
  
 

 

 1 Page 1-17 © MANTECH PUBLICATIONS 2026. All Rights Reserved 

  

Journal of Research in Computer Science and Engineering 

Volume 11, Issue 1, January-April 2026 

ISSN: 2457-0818 (Online) 

 

 

 

 
Sucro Sense (Predicting the Normal Recovery of a Sugar 

Depending Upon Brix, Polarity and Temperature) 

 

Adnan Neelamji1, Praveen Undri2, Aishwarya Sooji3, Jyoti Tuppad4, Veena Mindolli5 

Student1,2,3,4, Assistant Professor5 

Department of Computer Science and Engineering 

Jain College of Engineering and Research, Belagavi, India 

Email: adnanchristy7@gmail.com1, praveenundri@gmail.com2, aishwaryasooji@gmail.com3, 

jyotirtuppad@gmail.com4, veenamindolli@gmail.com5 

DOI: https://doi.org/10.47531/JoCSE.11.1.1-17 

 

ABSTRACT 

The sugar industry forms a vital segment of agricultural economies, where 

profitability is directly linked to the efficiency of sugar recovery from sugarcane. 

Accurate estimation of normal recovery is essential, which depends on key 

parameters such as Brix value, Polarity, temperature, purity, Java ratio, and 

total loss. Conventional approaches involve manual operations, such as 

temperature corrections using lookup tables and subsequent formula-based 

calculations. These traditional methods are often time-intensive, susceptible to 

human mistakes, and result in inconsistent data handling, ultimately reducing 

operational efficiency. To overcome these drawbacks, this project introduces 

Sucro Sense, a software-driven solution designed to automate the estimation of 

recovery. The system accepts inputs such as observed Brix, temperature, and 

Polarity, then employs correction algorithms and validated formulas to derive 

corrected Brix, purity, Java ratio, losses, and expected recovery. Additionally, 

the implementation of machine learning, particularly Random Forest 

Regression, enhances prediction accuracy up to 86 percentage. The tool 

provides outputs in both tabular and graphical formats, ensuring clarity for 

end-users. By digitizing workflows, Sucro Sense reduces manual dependency, 

minimizes computational errors, and improves productivity. Ultimately, this 

project streamlines sugar processing operations, delivering a reliable, efficient, 

and scalable approach for precise sugar recovery estimation in industrial 
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INTRODUCTION 

The sugar industry is a key contributor to agricultural economies, where profitability depends 

on maximizing recovery from sugarcane. Accurate estimation of normal recovery is essential, 

as it influences both operational efficiency and financial outcomes. Parameters such as Brix, 

Polarity, temperature, purity, Java ratio, and total loss significantly affect recovery calculations. 

However, traditional manual methods using correction tables and sequential formulas are time 

consuming, error-prone, and inconsistent in handling large data. 

 

To address these challenges, this work proposes Sucro Sense, a software-based solution for 

automated sugar recovery estimation. The system integrates validated formulas, temperature 

correction, and machine learning models, particularly Random Forest Regression, to deliver 

accurate and scalable predictions. This approach reduces human error, enhances productivity, 

and supports the modernization of sugarcane processing industries. 

 

LITERATURE SURVEY 

This study evaluates the effectiveness of a handheld Near Infrared (NIR) spectroscopy device 

for rapid quantification of Brix and Pol in sugarcane juice. Calibration models were developed 

using Partial Least Squares Regression and validated against laboratory reference 

measurements. The results demonstrate high predictive accuracy, low error rates, and strong 

correlation for both Brix and Pol estimation. The study concludes that portable NIR instruments 

offer a reliable, non-destructive, and field-ready solution for sugarcane quality assessment.[1] 

This review provides a detailed overview of established and emerging technologies used for 

accurate Brix measurement. It covers traditional optical instruments such as refractometers and 

hydrometers, as well as advanced digital and spectroscopic sensors including inline process 

analysers and NIR-based systems. Each technology is assessed based on precision, calibration 

needs, temperature compensation, and industrial suitability. The review highlights the growing 
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adoption of compact, high-accuracy digital sensing systems for real-time quality monitoring. 

