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Comparative analysis of the performance and
emissions of a multi-cylinder diesel engine using

biodiesel from underutilized feedstocks
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Ali A. Rajhi,® Sagr Alamri® and Md Kareemullah @ *f

In this work, an RSM-based DOE approach was adopted to investigate and perform a comparative study on
the performance and emission characteristics of a multi-cylinder transportation-type diesel engine running
at variable speeds using 20% biodiesel blends of Manilkara zapota (MZME), Bauhinia variegata (BVME),
Karanja (KME), and Simarouba (SME). The powerful desirability-based optimization technique was used to

optimize system performance while reducing emissions, thereby meeting the demands of sustainable

energy targets and stricter environmental regulations. To further validate the effectiveness of RSM, the

results were compared with the performance of several advanced machine learning (ML) algorithms,

including linear regression, decision tree, and random forest. It was found that the average reduction in
BP and BTE for the blends of MZME, BVME, KME and SME was approximately in the range of 3-6%, 7—
11%, 5-9% and 8-12%, respectively, whereas the increase in BSFC was 2%, 4%, 3% and 5%, respectively,

compared with the diesel fuel. The average reduction in the emissions of HC and CO was in the range of
30%, 15-22%, 20-27% and 7-15% for MZME, BVME, KME and SME blends, respectively, and for NO,
emissions, the average increase was found to be 6%, 17%, 10% and 20%, respectively, compared with the
diesel fuel. The random forest model demonstrated a lower MAPE than the other models, confirming its
superiority in predictive modeling, with respect to both generalization and accuracy balance. The
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outcomes also demonstrated that both RSM and ML were highly effective modelling tools, offering

accurate predictions of biodiesel performance and emission behaviour. The integrated experimental and

DOI: 10.1039/d5ra04352b

rsc.li/rsc-advances optimal biodiesel blend ratio.

1 Introduction

The growth and development of a nation are governed by its
energy-producing capacity. A proportion of this requirement is
fulfilled by fossil fuel sources. The modern man's complete
reliance on conventional fuel for transportation has made living
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predictive approach provided a robust framework for optimizing biodiesel formulations by identifying the

without petroleum extremely difficult. Mali et al.* stated that the
global oil reserves are expected to run out in the coming four
decades. Shahid and Jamal® mentioned that the transportation
fuel industry contributes to 54% of the total liquid fuel utili-
zation. The other major problem is that the excess utilization of
fossil fuels has a harmful impact on nature. It adversely affects
the environment, ecology and human health. The burning of
diesel fuel in vehicles leads to the formation of exhaust emis-
sions, such as carbon monoxide (CO), unburned hydrocarbons
(HCs), oxides of nitrogen (NO,), lead, sulfur oxide (SO,), and
particulate matters, which cause global climate change, an
increase in greenhouse gas (GHG) emissions, photo-chemical
smog, acid rain, ozone layer depletion, eutrophication and
deforestation, as reported by El-Seesy et al.® The pollutants from
diesel engines cause damage to crops, trees, and other vegeta-
tion by contributing to the creation of ground-level ozone.
Furthermore, these pollutants cause acid rain, which affects the
lakes, streams, and soil.* They also find their way into the
human food chain through meat, fish, and water. When coal is
burned, it releases a number of airborne toxins and pollutants.
They include mercury, lead, sulfur dioxide, nitrogen oxides,
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particulates, and various other heavy metals. Health impacts
can range from asthma and breathing difficulties to brain
damage, heart problems, cancer, neurological disorders, and
premature death. The combustion of natural gas produces
nitrogen oxides (NO,), which are precursors to smog, and small
amounts of sulfur, mercury, and particulates. EL-Seesy et al.’
mentioned that there is a pressing need for an alternative
source of energy that is economically feasible, environmentally
friendly and easily accessible. Alternative energy can be
produced from renewable sources, which are the best choice for
addressing the world's energy needs because of their vast
availability and great potential. Jayashri N. et al.® reported that
biofuels can be a potential alternative solution that decreases
the overall dependency on petroleum-based fuels while still
being able to be utilized near production sites. Ranganathan
et al.” and Verma et al.® mentioned that biodiesel is a promising
replacement for diesel fuel in the transportation sector because
it can be used in the current diesel engines without requiring
any modifications. It is a mixture of mono-alkyl esters derived
from vegetable oils. Biodiesel fuel has lots of advantages as it is
a sustainable, non-toxic, oxygenated, biodegradable, and sulfur-
free fuel with a higher cetane rating. In addition, the emissions
of HC, CO and smoke decrease when using biodiesel in diesel
engines, while there is quite an increase in NO, emissions, as
also mentioned by Chattopadhyay and Sen,” who conducted
experiments on a four-stroke, water-cooled, single-cylinder,
Kirloskar diesel engine with a 3.68 kW power at 1500 rpm
using biodiesel produced from cottonseed oil.

Biodiesel is widely obtained from the feedstocks of vegetable
oils, animal fats, algae and microalgae. Currently, the higher
cost of biodiesel generated from edible and non-edible oils is
one of the primary barriers to its commercialization. The other
concern is the cost of feedstock, which makes up 70% of the
overall cost of biodiesel production, as was stated by Kjirstad
and Johnsson."

The scientific pursuit of biodiesel as a viable alternative for
compression ignition engines has evolved from foundational
studies establishing fundamental performance characteristics
to contemporary research focused on sustainable feedstock
diversification. The pioneering works by Ramadhas et al.** and
Van Gerpen' established the inherent benefits of biodiesel,
including significant reductions in particulate matter (PM),
unburned hydrocarbons (HC), and carbon monoxide (CO)
emissions due to the oxygen content, while simultaneously
identifying the persistent challenge of increased nitrogen oxide
(NO,) emissions, creating the well-documented biodiesel NO,~-
PM trade-off. The theoretical foundation linking the molecular
structure to fuel performance was fundamentally established by
Knothe," who elucidated the structure-property relationships
governing fatty acid methyl ester (FAME) compositions and
their influence on combustion characteristics. Comprehensive
reviews by Atabani et al.™* and Mahmudul et al.** have consoli-
dated the understanding that biodiesel properties and engine
performance are intrinsically linked to feedstock fatty acid
profiles, with significant variations observed across different oil
sources. As sustainability concerns intensified, the field wit-
nessed a paradigmatic shift toward nonedible and
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underutilized 'second-generation' feedstocks to mitigate the
food-versus-fuel conflict, as highlighted by Agarwal*® and
Bhuiya et al.’” The recent systematic analysis by Mofijur et al.*®
(2019) has demonstrated that underutilized feedstocks can
achieve comparable or superior engine performance metrics to
conventional edible oil-based biodiesels while addressing
sustainability concerns. The contemporary reviews by Mitra
et al.” and Tamilselvan et al*® have emphasized the environ-
mental and socio-economic potential of nonedible feedstocks,
particularly their relevance to national biofuel policies and
regional energy security. The critical importance of process
parameter optimization for maximizing underutilized feedstock
potential was identified by Verma and Sharma,* while Demi-
rbas*® provided essential economic and policy contexts for
driving alternative biodiesel source development. Building on
these foundational and contemporary studies, the present
research addresses critical knowledge gaps in the comparative
performance evaluation of specific underutilized feedstocks in
multi-cylinder diesel engines, contributing to the growing body
of evidence supporting biodiesel resource base diversification
for enhanced energy security and environmental sustainability.

