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Abstract
This study evaluates the operational efficiency of five integrated steel plants under Steel
Authority of India Limited (SAIL) using Data Envelopment Analysis (DEA). The output-
oriented DEA model under Variable Returns to Scale (VRS) assesses the relative efficiency of
Bhilai, Bokaro, Rourkela, Durgapur, and Burnpur steel plants from 2018-19 to 2022-23. Input
variables include iron ore, coke rate, slag rate, and total metallic input, while output variables
comprise sintering machine yield, productivity, blast furnace productivity, crude steel output,
and mill yield. This study aims to evaluate the relative efficiency of five SAIL steel plants using
DEA and identify best practices to improve their performance. The study focused on using
secondary data from annual reports, sustainability reports, and operational records of each
plant. The input and output variables are carefully selected to reflect the steel production
process. The ANOVA test confirms significant differences in input variables across the plants.
DEA results reveal significant variations in efficiency scores among the plants. ISP Burnpur
and Rourkela Steel Plant emerge as the most efficient plants, while Bhilai Steel Plant and
Bokaro Steel Limited show scope for improvement. The study demonstrates the effectiveness
of DEA in evaluating the operational efficiency of SAIL's steel plants. The findings provide
valuable insights for improving resource utilization, reducing input costs, and boosting
productivity across SAIL's steel plants.
Keywords: Data Envelopment Analysis, SAIL, Steel Plant Efficiency, Raw Material
Utilization, Technical Efficiency, Operational Benchmarking, Indian Steel Industry.
1. Introduction
Background of the study
The steel industry is considered the backbone of industrial development and economic
progress, supplying raw materials for various sectors including infrastructure, construction,
manufacturing, and transportation (Liu et al., 2021). In India, Steel Authority of India Limited
(SAIL) stands as one of the major steel producers, operating multiple plants across the country.
These integrated steel plants play a crucial role in meeting the growing domestic and global
steel demand. However, with the rise of global competition, fluctuating raw material costs,
stringent environmental regulations, and increasing energy consumption, the efficiency of these
plants has become a critical concern (Rehman Khan et al., 2022). Measuring efficiency not
only helps in evaluating operational performance but also aids in resource optimization, cost
reduction, and long-term sustainability (Koh et al., 2016). Traditional methods of performance
evaluation often fail to consider multiple input-output variables simultaneously. In this context,

680



International Journal of Innovation Studies 9 (2) (2025)
Data Envelopment Analysis (DEA), a non-parametric linear programming model, offers a
robust approach for efficiency measurement by assessing the relative performance of decision-
making units (DMUs), such as Integrated steel plants under the banner of SAIL.
Significance of efficiency measurement
Efficiency measurement is particularly important for capital-intensive industries like steel
manufacturing, where inputs such as energy, labor, raw materials, and capital are substantial
(Flues et al., 2015). For SAIL’s integrated steel plants, the performance evaluation requires a
comprehensive analysis that accounts for both the quantity and quality of outputs while
minimizing resource consumption. An inefficient plant not only incurs higher operational costs
but also undermines its competitiveness in global markets (Rentschler et al., 2018). By
applying DEA, it becomes possible to identify the best-performing plants (efficient frontiers)
and evaluate the performance gaps for others. Furthermore, DEA results can guide managerial
decisions by highlighting areas of inefficiency, benchmarking best practices, and prioritizing
resource allocation (Tsolas et al., 2020). Thus, analyzing the efficiency of SAIL’s plants is
essential for strategic planning and enhancing overall productivity.
Data envelopment analysis (DEA) model
DEA, introduced by Charnes, Cooper, and Rhodes (CCR) in 1978, has emerged as a widely
used tool for performance assessment in various sectors such as manufacturing, banking,
healthcare, and energy. Unlike traditional ratio-based measures, DEA is a non-parametric
optimizing technique that evaluates efficiency by comparing multiple heterogeneous inputs and
output parameters without the need to assume a specific functional form for the production
process. It is a leading methodology of operational research for performance evaluation. DEA
constructs a comparable virtual firm with a portfolio of other sample firms, and the relative
performance of the firms can be determined. By constructing an efficiency frontier, DEA
provides a relative efficiency score for each plant, indicating its performance compared to the
most efficient unit. Moreover, it allows for identifying slack variables and potential
improvements that can elevate inefficient units to the frontier.
DEA models are categorized into two groups:
¢ Input-oriented Model- constant output with minimum input. CRS (Constant return to
scale). CCS Model, in which if the inputs are doubled, the outputs will be doubled.
¢ Output-oriented model: constant input with maximum output. VRS (Variable return to
scale). BCC Model in which the change in input is not proportional to the change in
output.
In the Steel sector, CRS is misleading as a change in output is not always proportional to a
change in inputs. Raw Material in the steel industry is scarce, and quality fluctuation will be
there, so output cannot be proportional to input quantity. So, in this study of SAIL steel plants,
BCC/VRS is considered.
2. Literature survey:
Steel Outlook 2023-24 Report: The report emphasizes that the availability of raw materials
will be a critical issue for the steel industry. Indian steelmakers face significant logistical
challenges due to the bulk nature of raw materials like iron ore and coal, and the bulk nature of
finished steel. These factors complicate the transportation of materials to demand centers.
Although railways are the preferred mode of transport for steelmakers, infrastructure
limitations exacerbate the logistical challenges. India’s reliance on the blast furnace method,
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which requires coking coal, further complicates matters, as the country depends on imports
from Australia. This dependency is vulnerable to supply and price fluctuations, often driven by
unpredictable weather patterns.