[2] 

 

ML-Based Sugarcane Quality Prediction (Martinez Silva, 2023) 

This study explores the use of machine learning models combined with UAV-based 

multispectral imagery to predict sugarcane quality attributes. High-resolution spectral data 

were captured using unmanned aerial vehicles and processed to extract vegetation indices 

linked to crop health and sucrose accumulation. Multiple algorithms were trained and 

evaluated, with results showing strong predictive performance and improved estimation 

accuracy compared to traditional field sampling. The study demonstrates that integrating UAV 

imaging with machine learning provides an efficient, scalable approach for monitoring 

sugarcane quality across large cultivation areas.[3] 

 

This study investigates the application of ensemble learning techniques for predicting 

sugarcane yield using multispectral data derived from Sentinel satellite imagery. Key spectral 

bands and vegetation indices were extracted and used as inputs for multiple ensemble models, 

including Random Forest, Gradient Boosting, and stacked regressors. Model performance was 

evaluated against ground-truth yield measurements, with ensemble approaches demonstrating 

higher accuracy and lower prediction error than single-algorithm methods. The findings 

highlight the potential of satellite-driven ensemble learning frameworks for large-scale, cost-

effective agricultural yield forecasting.[4] 

 

This study examines the use of multispectral imagery combined with crop growth parameters 

to predict Brix content in sugarcane. Spectral features and vegetation indices derived from 

aerial images were integrated with agronomic variables such as crop age, canopy structure, and 

soil conditions to train predictive models. The results show that the fusion of multispectral data 

with crop parameters significantly improves the accuracy of Brix estimation compared to 

image only approaches. The study demonstrates that remote sensing based modelling offers an 

effective, non-destructive method for monitoring sugarcane sucrose levels across diverse field 

conditions.[5] 

 

This study focuses on developing Artificial Neural Network (ANN) models to estimate 

sugarcane juice quality parameters under varying processing conditions. Multiple input 
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variables—including temperature, extraction pressure, juice flow rate, and cane maturity—

were used to train ANN architectures optimized for nonlinear prediction. Model outputs were 

compared against laboratory reference measurements, revealing strong predictive accuracy 

even under fluctuating operational environments. The study demonstrates that ANN based 

systems can provide robust, adaptive, and real-time support for assessing juice quality in 

industrial processing setups.[6] 

 

This study analyses and optimizes key process parameters influencing fermentable sugar 

recovery in biomass-based production systems. Experimental evaluations were conducted on 

pretreatment conditions, hydrolysis efficiency, pH, temperature, and enzyme loading to 

determine their effect on overall sugar yield. Statistical optimization techniques such as 

Response Surface Methodology were applied to identify the most effective processing 

combinations. Results indicate that precise control of pretreatment severity and enzymatic 

hydrolysis significantly enhances fermentable sugar release. The study highlights strategies for 

improving conversion efficiency in biorefinery operations.[7] 

 

This study investigates how variations in evaporation temperature influence the 

physicochemical properties of cane sugar products during processing. Controlled experiments 

were conducted across multiple temperature levels to observe changes in parameters such as 

viscosity, colour development, crystallization behaviour, and sucrose stability. Results show 

that higher temperatures accelerate thermal degradation and affect product consistency, while 

optimized moderate temperatures improve quality and preserve sucrose content. The study 

emphasizes the importance of precise thermal control to maintain desirable product 

characteristics in sugar processing operations.[8] 

 

This review examines recent artificial intelligence (AI) techniques applied to achieve 

sustainable sugarcane production across cultivation, monitoring, and processing stages. The 

authors summarize advancements in machine learning, deep learning, and decision-support 

systems used for yield prediction, disease detection, irrigation management, and input 

optimization. Various AI models are compared based on accuracy, data requirements, and 

scalability for field deployment. The review highlights the growing role of AI in enhancing 

resource efficiency, reducing environmental impact, and supporting data-driven decision-

making for long-term sustainable sugarcane management.[9] 
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This study presents a multi-stage machine learning framework designed to improve the 

accuracy of sugarcane yield prediction. The approach integrates sequential modelling steps, 

including data preprocessing, feature extraction, variable selection, and model stacking. 