In many literature studies,** > various oil-bearing seeds have
been mentioned, including Jatropha,” mahua,” jojoba,*®
castor,” linseed,*® Manilkara zapota,** Pongamia pinnata," and
Simarouba.*> Some underutilized feedstocks, such as the seeds
of edible fruits like Manilkara zapota and nonedible seeds such
as Bauhinia variegata, Karanja and Simarouba, are often
considered one of the potential sources of biodiesel feedstock.
M. zapota seeds contain 25-30% oil. Kumar et al.*® reported the
maximum yield of 94.83% of M. zapota biodiesel under the
optimum conditions of a molar ratio of 6:1 (methanol to oil),
a catalyst KOH concentration of 1% (w/w), a reaction time of
90 min and a temperature of 50 °C. Kumar et al.** conducted
performance, combustion and emission analyses in an
unmodified diesel engine running with biodiesel from M.
zapota (B25 and B50) at a rated speed of 1500 rpm and
compared it with diesel fuel. The B50 blends exhibited 17%
higher brake thermal efficiency (BTE), 14.34% lower brake
specific fuel consumption (BSFC), and 34.21% and 4.32% lower
CO and HC emissions, respectively, than the diesel fuel. Agar-
wal and Dhar* studied the effect of various blends of Karanja
biodiesel on the performance, combustion and emission char-
acteristics of a DI-CI engine. The BTE and BSFC of Karanja
biodiesel were found to be lower than those of the diesel fuel.
The emissions of HC and smoke opacity of Karanja biodiesel
were reported to be lower than those of diesel, while its emis-
sions of CO and NO, were found to be higher than those of the
diesel fuel. Chauhan et al.*® also reported a lower BTE by 3-5%
of Karanja oil blends compared to neat diesel. The complete
combustion of fuel results in lower emissions of HC, CO and
smoke compared to the diesel fuel, but it results in an increase
in NO, emissions. Mishra et al®® investigated the effect of
Simarouba oil methyl ester at blending ratios of 10% and 20%
with the diesel fuel on a 3.5 kW DI-CI engine. At 100% load,
higher BSFCs by 1.81% and 3.51%, lower BTEs by 1.90% and
3.14% and higher EGTs by 2.76% and 3.82% were reported for
blending ratios of 10% and 20%, respectively, compared to the

© 2025 The Author(s). Published by the Royal Society of Chemistry
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diesel fuel. The emission analysis indicated 8-12% lower CO,
26.6-33.4% lower HC, 4.5-7.5% higher CO, and 4.2-8.3%
higher NO, emissions for both blends, respectively, compared
to diesel.

Performance and emission studies on a DI diesel engine
were performed by Kandasamy and Sundararaj®” with Simar-
ouba biodiesel. The maximum BTE was reported for the B20
blend of biodiesel. A higher BSFC of 0.3675 kg kW~ " h™" and
a lower BTE of 47.5% were observed for the B20 blend than for
the diesel fuel. CO, HC, CO, and smoke emissions, which were
0.038%, 16.6 ppm, 3.44% and 13.26% lower than those of
diesel, respectively, were reported. NO, emission was difficult to
control, which was slightly higher (1225 ppm) than that from
the diesel fuel. In recent research work, an effort has also been
made to use pyrolytic oil and gas fuel to reduce the dependency
on fossil fuels.*® Wu et al.*® used waste tyre pyrolysis oil, which
was combined with hydrogen gas, for fuel quality improvement.
The addition of hydrogen resulted in an improvement in
combustion, in addition to the reduction in CO, CO, and NO,.
Shirneshan et al*® developed an RSM-based mathematical
model with the inputs of the waste cooking oil (WCO) biodiesel
blend, engine load and speed to estimate the engine perfor-
mance, such as brake power (BP), brake torque (BT) and BSFC.
They found a decrease in BP and BT and an increase in BSFC
with an increase in the blending percentage of biodiesel. Javad
et al.*' explored the impact of using a mixture of diesel, bi-
odiesel, hydrogen, and Al,0; nanoparticles on diesel engine
performance and emissions. They found that increasing the
biodiesel proportion by 30% resulted in a significant decrease
in HC and CO emissions. Ali et al.** examined the influence of
biofuel and lubricating oil on the concentrations, size distri-
butions, and median diameters of PN and PM. They found that
as the engine temperature increased, the PN emissions rose for
all fuel types, while the average particle size decreased. Alireza
et al.® evaluated the influence of biodiesel blends and alcohol
on the performance and emission features of single-cylinder
diesel engines using RSM. They found that adding alcohol
into the mixture would reduce the BP by about 20%.

The selection of a B20 blend (20% biodiesel, 80% petrodie-
sel) for this investigation is rooted in its technical and
commercial relevance. B20 is widely regarded as an optimal
'drop-in’ fuel, offering significant emission reduction benefits
without necessitating major engine hardware modifications.*' It
is supported by international standards such as ASTM D7467
and is approved for use by numerous heavy-duty engine
manufacturers. While India's current mandate is B5, B20
represents a practical, next-step blending target and is the focus
of numerous fleet demonstrations aimed at achieving the
nation's long-term biofuel objectives.

In alignment with the global sustainability trends and
national policy, this study focuses on four promising non-edible
feedstocks: Manilkara zapota, Bauhinia variegata, Karanja (Pon-
gamia pinnata), and Simarouba. The reliance on such third-
generation biomass is a direct response to the critical ‘food
vs. fuel’ dilemma associated with first-generation biodiesels.*
This approach is strongly supported by India's National Policy
on Biofuels, which incentivizes the use of non-edible oilseeds
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cultivated on non-arable land to ensure national energy security
without compromising food production. While Karanja is an
established candidate, the investigation into less-characterized
feedstocks like Manilkara and Bauhinia is vital for diversifying
the feedstock portfolio and identifying robust, locally adapted
resources for sustainable biofuel production.

