown of GHG Emissions by Stage (% of Total) 

Life-Cycle Phase 

Material production 

Transport 

Construction 

% of Total GHG 

~60–70% 

~10–15% 

~10% 

Operation (lighting, traffic) 

End-of-Life 

~15–20% 

<5% 
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3. Illustrative Usability Example of AI Model for 
Compliance-Checking System 

An Envision-focused web application was developed to provide a structured and interactive 
workflow integrating AI-driven data extraction, lifecycle carbon assessment, and automated 
compliance tracking within a unified platform. The interface introduces users to the 5 Envision 
credit categories, displayed as visually distinct and intuitive navigation elements. Selecting a 
category directs users to the corresponding sub-credit, such as CR1.2 under the Climate & 
Resilience domain. Upon selecting CR1.2, the system launches the LCA module, the core 
computational engine of the application. 

Users then upload project documentation in PDF format, regardless of layout or formatting style. 
Instead of requiring manual data entry, the system employs a custom-trained NER model to 
automatically extract structured information from unstructured text. The information includes 
project metadata (e.g., project name, location, operational lifespan, baseline GHG emissions) as 
well as detailed material and activity quantities (e.g., concrete [kg], steel [kg], diesel [L], 
electricity [kWh], and transport [ton-km]). The model identifies both numeric values and their 
corresponding units, enabling consistent data normalization before analysis. 

Following extraction, the system computes total lifecycle GHG emissions, annualized emissions 
normalized by operational years, and emissions intensity (e.g., per square meter of bridge deck 
surface). These values are benchmarked against baseline emissions to quantify reduction 
performance. Based on the computed reduction percentage, the application automatically 
assigns the appropriate Envision performance level from No Improvement to Restorative and 
determines the associated credit points. Numerical results are supported by visual outputs such 
as pie charts and bar graphs illustrating emissions distribution across materials and activities, 
helping users identify carbon-intensive components. Beyond credit-specific analytics, the 
application updates a dynamic assessment checklist that aggregates the status of all sub-credits 
within the Climate and Resilience category. Completed evaluations, such as CR1.2, are 
automatically reflected in the checklist with color-coded indicators that enhance legibility and 
allow stakeholders to track compliance progress across the domain in real time. The workflow 
transforms a traditionally manual, labor-intensive evaluation process into a fully automated, 
transparent, and scalable system. With AI-based PDF parsing, lifecycle carbon computation, and 
interactive visualization, the platform enables consistent, efficient, and minimally supervised 
sustainability performance assessments aligned with Envision verification requirements. 
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·''! Envision Sustainability Framework 
Select a category to begin your project evaluation. 

e • OuolityOIU. Leadership -- Nalu,IWc/d Cllo>Wllosilm 

Quality oflife Leadership Resource Alloc,tion Natural Wortd Climate and Resilience 

Figure 2 shows the Envision sustainability framework webpage. 

Figure 2. Envision Sustainability Framework 

Figure 3 shows the sub-credit categories once users click the Climate and Resilience category. 

Figure 3. Structure of Sub-credit Categories within the Climate 
and Resilience Category 
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Figure 4 shows an assessment overview table once users click the GHG emission reduction credit, 
in which a project can achieve a maximum of 26 points if they meet all the requirements under 
the levels of achievement. 

Figure 4. Assessment Overview Table 
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(8) At Least 10% Reduction (13) At Least 25% Reduction (18) At least 50% Reduction (22) 100% Reduction 

(A) The project team (A) The project team (A) The project team (A) The project team 
demonstrates at least a demonstrates at least a demonstrates at least a demonstrates a 100% 
10% reduction in total col 25% reduction in total col 50% reduction in total col reduction in total col 
over the operational life of over the operational life of over the operational life of over the operational life of 
the project compared to the project compared to the project compared to the project compared to 
the baseline. Calculations the baseline. Calculations the baseline. Calculations the baseline. Calculations 
should be in tons CO/. should be in tons CO/. should be in tons CO/. should be in tons CO/. 

(B) The project team maps and calculates the total annual greenhouse gas emissions of the final project design for reporting purposes. This includes 
direct and indirect greenhouse gas emissions and sequestration associated with project operations. Calculations must be in col. 

(26) Carbon Negative 

(A) The completed project 
is carbon negative (i.e., 
sequesters/removes more 
col than it produces over 
the operational life). 

Figure 5 shows the detailed requirements for CR1.2. 

Figure 5. Detailed Requirement for CR1.2 Reduce GHG Emissions 

Figure 6 shows the input data and extracted project data via the AI Model for 
Compliance-Checking System. 

Figure 6. Input and Extracted Project Data at AI Model for Compliance-Checking System 
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4. Experimental Results 

The AI-based environmental compliance checking system was evaluated using a bridge project 
case study, where lifecycle GHG emissions were evaluated under Envision credit CR1.2. The 
system successfully extracted project details such as bridge area, operational life, baseline 
emissions, and material quantities (concrete, steel, diesel, electricity, and transport activities) 
directly from uploaded PDF reports using the custom-trained NER model. These values were 
normalized, mapped to emission factors, and used for lifecycle emission calculations. 