Multiple algorithms—such as Random Forest, Support Vector Regression, and Gradient 

Boosting—were combined to capture complex patterns across climatic, soil, and crop-growth 

datasets. Experimental evaluation shows that the multi-stage framework delivers higher 

predictive performance than single-model approaches. The study highlights its potential for 

enabling precise, data-driven decision-making in sugarcane production management.[10] 

 

This study explores the use of temporal machine learning models to predict both yield and 

quality attributes of sugarcane using time-series datasets. Random Forest and Artificial Neural 

Network (ANN) models were trained on multi-season data incorporating climatic variables, 

soil metrics, crop growth stages, and historical performance records. The temporal structure 

enabled the models to capture seasonal dependencies and dynamic patterns influencing crop 

outcomes. Results show that both RF and ANN achieved high predictive accuracy, with ANN 

performing better in modeling nonlinear temporal relationships. The study demonstrates the 

effectiveness of time aware ML approaches for reliable yield and quality forecasting in 

sugarcane production.[11] 

 

PROBLEM STATEMENT 

The sugar industry heavily depends on accurate estimation of normal sugar recovery, which is 

influenced by factors such as Brix value, Polarity, Purity, Java ratio, and Temperature. 

Currently, these calculations are performed manually using correction tables and formula-based 

approaches. This process is not only time-consuming but also prone to human errors, leading 

to inaccurate recovery predictions, revenue losses, and operational inefficiencies. Moreover, 

manual record-keeping results in inconsistent data management, making trend analysis and 

auditing difficult. With increasing processing volumes, the lack of automation hampers 

scalability and timely decision-making.  

 

Therefore, there is a pressing need for an automated, intelligent system that can reliably 

compute corrected values, minimize errors, streamline workflows, and improve the accuracy 

and efficiency of sugar recovery estimation. 
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METHODOLOGY 

 

Figure 1: System flowchart for sugar recovery prediction methodology 

 

The proposed system automates the calculation of normal sugar recovery using Brix, Polarity, 

temperature, and batchwise factory data. The complete workflow is illustrated in Fig. 8 and is 

described through the following structured steps. 

 

A. Step 1: Authentication 

The workflow begins with a secure authentication module that ensures only authorized users 

can access the system. Users must log in using valid credentials. Successful authentication 

proceeds to the next stage, while failed attempts terminate the process. 

 

B. Step 2: User Selection 

Upon successful login, the system presents two operational options: 

1) Access existing batch data stored in the database.  

2) Calculate normal sugar recovery for a new batch. 

 

This branching mechanism directs the user toward either data retrieval or prediction processing, 

as shown in the system flow diagram. 
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C. Step 3: Data Input 

For new sugar recovery predictions, the system collects the following essential inputs: 

 Observed Brix value (Bx) 

 Polarity (%) 

 Juice temperature (C) 

 Batch number 

 

These parameters form the basis for subsequent data correction and model computation. 

 

D. Step 4: Data Processing 

The input values are processed using industry-standard correction formulas to ensure accuracy. 

This includes: 

 Temperature-corrected Brix calculated using juice correction equations, 

 Corrected Polarity values used for purity estimation and Java ratio computation. 

 

These pre-processing steps ensure consistency and improve model accuracy. 

 

E. Step 5: Machine Learning Model 

A Random Forest Regression model is applied to predict the normal sugar recovery using the 

corrected Brix and Polarity values. The model is trained using historical batch data to enhance 

prediction accuracy and remove manual calculation errors. 

 

F. Step 6: Data Retrieval (Database Module) 

If the user selects data access instead of new computation, the system retrieves the 

corresponding batch record from the database. The extracted data include Brix, Polarity, 

temperature, corrected values, and historical recovery information, which are displayed for user 

reference. 

 

G. Step 7: Analytical Module 

The system also generates analytical insights in the form of: 

 Trend graphs, 

 Purity and Java ratio variation plots, • Batch-wise comparison charts, 

 Seasonal performance curves. 
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These analytics help identify inefficiencies and assess juice quality variations. 

 

H. Step 8: Output Generation 

The final outputs, which include corrected values, predicted recovery, and analytical graphs, 

are displayed to the user. The system also supports exporting results in PDF, Excel, or CSV 

formats for reporting and documentation purposes. 

 

IMPLEMENTATION 

The implementation of the SucroSense system involves designing an automated framework 

capable of computing corrected Brix, purity, Java ratio, total loss, and normal sugar recovery 

with integrated machine learning. This section explains the system architecture, technologies 

used, modulewise implementation, integration workflow, and deployment strategy. 

 

A. System Architecture 

The system architecture of SucroSense is designed as a multi-layered framework that integrates 

data acquisition, automated computation, and machine learning to accurately predict normal 

sugar recovery. The architecture consists of four primary layers: 

 User Interface Layer: Developed using HTML, CSS, and JavaScript to facilitate the entry 

of Brix, Polarity, temperature, and batch-related data. 