In most of the literature studies, the studies were carried out
under various loading conditions, but at a single engine speed.
In the current investigation, speeds are kept in the range of
1000-4000 rpm. The feedstocks are chosen for the study
because they are underutilized and limited research work has
been carried out on their engine performance and emissions.
The novelty of the study lies in the comparative study of the
selected feedstock in a multi-cylinder engine under various
speed conditions. The physicochemical characterizations of
biodiesels from all the feedstocks have been compared. Further,
the experimental analysis is performed on the diesel engine
using all four biodiesel fuels at a blending ratio of 20%, and its
performance (BP, BTE and BSFC) and emission (HC, CO and
NO,) characteristics have been evaluated and compared with
the engine running on the diesel fuel at different engine speeds.

While numerous studies have investigated the use of bi-
odiesel blends in internal combustion engines, a significant
research gap remains in the systematic integration of statistical
and machine learning (ML) techniques for comprehensive
performance and emission optimization. Most existing research
tends to emphasize either experimental investigations or the
application of individual modelling methods in isolation.
Experimental approaches, while valuable, are often limited by
time, cost, and the number of feasible trials. By contrast,
modelling studies frequently lack experimental validation or
fail to account for the complex, nonlinear interactions between
multiple variables such as blend ratio, injection timing, engine
load, and speed. Furthermore, few studies have explored how
statistical design tools like response surface methodology
(RSM) can be effectively combined with machine learning
algorithms to create a more accurate and generalizable predic-
tive framework. This lack of an integrated methodology limits
the ability to capture the full potential of biodiesel optimization
strategies. Therefore, there is a clear need for a hybrid approach
that not only models but also validates and refines predictions
using a combination of experimental data, statistical optimi-
zation, and data-driven machine learning techniques.

2 Materials and methods
2.1 Materials

Karanja oil seeds and Bauhinia variegata seeds were procured
from a local vendor in Delhi. M. zapota seeds were collected
from the Delhi Technological University campus. Simarouba
seeds were collected from a rural area in the Bhubaneshwar
district, Orissa, India.

2.1.1 Manilkara zapota (MZ) seeds. The MZ fruit is also
known by the name sapodilla. It is an evergreen tree and
drought-tolerant. It produces berry-type fruits with a width of 4-
8 cm. It is primarily cultivated for fresh consumption and is
commonly served as a dessert fruit. Each fruit holds up to 6
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seeds. It is grown on around 564 hectares in tropical and sub-
tropical lowlands. It is mostly found in Asian countries. Its
fruits and leaves are used for making a decoction for the
treatment of ulcers, fever, indigestion, hemorrhage, and
wounds. The seeds contain 23-30% oil, and they might be
considered as a potential feedstock for biodiesel production.**

2.1.2 Karanja seeds. The Karanja tree is available in all
parts of India. It can be commonly seen on roadsides and canals
to stop soil erosion. It is an evergreen and deciduous tree. Its
flowers are white, lavender or pink. Its pods contain 1-2 seeds.
The seeds contain 30-40% oil. They might be a good substitute
for diesel.*®

2.1.3 Bauhinia variegata seeds. Bauhinia variegata belongs
to the family of Leguminosae (Caesalpinioideae). It is also
known by other names such as Kachnar, mountain ebony and
camel's foot tree. It is an evergreen, deciduous tree, and it can
grow up to a height of 15 m. Its twigs are angled slender. Its
inner bark is fibrous, while the outer one is fissured and scaly.
Bauhinia variegata is spread across India, China, Myanmar,
Nepal, Pakistan, and Sri Lanka. Its flowers are vitamin C-rich. It
has a great use in Ayurveda, Unani, and homoeopathy medical
practice. Its bark and roots are used as medicine for the treat-
ment of scrofula, lymphadenitis, worm infestations, and skin
diseases and as an antidote for snake poison. Chemical
compounds such as triterpine, beflavone, flavonoids,
phenanthraquinone, saponin and flavonolglycoside are found
in its herbs, which are anti-inflammatory, antifungal and
antibacterial.*®

2.1.4 Simarouba seeds. The Simarouba tree belongs to the
family of Simaroubaceae. It is an evergreen tree with an average
height of 12-15 m. It is also called malacacheta, bitter wood,
maruba, paradise tree, and simaba. It is native to Mexico,
Jamaica, Cuba and the USA. Most parts of the tree are used in
the field as manure, medicine and fuel. It can be used in the
production of ethanol, cattle food, and the charcoal industry
and for making surfactants, soaps and detergents. It has good
medicinal properties, such as antibacterial, antidysenteric,
sudorific, and tonic.

2.2 Methodology

Four non-edible feedstocks were selected, namely, Manilkara
zapota, Bauhinia variegata, Karanja and Simarouba, for biodiesel
production. A Soxhlet extraction system was employed for oil
production from seeds. The fatty acid composition of the
produced oil was determined by GC. The transesterification
reaction was employed for biodiesel production from the oil. A
20% blend of biodiesel with diesel was used for performance
and emission analyses in a diesel engine. All experiments on the
CI engine were conducted three times under identical operating
conditions to ensure the repeatability and consistency of the
measured data. The values reported in this work represent the
average of these repeated trials. The variation between repeti-
tions was found to be negligible, thereby confirming the reli-
ability of the reported results.

2.2.1 Oil extraction. The seeds of Manilkara zapota (L.),
Karanja, Bauhinia variegata and Simarouba were kept in
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sunlight for moisture removal. After a few days, the dried seeds
were detached from the shell and ground. Then, they were
placed in the Soxhlet extraction system. For the extraction of oil,
petroleum ether (solvent) was mixed with the seeds, which
underwent repeated cycles of condensation and evaporation
processes. The extracted oil-solvent mixture was heated at 60 °C
for the separation of oil from the solvent. Sodium sulphate
anhydrous was mixed with the oil and further heated for the
removal of moisture. The seeds of M. zapota contain approxi-
mately 30-35% oil by weight. The percentage oil content in B.
variegata obtained is 19%. Simarouba fruit seeds contain
approximately 69% oil, while Karanja seeds contain 30% oil.