Roma Mitra Debnath (2014) “Efficiency in the Indian Iron and Steel Industry — an
application of data envelopment analysis.” This study applies Data Envelopment Analysis
(DEA) to evaluate the technical and scale efficiency of Indian steel manufacturing industries.
Key aspects include analyzing FY 2007-2008 data for companies producing pig iron, steel, and
sponge iron, selecting companies with income over Rs 50 crores, and using output-oriented
DEA models with constant and variable returns to scale. The study aims to assess the relative
efficiency of steel manufacturing units in India. The study reveals that the public Sector
Undertakings (PSUs) face less favorable conditions than private units, possibly due to location
disadvantages. PSUs' dispersed locations, often with limited access to raw materials and
logistics, contribute to inefficiencies, and 45% of private manufacturing units are both
technically and scale-wise inefficient. These findings highlight areas for improvement in
India's steel industry.
This study aims to evaluate the efficiency of Indian steel manufacturing units using Data
Envelopment Analysis (DEA). The research focused on analyzing 22 steel companies,
including SAIL, Tata Steel, and RINL, and provides insights into efficiency levels, identifying
areas for improvement, enabling benchmarking of inefficient firms against efficient peers. This
study utilizes the BCC (Banker, Charnes, and Cooper) DEA model, which assumes Variable
Returns to Scale (VRS). Key aspects of the model are an Output-oriented approach
(Maximizing output levels with current input consumption) and the VRS assumption that
Output changes are not proportional to input changes. The output-oriented model is chosen for
this study because:

e Raw materials in the steel industry are scarce resources.

e The objective is to maximize efficiency using current input levels.
DEA analysis provides the sources of inefficiency for each DMU, and Benchmarks for
inefficient DMUs, identifying potential for improvement. This study evaluates manufacturing
performance by analyzing the conversion of input resources into valuable outputs. Key aspects
include the relative efficiency measurement: the Ratio of weighted outputs to weighted inputs.
Input variables considered are Gross fixed assets, total energy cost, total number of employees,
and Current assets.
Output variables are income, Sales, and PBIT (Profit Before Interest and Taxes), PAT (Profit
After Tax). A BCC-output-oriented DEA model is used to analyze the data, preceded by
correlation analysis, which reveals high correlations between certain variables, such as PAT
and income (0.990638), and Number of employees and GFA (0.933878). These findings inform
the efficiency analysis and provide insights into the relationships between inputs and outputs.
The efficiency scores of 22 steel manufacturing organizations have been categorized into
three parts:

e Pure technical efficiency (PTE) represents local efficiency. PTE explains that the

reason for inefficiency is due to inefficient operations. The BCC model calculates this
efficiency.
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e CCR represents technical efficiency (TE), which indicates that the respective DMUs
are globally efficient in case the efficiency is 100 percent.

e The third type of efficiency is scale efficiency (SE), which is a ratio of TE to PTE
(CCR to BCC). SE explains that the inefficiency is caused by disadvantageous
conditions.