 

 Application Layer: Built using Node.js and Express, this layer performs temperature 

correction, formula-based calculations, input validation, and communication between 

components. 

 

 Machine Learning Layer: Implemented in Python with a Random Forest Regression 

model. This layer processes corrected features and produces automated recovery 

predictions. 

 

 Data Layer: MongoDB stores input logs, corrected parameters, historical patterns, and 

machine learning predictions for future analysis. 

 

These layers communicate through REST APIs, ensuring modularity, efficient processing, and 

real-time operation in industrial environments. 
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B. Technologies Used 

The Sucro Sense system uses a comprehensive and scalable technology stack to support data 

processing, machine learning prediction, and deployment. The primary technologies and  

Python libraries used in the system are: 

 Frontend Technologies: HTML, CSS, and JavaScript for building an interactive and user-

friendly interface. 

 

 Backend Framework: Node.js with Express.js for handling API requests, performing 

formula computations, temperature correction, and communicating with the ML engine. 

 

 Machine Learning and Data Processing (Python): 

 pandas — data cleaning, transformation, and tabular handling. 

 numpy — numerical computations and array operations. 

 scikit-learn — model training, evaluation, and Random Forest Regression. 

 joblib — saving and loading trained ML models for deployment. 

 scipy — optional scientific and mathematical computation support. 

 matplotlib — analytical plotting and trend visualization. 

 seaborn — enhanced statistical visualization (optional). 

 

 Web Deployment Libraries (Python): 

 Flask or FastAPI — serving ML predictions through REST APIs. 

 pydantic — request validation (used with FastAPI). 

 

 Database: MongoDB for flexible, schema-less storage of logs, corrected values, and 

prediction outputs. 

 

 Communication: REST APIs enabling seamless interaction between the frontend, 

backend, database, and ML services. 

 

This technology stack ensures robust performance, accurate prediction capability, and scalable 

deployment for industrial sugar recovery automation. 
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C. Module-Wise Implementation 

The Sucro Sense system is developed through several integrated modules, each performing a 

dedicated function: 

 Input Acquisition Module: Captures Observed Brix, temperature, Polarity, and batch 

number with validation checks. 

 

 Temperature Correction Module: Automatically corrects the observed Brix using 

industrial formulas and lookup tables. 

 

 Calculation Module: Computes purity, Java ratio, total loss, and preliminary recovery 

estimates. 

 

 Machine Learning Module: Trained through Scikit learn Random Forest Regression, this 

module predicts the normal sugar recovery with improved accuracy. 

 

 Database Module: Stores all raw inputs, corrected values, analytical outputs, and ML 

predictions. 

 

 Results and Reporting Module: Displays results and exports data into Excel or CSV 

formats for field reporting. 

 

D. Integration 

The integration workflow relies on REST API communication. The frontend sends user inputs 

to the Node.js backend, where temperature correction and industrial computations are applied. 

These processed values are forwarded to the Python ML engine, which returns predicted 

recovery values. The backend stores all results in MongoDB and sends the final outputs back 

to the frontend for visualization. 

 

E. Deployment 

The Sucro Sense system is deployed using a scalable architecture. The Node.js backend and 

Python machine learning model operate on a cloud or on-premise server. The frontend runs as 

static web pages communicating through REST APIs. MongoDB is hosted on MongoDB Atlas 

or a secure local server. A reverse proxy such as Nginx routes all incoming requests efficiently 

between the services, enabling consistent and real-time industrial performance. 
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The displayed webpage is the homepage of the Sugarcane Yield Prediction system. It features 

a navigation bar with sections like Home, About, Our Service, Contact, and Our Company, 

along with login and signup options. The main banner showcases an image of a sugar mill, 

highlighting the theme “Smarter Sugar Mills Start with Smarter Data,” emphasizing the 

system’s focus on data-driven sugar recovery prediction. Below the banner, a section titled 

Data Predication summarizes the key functionalities, such as analyzing sugarcane juice 

 

RESULT 

 

Figure 2: Sucro Sense homepage of the Sugarcane Yield Prediction system 

 

Properties (Brix, Pol, Purity), predicting sugar recovery with high accuracy, providing insights 

for decision-making, and improving model performance with real-time data. Overall, the page 

introduces the purpose and capabilities of the data prediction tool in a visually engaging 

manner. 