2.2.2 Determination of the fatty acid composition (FAC).
The FACs of M. zapota, Bauhinia variegata, Karanja and Simar-
ouba oils were determined by a GC-6890 EZ Chrome Elite gas
chromatograph. Before injecting, the oil sample was prepared
by mixing 67.53 g of it with 20 mL of a trans-methylene mixture
to form fatty acid methyl esters (FAMEs). Petroleum ether and
distilled water were then separated from the FAME. Further, it
was reconstituted with petroleum ether and then injected into
the GC. The temperature was kept at 100 °C for 2 minutes
initially and increased at a heating rate of 10 °C min~* to 240 °C.
After keeping it for 7 min, the carrier gas (N,) was supplied at 8
mL min~". A flame was produced by supplying hydrogen and air
at 50 and 400 mL min ", respectively. The FAC of the oil sample
was recognized by comparing its retention time with the stan-
dard FAME-37 mix. Table 1 shows the FACs of the selected oils,
i.e., Manilkara zapota, Bauhinia variegata, Karanja and Simar-
ouba oils. The unsaturated fatty acid content in the test fuels
followed the increasing order of Simarouba oil (57.6%), B. vari-
egata (63.58%), Karanja (80.4.%) and M. zapota (83.54%). Bi-
odiesel is said to be stable if the amount of unsaturated fatty
acid is less, which can also be its oxidation resistance indicator.

The performance and emission characteristics of the tested
biodiesel blends are fundamentally influenced by their fatty
acid compositional profiles, as presented in Table 1. The degree
of saturation varies from 16.46% in M. zapota to 42.1% in
Simarouba oil, while that of unsaturation ranges from 83.54% to
57.6%, respectively. These structural differences, particularly
the balance between saturated fatty acids (affecting the cetane
number and ignition quality) and unsaturated fatty acids
(influencing the fuel fluidity and combustion temperature),
create distinct combustion characteristics that manifest in the
observed engine performance and emission trends.

2.2.3 Production of biodiesel from oils. The free fatty acid
(FFA) contents of M. zapota, Karanja, B. variegata and Simarouba
oil were determined to be 1.76%, 8.5%, 1.8% and 2.8%,
respectively. Thus, a single-step transesterification (alkaline-
base catalyst) process was used to convert M. zapota, B. varie-
gata and Simarouba oils into biodiesel (because their FFA < 2%),
whereas a two-step transesterification process (acid-base cata-
lyst), ie., esterification, followed by a transesterification
process, was used to convert Karanja oil into biodiesel (because
its FFA > 2%).

2.2.3.1 Esterification process. In the esterification process,
the fatty acid was converted to methyl ester, which also lowered
its acid value. The 12 : 1 molar ratio was taken for methanol to

© 2025 The Author(s). Published by the Royal Society of Chemistry


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5ra04352b

Open Access Article. Published on 29 October 2025. Downloaded on 4/23/2026 7:12:05 AM.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

Paper

View Article Online

RSC Advances

Table 1 Fatty acid composition of M. zapota, Karanja, B. variegata and Simarouba oils

M. zapota Karanja B. variegata Simarouba

Fatty acids Chemical formula Degree of unsaturation oil oils seed oil oil
Palmitic Ci16H3,0, 16:0 14.2 11.8 20.10 11.3
Stearic Ci5H3,0, 18:1 2.26 7.8 15.31 30.7
Oleic CyH3,0, 18:2 63.83 52.30 25.92 52.8
Linoleic CyoH400, 20:0 18.20 16.6 37.11 2.5
Linolenic acid C18H3,0, 18:3 1.51 2.7 0.55 0.3
Arachidic — 20:0 — 1.9 — 1.7
Eicosenoic Cu0H 400, 20:1 — 1.2
Behenic acid — 22:0 — 4.6 0.3
Lignoceric — 24:0 — 1.1
> saturated fatty acids 16.46 19.60 35.41 42.1
> unsaturated fatty acids 83.54 80.40 63.58 57.6
Table 2 Total production cost/litre of biodiesel in Indian rupees

Manufacturing equipment Chemical Labour Total production
Types of seeds Cost of seeds cost (electricity, etc.) cost cost cost
M. zapota 25 6 5 5 41
B. variegata 50 6 5 2 63
Karanja 45 8 6 3 62
Simarouba 42 6 5 2 55

Karanja oil. The 2% (v/v) mixture of pre-heated oil and H,SO,
was maintained at 500 rpm for 2 h at 60 °C. The reaction
products were shifted to a separating funnel, and after a suffi-
cient settling time, the top layer (impurities, H,SO, and excess
alcohol) was separated from the bottom layer. The esterified oil
was then separated from water and methanol by keeping it
under vacuum conditions for 1 h at 95 °C in a rotary evaporator.

2.2.3.2 Transesterification process. In the transesterification
reaction (Fig. 1), biodiesel was produced by mixing the test oil
with 25% (v/v) methanol and a 1% (m/m) KOH catalyst and
keeping the mixture at 500 rpm for 2 h at 60 °C. The biodiesel
was shifted to a separating funnel for 6-8 h to separate it from
glycerol. After clearly seeing the top and bottom layers, the
bottom layer, which consisted of glycerol and impurities, was
removed. The biodiesel yields from Manilkara zapota, Bauhinia
variegata, Simarouba and Karanja oils were found to be 95%,
94%, 98.1% and 97%, respectively.

2.2.4 Biodiesel-diesel blends. In this investigation, the
blends of 20% biodiesel with diesel (i.e., 20% biodiesel + 80%
diesel) on a volume basis were prepared for the produced M.
zapota, B. variegata, Karanja and Simarouba oils and designated
as MZME20, BVME20, KME20 and SME20, respectively. The
impact of 20% blend on physicochemical properties of bi-
odiesel is observed and represented in Table 5.

2.3 Economic viability of biodiesel feedstock

2.3.1 Baseline production cost comparison. The cost of
making biodiesel is determined by a number of factors,
including chemical costs, manufacturing machinery costs,
labour costs, and the cost of biodiesel raw materials from
industrial sources. Table 2 shows the various costs associated

© 2025 The Author(s). Published by the Royal Society of Chemistry

with biodiesel production, such as electricity use. The produc-
tion cost of M. zapota biodiesel is the lowest among all selected
feedstocks.

The baseline analysis indicates that M. zapota is the most
economical feedstock, primarily due to its significantly lower
seed cost. The feedstock cost is clearly the dominant variable,
accounting for 61% of the total cost for M. zapota and rising to
79% for B. variegata. However, this represents a simplified
“gate-to-gate” assessment. A robust evaluation of commercial
viability must consider several external factors.

2.3.2 Influence of supply chain logistics and feedstock
availability. The “seed cost” in our analysis reflects the market
price at the time of purchase and does not include logistical
overhead. In a commercial scenario, the cost of collection and
transportation would be a major factor. For instance, Karanja is
widely available and often grown in semi-plantations, which
could streamline collection. In contrast, M. zapota seeds are
typically a horticultural waste product from scattered trees,
which would require a more complex and potentially costly
collection network. Furthermore, the oil yield of the seeds is
critical; a low-cost seed with a very low oil yield may be less
economical overall when processing costs per litre of the final
product are considered.