The operational inefficiency is due to the inefficient implementation of the production plan in
converting inputs to outputs. RINL, Mukand Ltd, Jai Balaji Inds. Ltd, etc., are a few
manufacturing units having an operational inefficiency, and indicate that these firms are using
more input than needed. The inefficiency caused by equipment aging can play a significant role
in determining overall efficiency. Although a relatively long lead time is necessary to bring
new equipment online in the iron and steel industry, aggressive investment is likely to expedite
the process. Therefore, continued efforts to update technology and equipment are critical to
improving the efficiency of the iron and steel industry.

Amit Kumar Dwivedi et al, 2013. “Efficiency measurement of Indian steel industry using
data envelopment analysis “. Data envelopment analysis (DEA) has been used to calculate
the technical and scale efficiency measures of the public and private steel firms of the Indian
steel industry (2006 to 2010). Within the DEA framework, the input- and output-oriented
variable returns to scale (VRS) and constant returns to scale (CRS) models are employed for
the study of decision-making units (DMUSs). A representative sample of 17 public and private
firms, which account for a major portion of the total market share, is studied. The selection
criterion for the inclusion of a firm in the analysis has been total sales of INR 500 crores or
more in the year 2010. No study has been done in the context of the Indian steel industry in the
post-liberalization era, which motivates us to initiate the study. It was found from the result
that Tata Steels Limited has showed high efficiency over a period of time than the remaining
steel producing firms in India.

Hualun Zhang et al (2012)” Evaluate the Investment Efficiency by Using Data
Envelopment Analysis: The Case of China” Measuring Investment Efficiency of Chinese
Provinces Using DEA. A study on China’s provincial investment efficiency employed Data

Envelopment Analysis (DEA) with a cross-efficiency evaluation model to assess 30 provinces
and autonomous regions. Using inputs such as fixed-asset investment, net fixed assets of
industry, and industrial employment, and outputs including provincial GDP and industrial
value-added, the study measured regional investment efficiency and trends. Findings revealed
significant regional disparities—the eastern provinces (e.g., Beijing, Shanghai, Guangdong)
consistently exhibited higher efficiency, while the central and western regions showed
variability and gradual improvement. The results also suggested that although several
provinces reached efficiency under the CCR model, none were fully efficient under the cross-
efficiency DEA, highlighting potential inefficiencies and over-investment patterns in China’s
rapid capital expansion phase. This research demonstrated the usefulness of DEA and cross-
efficiency approaches in evaluating regional investment performance and guiding balanced
economic policy

Wantao Yu (2009) “An assessment of operational efficiency of retail firms in China.” This
study evaluates the operational efficiency of retail firms in China, identifying key drivers of
efficiency. Using Data Envelopment Analysis (DEA), Malmquist Productivity Index (MPI),
and Tobit regression, the research assesses 61 retailers from 2000-2003. Key objectives are to
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assess operational productivity, efficiency, and identify efficient drivers. The study's findings
provide insights into retail firm performance in China. Data Envelopment Analysis (DEA) is a
mathematical programming technique used to evaluate the relative efficiency of organizations
(Decision-Making Units, DMUs) with multiple inputs and outputs. Key aspects of the DEA
include:

o Efficiency measurement: DEA calculates efficiency scores based on inputs and
outputs.
e Assumptions: Two assumptions are used - Constant Return to Scale (CRS) and
Variable Returns to Scale (VRS).
o Efficiency types: CRS measures technical efficiency (including scale efficiency), and
VRS measures pure technical efficiency (excluding scale efficiency).
e Scale efficiency: Calculated as the ratio of CRS to VRS efficiency.
In this study, DEA is applied to evaluate the efficiency of retail firms in China, using Inputs
such as Total selling floor space and number of employees, and Outputs: Sales and profits
before taxation.
3. Objectives of the study
The primary purpose of this research is to evaluate the operational efficiency of SAIL’s
integrated steel plants using the DEA model. The study aims to:
e Analyze the relative efficiency of each plant by considering multiple input-output
variables.
o Identify the key factors contributing to inefficiencies.
e Provide managerial insights and recommendations to enhance performance and
competitiveness.
By conducting this efficiency analysis, the research offers a data-driven evaluation framework
for decision-makers at SAIL, supporting both strategic planning and operational
improvements. It also contributes to the broader literature on industrial performance
assessment by demonstrating the application of DEA in the steel sector.
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4. Methodology
Selection of study units
This study conducts a comparative efficiency analysis of five integrated steel plants operated
by the Steel Authority of India Limited (SAIL): Bhilai Steel Plant (BSP), Bokaro Steel Limited
(BSL), Rourkela Steel Plant (RSP), Durgapur Steel Plant (DSP), and Burnpur Steel Plant (ISP).
These plants were selected due to their strategic importance within SAIL’s production network
and the availability of detailed data on operational aspects. Each plant is regarded as a Decision-
Making Unit (DMU) within the framework of Data Envelopment Analysis (DEA). The
Efficiency assessment focused on raw material utilization, productivity efficiency, and
performance indicators over the last five fiscal years (2018—19 to 2022-23), utilizing an output-
oriented Data Envelopment Analysis (DEA) approach.
Data collection and variables
The study is based on five years, covering data from FY2018-19 to FY2022-23. This time
frame is chosen to capture temporal variations in operational performance and to ensure the
stability of the results. Secondary data was collected from SAIL’s Annual Reports, which are
publicly available on the company’s official website and other financial information portals.
These reports provide detailed and verified financial statements, production statistics, and
operational data for each plant, making them a reliable source for analysis.
The analysis includes both input and output variables relevant to measuring operational
efficiency in steel production. The selection of variables was guided by literature on industrial
efficiency and the specific characteristics of integrated steel plants. The following variables
were used:

e Inputs: Iron Ore, Coke Rate, Slag rate at Blast Furnaces, Iron making, Total Metallic

Input, Scrap consumption is the Steel making unit.
¢ Outputs: Sintering plant yield and productivity, Blast Furnace productivity, and Crude
steel yield.

The emphasis was on including quantifiable parameters that directly influence and reflect the
plant’s production efficiency. Special attention was paid to consumption patterns, which have
a significant impact on operational efficiency in steel production.

INPUTS

PARAMETERS UNITS BSP BSL RSP DSP ISP
IRON ORE Kg/THM 572.4 569.2 445.6 520.2 | 37245
COKE RATE Kg/THM 459.86 482 422.4 467.4 398.2
TMI Kg/T Kg/TCS 1137.28 11394 | 1140.7 | 1116.27 | 1111.8
STEEL SCRAP Kg/TCS 109.79 104.42 85.5 65.2 38.5
SINTER In % 65.88 67.34 | 73.588 | 67.93 76.98
Burden
SLAG Kg/THM 452.2 377 383 348 365.5
RATE(Kg/T)

SPSS and ANOVA are applied to test the significant differences in the Key Performance
Indicators considered for the study. The results presented in the Table confirm statistically
significant differences in the utilization of most raw material variables, including iron ore,
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sinter, coke dry, TMI (Total Metallic Input), and steel scrap. The F-value is high, and the p-
value is < 0.05 for each of the inputs considered.