 

 

Figure 3: Sucro Sense services 
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The “Our Service” section of the webpage highlights the three main functionalities offered by 

the Sugarcane Yield Prediction system. The first service, Predict Normal Recovery, uses AI and 

machine learning models to estimate sugar yield based on key juice parameters such as Brix, 

Pol, and purity. The second service, Fetch Data, enables smooth collection of laboratory or 

sensor-based values, making it easier to gather polarity, Brix, and purity readings without 

manual effort. The third service, Analyze Data, focuses on applying corrections, performing 

calculations, and visualizing insights that help improve decision-making in sugar mills. Below 

the service section, a Contact Us area provides email and phone details for user support. 

Overall, this part of the webpage presents the core capabilities of the system in a clean and 

user-friendly manner. 

 

The image displays a Sucrose Data Prediction web application, designed for real-time analysis 

and logging of sugar data, likely for quality control in a lab or processing plant. The top section 

functions as the data input interface, where users enter raw measurements—specifically the 

Observed Brix, Observed Pol, and Temperature—before triggering a prediction and save 

operation. The core function of the application is to use 

 

 

Figure 4: Sucrose Data Prediction web application 

 

These inputs to calculate and display corrected or standardized values, including the Corrected 

Brix, Corrected Pol, and the final Normal Recovery. All of these calculation results are then 

saved and archived in the Prediction History table below, providing a timestamped log for 

auditing and record keeping of every analysis performed. 
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Figure 5: Fetch sucrose data 

 

The “Fetch Sucrose Data” interface retrieves laboratory measurements such as Brix, Pol, and 

temperature and automatically applies standard correction formulas to generate corrected Brix, 

corrected Pol, and normal recovery values. The displayed result shows an observed Brix of 

23°, Pol of 56 percent, and temperature of 18°C, which are processed to obtain corrected values 

(22.91° Brix and 14.67 percent Pol). The system then calculates the normal recovery (10.07 

percent), providing an estimate of recoverable sucrose. A timestamp is added for traceability, 

and the data can be exported as a PDF for documentation and reporting. A timestamp is added  

for traceability, and the data can be exported as a PDF for documentation and reporting. 

 

The graph illustrates the variation of Observed Brix and Temperature over time for the selected 

date. The blue line represents Observed Brix readings, while the red line represents 

corresponding temperature values. The plotted data enables visual comparison of how 

temperature fluctuations influence Brix measurements throughout the sampling period. 

Interactive tooltips display the exact values at each timestamp, improving interpretability. This 

visualization helps in identifying trends, anomalies, and the relationship between temperature 

and juice concentration, which is essential for sucrose quality assessment and process 

monitoring in sugar production.  
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Figure 6: Illustrates the variation of Observed Brix and Temperature over time for the 

selected date 

 

 

Figure 7: Auto-generated PDF report that compiles all sucrose analysis records 

 

The system provides an auto-generated PDF report that compiles all sucrose analysis records 

for the selected date, ensuring that the analytical data can be stored, shared, and reviewed 

offline. The report presents key parameters including Cane ID, Observed Brix, Observed Pol, 

Temperature, Corrected Brix, Corrected Pol, Normal Recovery, and Timestamp. Each value is 

processed using standardized correction formulas commonly applied in sugar industry 

laboratories, allowing the results to closely reflect real measurement conditions. 
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The structured tabular format enables clear comparison across multiple samples, helping users 

identify variations in juice quality, temperature influence, and expected recovery rates. By 

preserving both raw and corrected values, the report supports transparent evaluation and quality 

auditing. This PDF export feature enhances the usability of the system by providing a reliable 

and professional record for documentation, decision-making, and integration into further 

analysis workflows. 

 

The application includes an informational section describing the partnering sugar factory, 

Ghataprabha Sahakari Sakkare Karkhane Niyamit, located in Gokak, Karnataka. This section 

outlines the factory’s cooperative model, its role in supporting local sugarcane farmers, and its 

long-standing contribution to the regional agro-industrial economy since its establishment in 

1979. The description highlights the mill’s focus on producing 

 

 

Figure 8: About us 

 

High-quality sugar and by-products while adopting modern technologies to enhance sugar 

recovery and operational efficiency. A contact panel and embedded map improve accessibility 

by providing users with direct communication details and precise geographic location. This 

static informational module ensures transparency and context for users interacting with the 

sucrose prediction system. 
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