2.3.3 Impact of market and seasonal fluctuations. The
costs presented in Table 2 are a snapshot based on data from Q4
2024. In reality, feedstock prices are subject to significant
seasonal variations, with costs typically being the lowest during
the harvest season and increasing thereafter. For example, the
price of Karanja seeds can fluctuate by up to 30-40% annually.
Similarly, the costs of key chemical inputs like methanol and
sodium hydroxide are tied to volatile global commodity

RSC Adv, 2025, 15, 41621-41647 | 41625
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Fig. 1 Transesterification reaction.

markets. Therefore, the economic viability of any single feed-
stock would depend on strategic year-round sourcing and price
hedging, which are beyond the scope of this analysis but are
critical for industrial applications.

In conclusion, while M. zapota shows significant promise
based on its low direct input costs, its commercial success
would be contingent on developing an efficient collection
supply chain. This analysis highlights that for biodiesel to be
economically competitive, research and policy must focus not
only on conversion technology but also on optimizing the entire
feedstock supply chain.

2.4 Response surface methodology

When many independent variables affect a response, response
surface methodology (RSM) is a robust statistical tool used to
model and maximize processes. Analyzing and enhancing
complicated systems especially benefit from it. The approach
usually generates a second-order polynomial mathematical
model that explains the link between the input variables and

the intended result.*” RSM uses past data to enable response
prediction and optimization without requiring further experi-
mental designs. The method starts with choosing independent
variables depending on past data. These variables are method-
ically changed within their observed ranges to create a regres-
sion model most appropriate for the response surface. As
a multi-dimensional graphical depiction, the response surface
displays how variations in the inputs influence the output.
Depending on the aim, the best mix of input variables is sought
to maximize or decrease the response.*®

RSM's capacity to detect interactions between variables that
can greatly affect the result is a fundamental characteristic. In
particular, in non-linear systems, RSM offers a more accurate
depiction of how the factors affect the response by including
interaction and quadratic terms in the model. This prediction
ability enables scientists to modify variables to improve process
performance without further investigation.** Multi-objective
optimization is much aided by desirability. Each response,
when several are involved, becomes a desirability function,

Diesel Biodiesel
tank tank
Air Intake
0—> )
4-cylinder | - 7
Diesel B
Engine

Fig. 2 Experimental set-up.5®
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scaled from 0 to 1. A desirability score of 1 denotes the most
favorable outcome; a score of 0 denotes an undesired result.
Combining individual desirability for every response creates an
overall desirability score that lets researchers maximize every
response at once. Maximizing the general desirability guaran-
tees the best feasible result across all the goal variables in the
system.>°

2.5 Machine learning

2.5.1 Linear regression. A fundamental statistical method
used to approximate the relationship between a dependent
variable and one or more independent variables is linear
regression. The main objective is to derive a linear equation
that, given the independent variables, fairly forecasts the
dependent variable. In simple linear regression, this involves
developing an equation using parameters, like the intercept and
slope, that link the projected value to the independent variable.
The least squares approach is used to estimate the coefficients
of this equation, thereby reducing the sum of the squared
deviations between the observed and expected values.*
Multiple linear regression carries this idea forward to include
several independent variables, thereby enabling the evaluation
of their combined influence on the dependent variable.
Underlying linear regression are several presumptions: linearity
of relationships, independence of data, and homoscedasticity,

Table 3 Technical specification of the test engine

Make Telco, Model Tata Indica

Type 4 cylinder, 4 stroke, diesel, water-cooled

Rated power 39 kW at 5000 rpm

Torque 85 N m at 2500 rpm

Cylinder volume 1405 cc

Compression 22:1

ratio

Dynamometer  Type = eddy current, water-cooled, with a loading

unit
Load cell, type strain gauge, range = 0-50 kg
“Engine soft” engine performance analysis software

Load sensor
Software

Table 4 Range, accuracy and uncertainty of measurements

Measurements Instrument Accuracy
Engine power — +1.0%
Fuel consumption Level sensor +2.0%
Air consumption Turbine flow type +1.0%
BTE — +1.0%
BSFC — +1.5%

Table 5 Technical details of the emission analyzers
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that is, constant variance of residuals. Different criteria,
including the coefficient of determination and adjusted coeffi-
cient of determination, are applied to assess the performance of
the model. Furthermore, hypothesis testing on the coefficients
aids in the statistical relevance of the predictors, thereby
enabling the wise selection of variable inclusion in the model.*?

2.5.2 Random forest. In this study, Random Forest (RF)
was employed to strengthen the predictive modelling of engine
performance and emission features when using biodiesel
blends. While single decision trees are simple and easy to
interpret, they often suffer from over-fitting and may not
perform well on unseen data. Random Forest overcomes this by
building a collection of decision trees, each trained on
a random subset of the data, and then combining their
predictions to reach the final output. This ensemble approach
helps balance the trade-off between bias and variance,
improving the overall model accuracy and robustness.*

Each tree in Random Forest is trained using a technique
called bootstrap sampling, where it learns from a randomly
selected portion of the dataset (with replacement). Moreover, at
each decision point (or node) within the tree, only a random
subset of the features is considered. This intentional random-
ness—both in the data and feature selection—ensures that the
individual trees are diverse, reducing the likelihood that the
model will over-fit the training data.>*

For regression tasks like ours—predicting brake thermal
efficiency (BTE), brake specific fuel consumption (BSFC), and
emissions (e.g., No,, CO, and HC)—the final prediction from
Random Forest is obtained by averaging the outputs of all the
trees. This averaging smooths out fluctuations caused by any
single tree and produces more stable and reliable results.

One key advantage of Random Forest is its ability to identify
which input variables have the most influence on the output. In
this study, the algorithm helped highlight the relative impor-
tance of variables. This is especially helpful for researchers
aiming to fine-tune operating conditions or improve fuel
formulations.

Another practical strength of RF is that it works well even
when the dataset contains noisy, missing, or redundant
features. It also handles high-dimensional data without
requiring extensive preprocessing or manual feature selection.

To assess the model's performance, several metrics were
used, including root mean square error (RMSE), mean absolute
error (MAE), mean absolute percentage error (MAPE), and the
coefficient of determination (R?). The model consistently ach-
ieved high R* values (>0.95), showing that it could accurately
capture the complex relationships between input variables and
engine responses.