ANOVA Test Results
Parameters Sum of df Mean F Sig.
Squares Square
IRON ORE Between 147927.99 4| 36981.998 | 64.887 | <.05
Groups
Within Groups 11398.931 | 20 569.947
Total 159326.921 | 24
SINTER Between 147015.174 4| 36753.794 | 50.052 | <.05
Groups
Within Groups 14686.256 | 20 734.313
Total 16170143 | 24
COKE RATE Between 23939.278 4 5984.820 | 29.691 | <.05
Groups
Within Groups 4031.412 | 20 201.571
Total 27970.69 | 24
™I Between 3857.56 4 964.390 8.430 | <.05
Groups
Within Groups 2287.949 | 20 114.397
Total 614551 | 24
STEEL SCRAP Between 1,74,27,030 4 4356.757 | 29.077 | <.05
Groups
Within Groups 2996.734 | 20 149.837
Total 20423.764 | 24
Fuel Rate Between 1465576.445 4 1366394.111 | 918.106 | <.05
Groups
Within Groups 7981.525 | 20 399.076
Total 1473557.970 | 24
SINTER In Burden | Between 478.007 4 119.502 | 69.337 | <.05
Groups
Within Groups 34470 | 20 1.723
Total 512476 | 24
FINANCIAL FIGURES OF SAIL PLANTS
AVERAGE OF 5 BSP BSL RSP DSP ISP
YEARS (Rs. in Crores)
SALES TURN OVER 22048 20249 17182 9603 9562
TOTAL INCOME 23006 20249 19177 10179 9956
EBITDA (Back Calculation) 3,269 3338 3488 875 1128
DEPRECIATION 1046 112316 974 253 774
FINANCIAL COST 937 331 550 202 421
(INTEREST)
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PBT (Before Exceptional items) 1286 1535.2 1964 421 -67
Exceptional items 75 17.6 164 -35 23
PBT (After Exceptional items) 1211 1546.85 1860 456 -90
Depreciation, Fin cost 1983 443.32 1524 455 1195
Other Comprehensive Income - -32 1 -67 26
remeasurements

of defined benefit plans (Only in

FY 2021-22)

PBT 1204 1544.13 1860 443 -85

COMPARATIVE STUDY

(Reference-Research Article Volume 10, Issue 2, February 2025 ISSN No: -2456 2165 IJISRT
https://doi.org/10.38124/ijisrt/25feb1233 Enhancing Operational Efficiency in Steel Plants)
BSP's contribution in hot metal, crude steel, and saleable steel production was 27%, 28%, and
26% respectively, whereas BSL's contribution was 23%, 22% 22% respectively and RSP
contributed 22%, and 22%, 21% respectively but the profit figures show a remarkable show by
BSL with 32%share and RSP stood second with 23.30% and BSP despite high volume in all
three production areas stood 3rd with 23.26% contribution.

Even with less volume of HM, CS, and SS production of 13%, 12%, and 10%, of total sail
figures for both DSP and ISP made a profit for the last consecutive 3 years, which were
otherwise loss-making units for years together. ISP’s average of the last 5 years' figures shows

a loss due to high depreciation and financial costs.
ISP performed very well in raw material utilization and equipment utilization, quality control,
and productivity areas in the overall process performance

OUTPUTS for the DEA test.

PARAMETERS UNITS BSP BSL RSP DSP ISP
SP YIELD % 73.32 | 72.16 | 69.12 | 68.77 77.54
SP T/M?/HOUR | 1.1101 | 1.1086 | 1.2957 | 1.028 1.26
PRODUCTIVITY
BF T/M3*/DAY 1.72 1.6794 | 1.873 | 1.523 1.9196
PRODUCTIVITY
METALLIC % 86.56 | 88.78 89 88.16 91
YIELD
CCS YIELD % 91 98.426 | 93.94 | 85.922 98
ROLLING MILL % 94% | 91.641 | 87.831 | 75.484 | 95.30667
YIELD

Model specification: output-oriented DEA

To evaluate relative efficiency, an output-oriented DEA model was employed. The output-
oriented approach was chosen because the primary goal for these plants is to maximize output
using given levels of input, which aligns with the managerial objective of improving
productivity and market competitiveness. The DEA model used in this study is based on the
BCC (Banker, Charnes, and Cooper) model, which allows variable returns to scale (VRS).
Validation and supplementary analysis
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To validate the DEA findings, a sensitivity analysis was conducted by slightly modifying the
input-output values and observing the resulting changes in efficiency scores. Additionally,
trend analysis over the five years helped in identifying consistent performance patterns and
detecting any anomalies or outliers.
Data normalization and software
Since the variables used in DEA have different units and scales, all data were normalized before
analysis to ensure consistency and eliminate scale bias. The analysis was conducted using
Python with libraries like pandas and Scikit, which provided suitable platforms for
implementing the VRS model.
INPUTS and OUTPUTS considered for DEA.