Figure 7 shows the results from the AI Model for Compliance-Checking System: (a) emission 
summary output and (b) emissions by material/activity. Figure 8 shows the results updated on 
the assessment overview table. It shows the emission summary dashboard generated by the 
system. The total lifecycle GHG emissions were calculated as 1,484,550 kg CO₂e over 100 years, 
translating to 14,845.5 kg CO₂e/year and 1.19 kg CO₂e/m²/year. The Envision evaluation module 
classified the project’s performance level as “Improved,” corresponding to a 17.5% reduction 
from the baseline scenario. The visualizations include both bar and pie charts, showing emissions 
breakdown by material category, where steel (70.4%) and diesel (17.1%) were identified as the 
dominant contributors. In addition to emission breakdowns, the tool updates an Assessment 
Overview Table as shown in Figure 8. This table consolidates the performance evaluation for all 
climate and resilience sub-credits, with CR1.2 updated automatically upon calculation. The test 
case assigned a performance level of “Improved” with 5 points, highlighted in green for visual 
emphasis. Other credits remained marked as “Not Assessed,” awaiting further AI integration for 
automated evaluation. 
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Emissions by Material/Activity 
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Figure 7. Output Result from AI Model for Compliance-Checking System: 
(a) Emission Summary Output; (b) Emission by Material/Activity 

(a) 

(b) 

From a performance standpoint, the system demonstrated significant efficiency improvements 
compared to manual GHG assessments. The automated pipeline from PDF data extraction to final 
classification was completed in under 5 seconds, while a manual approach would require several 
hours of document review and calculation. Furthermore, the AI-driven NER model minimized the 
risk of human error by consistently extracting quantities and units, even across varying document 
formats. 
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The accuracy of the system was validated by two complementary approaches. First, we 
performed a manual cross-check of the extracted data and calculated emissions against the 
original project PDF. The results confirmed that the extracted values matched the ground truth 
for all tested parameters, ensuring correctness in emission calculations and Envision classification. 
Second, the performance of the NER model was assessed using three standard NLP metrics, 
Precision, Recall, and F1-score, on a hold-out validation dataset containing variations in text 
formats and units. As per Ameli et al. (2024), precision measures the proportion of correctly 
identified instances among all positive predictions, recall measures the fraction of all actual 
instances that are successfully detected, and the F1-score measures the harmonic mean of 
precision and recall. 

The model achieved high performance across material and project-related entities, with an 
average Precision of 96.4%, Recall of 94.8%, and an F1-score of 95.6%. These results demonstrate 
that the NER algorithm is not only accurate but also robust against common variations in 
PDF formatting and terminology. The inclusion of visualizations and dynamic table updates 
further enhanced usability, enabling decision-makers to easily interpret project performance 
against Envision standards. These test results indicate that the proposed system provides both 
accuracy and efficiency while improving transparency and traceability of compliance checks. 

Figure 8. Results Updated on Assessment Overview Table 
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5. Summary & Conclusions 

This report presented the development of an AI-based environmental compliance checking 
system that integrates NLP with the Envision framework. It uses a custom-trained NER model to 
automate extraction of key project data from unstructured PDF documents and feeds them into 
a lifecycle carbon assessment module for classification under Envision CR1.2. The system helped 
automate sustainability assessments by extracting project data (materials, quantities, location, 
operational life, etc.) from PDFs, thereby eliminating manual data entry and calculation and 
integrating the extracted data into the LCA calculator to compute emissions and automate CR1.2 
Reduce Greenhouse gas emissions credit evaluation. Thus, the system can help improve 
efficiency, accuracy, and repeatability in environmental performance scoring. The proposed 
approach demonstrated high extraction accuracy and consistent GHG emission calculations 
compared to manually validated benchmarks, while interactive dashboards and real-time 
assessment tables enhanced usability and transparency. The combination of automated data 
extraction, lifecycle emission computation, and Envision-based classification demonstrates the 
feasibility of integrating AI into sustainability assessment workflows for infrastructure projects. 

Although the current implementation focuses on CR1.2 and performs best on structured 
documents, future enhancements, such as expanding support to additional Envision credits, 
incorporating OCR and transformer-based models, improving unit standardization, and 
integrating predictive modeling and human-in-the-loop validation, will strengthen adaptability 
and reliability. With further refinement and integration into enterprise workflows, the system 
holds strong potential as a scalable, intelligent tool for advancing automated sustainability 
assessment. 

Future iterations of this research will prioritize user experience and application usability by 
introducing a human-in-the-loop framework, which is lacking in the current report. Specifically, 
upcoming development will incorporate interactive user verification screens, allowing 
practitioners to manually review, flag, and correct any data incorrectly extracted by the NLP 
module before it feeds into downstream LCA computations. For the future study, we plan to 
implement automated data-imputation algorithms and uncertainty-flagging mechanisms to 
gracefully handle partial or missing project data without stalling the overall rating computation. 
Addressing these real-world user scenarios will ensure the AI model is resilient, transparent, and 
ready for industry-wide deployment. 
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Appendix A 

Envision App for LCA (https://envision-a.streamlit.app/) 

The step-by-step procedure for using the Envision App for LCA is as follows: 

1. On Envision app, click on “Open” button for “Climate and Resilience.” 

2. On “Climate and Resilience” page, 

a. Scroll down click on checkbox “Show Assessment checklist table” and check for 
CR 1.2 in the table (It should show status as Not Assessed and points as 0). 

b. Scroll up and click on “CR 1.2 Green House Gas Emission.” 

3. On “CR 1.2 Green House Gas Emission,” 

a. Scroll down, in “Upload Your Project PDF” section, upload “input2.pdf” file, once 
uploaded “extracted project data” will be displayed. 

b. Click on the “Submit & Calculate” button—LCA calculation will be done and 
results will be displayed. 

c. Now, on the left side menu, click on “Climate and Resilience” option. 

4. On “Climate and Resilience” page, scroll down—click on checkbox “Show Assessment 
checklist table” and check for CR 1.2 in the table. (It should show status as “Improved” 
and points updated as “5” with green color highlight.) 
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