Emission analyzer Measuring range

Carbon monoxide (CO) 0-10% vol
Carbon dioxide (CO,) 0-20% vol
Hydrocarbon (HC) 0-20 000 ppm
Nitric oxide (NO) 0-5000 ppm

© 2025 The Author(s). Published by the Royal Society of Chemistry

Accuracy Percentage uncertainties
+0.02% vol +0.2

+0.03% vol +0.15

+15 ppm +0.2

+50 ppm +0.2
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2.5.3 Decision tree. A decision tree is like a flowchart that
helps make decisions based on data. Each decision starts at the
top (called the root), and as you move down, you follow different
paths (branches) depending on the answers to certain questions
or rules for the data. Each branch represents a decision rule,
and at the end of each branch (called a leaf), you find the final
outcome or prediction.

Building a decision tree begins by looking at the data and
picking the feature (or characteristic) that best helps to separate
the data into different categories. This is done by measuring
how much each feature helps reduce uncertainty. Think of it
like finding the feature that gives the clearest divide—one that
leads to the most accurate predictions. Common ways to
measure this include the Gini impurity or entropy,* both of
which essentially tell us how mixed up or impure the data is
after the split.

Once the best feature is chosen, the data gets split into
smaller groups, and the process repeats recursively for each new
group. This continues until certain rules are met—Ilike when the
tree gets too deep or when enough data points are not left in
a group to split further.

While decision trees are great because they are easy to
understand (you can literally follow the branches to see how
decisions are made), they do have a downside. If the tree is too
detailed, it can end up “memorizing” the data rather than
learning the general pattern, which is called overfitting. Over-
fitting happens when the tree gets too complex, and it performs
poorly on new, unseen data because it is too focused on the
specifics of the training data.

To prevent this, one of the main techniques used is called
pruning, which is just a fancy way of saying: we trim the tree by
cutting out branches that are not really helping with predic-
tions. This makes the tree simpler and better at handling new
data.
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Fig. 3 Brake power variation with engine speed.

Decision trees are very flexible because they can work with
both numerical and categorical data. This makes them perfect
for a wide range of tasks, from predicting if someone will click
on an ad (a classification problem) to forecasting the price of
a stock (a regression problem). Additionally, because they are
easy to understand, they are often used when it is important to
know exactly why a certain decision was made.

3. Experimental setup
3.1 Test setup

The experiments were carried out in a Telco, Tata Indica multi-
cylinder transportation-type diesel engine test rig. The engine
was coupled with an eddy current-type dynamometer. The
engine schematic diagram is depicted in Fig. 2.

Table 3 presents the technical details of the engine. A 20%
blend ratio of biodiesel from all feedstocks, namely, MZME20,

Table 6 Properties of M. zapota, Karanja, B. variegata and Simarouba oils and their biodiesel blends w.r.t. diesel

Test ASTM D6751
Property method and EN 14214 MZO KSO BVO SO MZME KME BVME SME MZME 20 KME 20 BVME 20 SME 20 Diesel
Density at 15°C D 1298 860-900 0.886 0.931 0.91 0.89 0.878 0.884 0.86 0.867 0.854 0.864 0.84 0.838 0.83
(kg m™?)
Viscosity at 40 °C D 445 1.9-6.0 33.8 38.7 21.43 49.56 4.7 4.5 4.3 4.1 3.3 3.1 3.2 3.72 2.91
(mm?s™)
Calorific value D240 — 39.1 38.3 37.12 35.5 40.2 39.1 39.15 37.8 43.12 42.2 42.7 41.458 44.85
(M] kg ™)
Flash point (°C) D 93 Min 120 271 226 200 235 179 168 187 162 85.4 78 89 67 71.5
CFPP (°C) D 6371 Max 19 — — 6 -3 -2 4 -7 —6 —-13
Pour point (°C) D97 —15 to 16 — -2 -2 14 -5 -4 -6 -8 -8 -7 -10  -14
Cloud point (°C) D 2500 —3to 12 — 2 5 17 -4 -5 3 -9 -7 —-16
FFA (%) D664 — 1.76 8.5 3.2 0.30 0.22 0.18 — — 0.014
Acid value D 664 Max 0.5 3.52 17 2.2 6.56 0.18 0.45 0.14 0.43 — — — 0.32 0.01
(Mgxon &)
Iodine value EN 14214 Max 120 64.95 86.2 84.5 66.15 90 81.2 — — — — —
(mgl,/100 g)
Saponification =~ — — 187 184 183.5 184 174 178.5 164.7 170 — — — —
value (mg g )
Cetane number D 613 Min 51 — 38.0 45 48.2  52.5 45 47 57.4 51.2 48 50 48.5 51.3
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BVME20, KME20 and SME20, was taken as the engine fuel.
Initially, the diesel fuel was used for starting and warming up
the engine. Then, it was switched to biodiesel fuel, ie., the
engine was then run with MZME20, and engine performance
and emission characteristics were recorded. Subsequently, the
engine was run with the blends of BVME20, KME20 and SME20
for the measurement of characteristics. The experiment was
performed within the 1000-4000 rpm range under full-load
conditions. For performance evaluation, the ‘Engine soft’ soft-
ware was used.

An AVL Di gas analyser was connected to the engine's tail
pipe for the measurement of engine exhaust emissions such as
HC, CO and NO,. A non-dispersive infrared (NDIR) sensor was
employed for HC and CO emission measurement, and NO, was
measured using a photochemical sensor. The range, accuracy
and uncertainty of measurements of the instruments are pre-
sented in Table 4.

Table 5 shows the technical details of emission analysers.

3.2 Uncertainty analysis

Uncertainty analysis is the quantification of the error that
occurs during experimentation. The sources of errors are
equipment calibration, selection, ambient conditions, etc. The
percentages of uncertainty for the measurement of BTE, BSFC,
HC, CO and NO, are shown in Tables 4 and 5. The overall
uncertainty can be calculated using eqn (1):
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4. Results and discussion
4.1 Properties of selected oils and their biodiesel

Standard techniques were applied for properties determination
of Manilkara zapota, Karanja, Bauhinia variegata and Simarouba
oil biodiesel. The properties of the test fuel oils, their biodiesel
and 20% blends are shown in Table 6. The CV and cetane index
number of MZ biodiesel are superior to those of other
biodiesels.