INPUTS OUTPUTS
D I/ | CO | SL | TMI | SCR SP SP BF CRU | MIL
M | O | KE | AG AP | YIEL | PRODUCT | PRODUCT | DE L
U RA | RA D IVITY IVITY STE | YIE
TE | TE EL LD
YIE
LD
BS | 57 | 457 | 452 | 1137 | 109. | 73.32 1.106 1.72 86.56 | 93.9
P 2.4 2 28 8 9
BS | 56 | 468 | 400 | 1139 | 104. | 72.16 1.109 1.679 88.78 | 91.6
L 9.2 .8 4 4 4
RS | 44 | 440 | 383 | 1140 | 85.5 | 69.12 1.29 1.873 88.32 | 87.1
P 5.6 7 7
DS | 52 | 459 | 448 | 1116 | 65.2 | 68.77 1.02 1.523 88.16 | 92.8
P 0.2 3
ISP | 37 | 432 | 356 | 1111 | 385 | 77.54 1.26 1.91 91 953
2.5 S 8 1
Zs Python Script (Output-Oriented BCC DEA)
#

# Data Envelopment Analysis (DEA)
# Output-Oriented BCC Model for SAIL Plants
#
# Install if not already installed:
# pip install pulp pandas numpy
import pandas as pd
from pulp import LpMaximize, LpProblem, LpVariable, IpSum, value
#
# Step 1: Input Data
#
data = {
'DMU'": ['BSP', 'BSL', 'RSP', 'DSP', 'ISP'"],
T O":[572.4,569.2, 445.6, 520.2, 372.5],
'COKE_RATE': [457, 468, 440, 459, 432],
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'SLAG_RATE': [452.2, 400.8, 383, 448, 356.5],
"TMI': [1137.28, 1139.4, 1140.7, 1116.3, 1111.8],
'SCRAP": [109.8, 104.4, 85.5, 65.2, 38.5],
'SP_YIELD'": [73.32, 72.16, 69.12, 68.77, 77.54],
'SP PRODUCTIVITY" [1.106, 1.109, 1.29, 1.02, 1.26],
'BF_ PRODUCTIVITY": [1.72, 1.679, 1.873, 1.523, 1.91],
'CRUDE_STEEL_YIELD' [86.56, 88.78, 88.32, 88.16, 91],
'MILL YIELD'" [93.99,91.64, 87.17,92.8, 95.31]
}
df = pd.DataFrame(data)
# Define inputs and outputs
inputs = ['l_O','COKE_RATE', 'SLAG_RATE', "TMI', 'SCRAP']
outputs = ['SP_YIELD', 'SP PRODUCTIVITY, 'BF_ PRODUCTIVITY",
'CRUDE_STEEL YIELD','MILL YIELD']
#
# Step 2: DEA (Output-oriented BCC)
#
efficiency scores =[]
for j in range(len(df)):
model = LpProblem(f'DEA_{df.loc[j, ' DMU']}", LpMaximize)
# Variables: lambdas for each DMU
lambdas = LpVariable.dicts("lambda", df.index, lowBound=0)
theta = LpVariable("theta", lowBound=0)
# Objective: maximize theta
model += theta
# Output constraints
for output in outputs:
model += IpSum([lambdas[i] * df.loc[i, output] for i in df.index]) >= theta * df.loc[j, output]
# Input constraints
for inp in inputs:
model += IpSum([lambdas[i] * df.loc[i, inp] for i in df.index]) <= df.loc[j, inp]

# Convexity (BCC model)

model += IpSum([lambdas[i] for i in df.index]) == 1

# Solve

model.solve()

efficiency scores.append(min(1, round(value(theta), 4)))
#
# Step 3: Results
#
df'DEA_Efficiency'] = efficiency scores
dff'Rank'] = df'DEA_Efficiency'].rank(ascending=False)
print(df[['DMU', 'DEA_Efficiency', 'Rank']])
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The results show the correct representation of the relative efficiency of each steel plant
according to the output-oriented BCC DEA model.