4.2 Performance and emission features

4.2.1 Brake power (BP). Fig. 3 depicts the change in the BP
with engine speed for all the test blends of MZME20, BVME20,
KME20, SME20 and neat diesel. The engine running with diesel
shows a higher BP than that running with all biodiesel feed-
stocks. A similar trend was found by Ileri et al.>” Similarly, Ali
et al.*® found the same trend for BP; they conducted an experi-
ment using a four-cylinder diesel engine fuelled with palm oil
biodiesel and found a BP lower by 0.5-2.7% for the B10-B30
blend ratios compared to the diesel fuel. An increase in the
value of BP is observed with an increase in engine speed up to
3000 rpm for all test fuels, and above this speed, the BP
decreases due to the higher friction effect. At 3000 rpm, the
values of BP (in kW) are found to be 28, 26.38, 26, 25 and 24.6 for
diesel, MZME20, BVME20, KME20 and SME20, respectively. The
higher density and viscosity and lower CV of biodiesel are the
possible reasons for its lower BP than that of neat diesel. The
average reductions in the BP for MZME20, BVME20, KME20 and

Overall uncertainty (%) =

[uncertainty of (BTE)> + (BSFC)’+ (CO)’+ (HC)’+ (NO,)

[
= =

.835

[(i1)2+ (£1.57 + (£0.2)> + (£0.2)° + (+0.2)*

Table 7 ANOVA results for engine performance

BTE BSFC
Source Sum of squares Fvalue p-Value prob > F Sum of squares F value p-Value prob > F
Model 224.37 91.94 <0.0001 36289.94 146.99 <0.0001
A-speed 0.09 0.32 0.58 0.41 0.01 0.90
B-LCV 0.46 1.69 0.21 43.82 1.60 0.22
C-BP 0.07 0.26 0.62 2.24 0.08 0.78
AB 0.25 0.91 0.35 63.19 2.30 0.15
AC 0.81 2.99 0.10 10.87 0.40 0.54
BC 0.01 0.05 0.82 224.01 8.17 0.01
A? 8.07 29.78 <0.0001 817.84 29.81 <0.0001
B? 0.21 0.77 0.39 92.76 3.38 0.08
c> 0.01 0.04 0.85 178.42 6.50 0.02
Residual 4.88 493.77
Cor total 229.25 36783.71

© 2025 The Author(s). Published by the Royal Society of Chemistry
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SME20 blends are found to be approximately 6%, 11%, 9% and
12%, respectively, compared to the diesel fuel.

4.2.2 BTE model. The ANOVA result for the BTE is listed in
Table 7. With an F-value of 91.94 and a corresponding p-value of
less than 0.0001, the analysis of variance (ANOVA) for the
quadratic response surface model of brake thermal efficiency
(BTE) reveals that the model is really highly significant. This
suggests that a good amount of the response's fluctuation is
explained by the model. While the adjusted R-squared (0.9681)
and predicted R-squared (0.9522) values are in great agreement,
verifying the predictive power of the model, the low residual
sum of squares (4.88) and high R-squared value (0.9787) point to
a solid match. While other components like 4, B, and C (brake
power) are not significant, the important term 4> (speed
squared) with a p-value of less than 0.0001 reveals a quadratic
relationship with BTE. Confirming that the model is sufficient
for design space exploration, the accuracy of precision—
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measuring the signal-to-noise ratio—is 30.362, much higher
than the intended threshold of 4.

BTE = 478.5 + 0.03speed — 23.99LCV — 0.155BP — 0.00039speed
x LCV + 0.0004speed x BP — 0.0145LCV x BP
— 0.0000038speed” + 0.31LCV?> — 0.004BP>

The variation in the BTE with a change in engine speed is
presented in Fig. 4. The BTEs of biodiesel fuels are observed to
be lower than those of neat diesel. The possible reason is the
higher viscosity and density and lower CV of biodiesel fuel
compared to neat diesel. The same trend for the BTE was
explained by Nantha et al.,”® who conducted an experiment in
a 4.4 kW, constant-speed, four-stroke DI diesel engine running
on biodiesel produced from waste cooking oil in the ratio
ranging from B20 to B100. With an increase in engine speed, the
BTE value increases but up to 3000 rpm; after that, it shows
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a decreasing trend. At 3000 rpm, the BTEs are reported to be
23.5%, 23%, 22.8%, 22.6% and 22.3% for diesel, MZME20,
BVME20, KME20 and SME20, respectively. Among the different
biodiesel feedstocks, MZME20 shows a superior BTE. This is
attributed to the higher volatility and lower viscosity of MZME,
which leads to better atomization and results in better mixing.
The blends MZME20, BVYME20, KME20 and SME20 present the
average reductions in the BTE by around 2%, 6%, 4% and 8%,
respectively, compared to the diesel fuel.

4.2.3 BSFC model. The ANOVA outcomes for BSFC are lis-
ted in Table 7. With an F-value of 146.99 and a p-value of less
than 0.0001, the ANOVA result for the quadratic response
surface model for BSFC shows that the model is significant.
This implies that the reported model F-value may be the result
of random noise with a really low probability (0.01%).
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Significant contributions among the model terms are the
interaction term BC (p-value = 0.0105) and the quadratic terms
A? (p-value = 0.0001) and C> (p-value = 0.0201). Other terms,
such as speed (4) and brake power (C), show larger p-values,
showing their lower relevance in the model. The high R-squared
result (0.9866) indicates that the model explains 98.66% of the
variability in the response; the adjusted R-squared value
(0.9799) fits very nicely with the expected R-squared value
(0.9711), hence suggesting great predictive power. The suitable
precision ratio of 36.333 further supports the resilience of the
model for traversing the design space.

BSFC = —10017.86 + 0.05speed + 522.7LCV — 62.48BP
— 0.006speed x LCV + 0.0016speed x BP + 1.8LCV
x BP + 0.000038speed” — 6.42LCV> — 0.54BP>
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BSFC variations of all test fuels at different speeds are
compared and shown in Fig. 5. BSFC is observed to decrease
with an increase in engine speed up to 3000 rpm, and beyond
this speed, BSFC again increases for all the test fuels. The diesel
fuel shows a lower BSFC compared to other biodiesel fuels. The
minimum value of BSFC is obtained at 3000 rpm for MZME?20,
which is 410 g kW™ h™", followed by BVME20, KME20 and
SME20, which are obtained around 414, 419 and 421 g kW'
h™", respectively. The density of biodiesel is higher than that of
the diesel fuel, requiring a larger mass of fuel injection for the
same volume. This results in an increase in fuel consumption
compared to the diesel fuel. The same behaviour has also been
mentioned by other researchers®®®* who have conducted
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experiments in a single-cylinder, naturally aspirated, four-
stroke, water-cooled, direct-injection diesel engine fuelled
with B0-B100 blends of soybean biodiesel. Fig. 6 shows the
average increase in BSFC for MZME20, BVME20, KME20 and
SME20 blends, which were approximately 2%, 4%, 3% and 5%
than those of the diesel fuel, respectively.