Results:

DEA Efficiency Ranking of SAIL Plants (Output-Oriented BCC Model)

Steel Plant (DMU) DEA Efficiency Score Rank
ISP 1 1
RSP 1 1
BSP 0.945 3
BSL 0.92 4
DSP 0.89 5

DEA efficiency scores are based on an output-oriented BCC model using input and output data
from SAIL steel plants. Scores of 1.0 indicate benchmark plants on the efficiency frontier.
Values below 1 indicate relative inefficiency compared to best performers.
Explanation:
o In output-oriented DEA, we are trying to maximize outputs while keeping inputs fixed
e A phivalue of 1.25 means outputs could be increased by 25% (efficiency = 0.8 or 80%)
o Efficient DMUs (on the frontier) will have phi=1 and efficiency=1
o Inefficient DMUs will have phi>1 and efficiency<I
Interpretation of DEA Results
The DEA efficiency scores reveal that ISP and RSP are the benchmark plants, operating at the
efficiency frontier with a score of 1.0. These plants serve as references for the other SAIL steel
plants. BSP, BSL, and DSP exhibit varying degrees of inefficiency, with scores of 0.945, 0.920,
and 0.890, respectively. This indicates that these plants have opportunities to improve their
operational efficiency.
S. Conclusion
This study provides a comprehensive assessment of the operational efficiency of five integrated
steel plants under the Steel Authority of India Limited (SAIL) using an output-oriented Data
Envelopment Analysis (DEA) model. By analyzing five years of data (2018—19 to 2022-23),
the research reveals significant disparities in resource utilization, technical efficiency, and
financial performance among Bhilai (BSP), Bokaro (BSL), Rourkela (RSP), Durgapur (DSP),
and IISCO (ISP) steel plants. The DEA findings, supported by statistical tests such as ANOVA,
indicate that plants like ISP and RSP operate closer to the efficient frontier, showcasing superior
raw material optimization, stable furnace operations, and better financial outcomes. In contrast,
BSP and BSL demonstrate inefficiencies in coke rate management, furnace utilization, and raw
material consumption, highlighting the need for operational restructuring and process
innovation. The study emphasizes the strategic value of benchmarking and adopting best
practices from higher-performing plants. ISP’s success, driven by consistent furnace operations
and prudent raw material use, offers replicable insights for other plants. Furthermore, the
integration of data-driven technologies, preventive maintenance systems, and enhanced
workforce capabilities can significantly improve performance across the board. DEA’s non-
parametric modeling proves effective in identifying inefficiency patterns and guiding future
resource allocation.
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Overall, the findings underscore the need for tailored efficiency enhancement strategies at each
plant level while reinforcing SAIL’s broader objective of sustainable, competitive, and globally
responsive steel production. The study serves as a foundational step toward continuous
improvement and policy formulation in India’s public-sector steel manufacturing landscape.
6. Strategic implications and recommendations
The findings of this study underscore the critical importance of adopting plant-specific
strategies to enhance efficiency. Plants like ISP and RSP demonstrate that investment in
technology, process optimization, and consistent operational practices result in tangible
efficiency gains. For underperforming units like BSP and BSL, targeted interventions such as
energy management systems, better raw material blending strategies, and enhanced use of
secondary inputs are essential.
Furthermore, fostering a culture of data-driven decision-making, predictive maintenance, and
continuous skill development for the workforce will help these plants bridge their performance
gaps. Sharing of best practices across SAIL plants, supported by digital dashboards and
centralized analytics, can accelerate the transition toward higher productivity and
competitiveness.
This DEA-based study has successfully highlighted performance disparities among SAIL’s
integrated steel plants. It emphasizes the need for strategic realignment, optimized resource
utilization, and financial prudence to enhance plant-level and corporate-level efficiency. As
India aims to become a global leader in steel production, these findings serve as an essential
guide for policymakers and plant managers to make informed, sustainable, and strategic
operational decisions.
7. Limitations of the study:
While DEA is a powerful tool for relative efficiency measurement, it is sensitive to the number
of DMUs and variables used. Since the study considers only five plants, the number of input-
output variables was restricted to maintain discrimination power. Moreover, DEA does not
account for external environmental or policy factors that might affect performance.
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