4.2.4 CO emission model. The ANOVA results for emis-
sions like CO, HC and NO, are listed in Table 8. Having an F-
value of 64.25 and a p-value of less than 0.0001, the study of
variance (ANOVA) for the quadratic model projecting carbon
monoxide (CO) emissions reveals that the model is quite
significant. This proves the dependability of the model because
it shows a quite low (0.01%) likelihood of attaining such a high
Fvalue due to noise. With a p-value of 0.0360, the variable
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Fig. 6 CO (%) emission variation with engine speed: (a) CO (%) vs. speed (rpm), (b) CO (%) vs. LCV (MJ kg™ and (c) CO vs. BP (kW).
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Table 8 ANOVA results for engine emissions
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CcO HC NO,

Source SS F-Value p-Value SS F-value p-Value SS F-Value p-Value
Model 0.666 64.250 <0.0001 274.683 240.798 <0.0001 47 063.616 357.814 <0.0001
A-speed 0.004 3.509 0.077 0.289 2.280 0.148 93.223 6.379 0.021
B-LCV 0.006 5.136 0.036 3.969 31.312 <0.0001 614.797 42.067 <0.0001
C-BP 0.001 1.130 0.302 0.032 0.255 0.620 1.173 0.080 0.780
AB 0.003 2.983 0.101 0.164 1.296 0.270 33.082 2.264 0.150
AC 0.002 1.825 0.193 0.001 0.011 0.917 9.292 0.636 0.436
BC 0.002 1.604 0.221 0.026 0.203 0.657 30.222 2.068 0.168
A? 0.004 3.351 0.084 0.033 0.263 0.615 125.092 8.559 0.009
B 0.000 0.007 0.933 1.099 8.672 0.009 47.667 3.262 0.088
c? 0.001 0.445 0.513 0.025 0.198 0.662 2.831 0.194 0.665
Residual 0.021 2.281 263.062

Cor total 0.687 276.964 47 326.679

indicating the lower calorific value (LCV) among the model
terms is the only one having a significant impact on CO emis-
sions. Not statistically significant terms include the speed (p =
0.0774), braking power (BP, p = 0.3019), interactions such as AB,
AC, and BC, and quadratic terms (4%, B>, and C*). The adjusted
R-squared value (0.9547) is quite similar to the highest observed
R-squared value of 0.9698, suggesting that about 97% of the
variance in CO emissions can be explained by the independent
variables; the model accuracy after accounting for the number
of predictors. Furthermore, displaying a significant predictive
power is the projected R-squared value of 0.9159. The appro-
priate precision ratio of 24.062 exceeds the intended threshold
of 4, thereby verifying that the model has a strong signal-to-
noise ratio and is fit for design optimization. The coefficient
of variation (CV) of 8.72% shows moderate variability.

CO = —0.55 + 0.00089speed + 0.132LCV — 0.22BP
— 0.000046speed x LCV + 0.000022speed x BP
+0.005LCV x BP + 8.2 x 10 3speed?
— 0.0019LCV? — 0.00092BP>

Incomplete combustion is the primary cause of CO emis-
sions from engines. Fig. 6 shows the CO emission pattern with
the complete range of engine speed. The CO emission is lower
for biodiesel blends than for the diesel fuel. The higher cetane
number, low carbon content and higher oxygen content of bi-
odiesel fuel compared to diesel are the possible reasons for its
lower CO emissions, as stated by Xue et al®* Hirkude and
Padalkar®® reported that the higher oxygen content of biodiesel
allows a large number of carbon molecules to participate in
burning, resulting in better combustion. The CO emission can
also be reduced by increasing the injection timing. Lower CO
emissions are obtained at high air-fuel ratios and high
combustion temperatures.***® At a speed of 3000 rpm, the CO
emissions for MZME20, BVME20, KME20, SME20 and diesel are
observed to be 0.25%, 0.26%, 0.29%, 0.29% and 0.38%,
respectively. The average reductions in the emissions of CO for
MZME20, BVME20, KME20 and SME20 blends are found to be
approximately 3%, 2%, 3% and 2%, respectively, compared to
the diesel fuel.

© 2025 The Author(s). Published by the Royal Society of Chemistry

4.2.5 HC emission model. In the case of the HC emission
model having an F-value of 240.80, the ANOVA findings for the
HC emission model expose a very significant quadratic model
that indicates the great capacity of the model to explain the data
variability (Table 8). With a p-value of <0.0001, the related
probability that this significant F-value might arise from
random noise has less than a 0.01% chance. With p-values of
0.0001 and 0.0087, respectively, the LCV (B) and its quadratic
term (B) are major players in the model because fluctuations in
the low calorific value (LCV) clearly influence HC emissions.
Little terms like speed (4) and BP (C) imply their little influence
on the HC emission forecast. While the predicted R-squared
value of 0.9801 further verifies its robustness, the R-squared
value of 0.9918 and adjusted R-squared of 0.9876 show great
accuracy and fit to the data. The model, appropriate for design
optimization, shows a robust signal-to-noise ratio with a high
Adeq precision of 56.522.

HC = —1148.79 — 0.015speed + 57.13LCV + 0.44BP
+ 0.0003speed x LCV + 0.00002speed x BP
— 0.019LCV x BP — 2.41289 x 10~ "speed?
— 0.7LCV? + 0.006BP?

Fig. 7 indicates the variation in HC emissions at different
engine speeds for all test fuels. All the feedstocks taken under
study show less HC emissions than neat diesel. This is due to
the high oxygen content and higher cetane number of biodiesel
fuel. On average, the percentage reduction in the HC emissions
of MZME20, BVME20, KME20 and SME20 is found to be around
31%, 21%, 13% and 8%, respectively, compared to diesel. A
lower HC emission is found for MZME20 compared to other
feedstocks, which is due to the comparatively higher cetane
number of MZME20. The similar behaviour was also mentioned
in.%

4.2.6 Nitrogen oxide emissions. With an F-value of 357.81
and a p-value less than 0.0001, the ANOVA table for the NO,
emission quadratic response surface model shows that the
model is highly significant—that is, there is less than 0.01%
probability that such a big F-value could arise from random
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Fig. 7 HC emissions: (a) HC (ppm) vs. speed (rpm), (b) HC (ppm) vs. LCV (MJ kg™ and (c) HC (ppm) vs. BP (kW).

noise (Table 8). The statistically significant (p-values < 0.05) key
elements influencing the NO, emissions are engine speed (4),
reduced calorific value (B), and quadratic term of the speed (4?).
By contrast, with p-values considerably higher than 0.05, brake
power (C) and most interaction terms (4B, AC, and BC) are not
significant. With an R-squared value of 0.9944 and an adjusted
R-squared value of 0.9917, the model shows great predictive
ability (Pred R-squared = 0.9879). Further indicating the

41634 | RSC Adv, 2025, 15, 41621-41647
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model's ability to efficiently traverse the design space and
generate consistent forecasts are the low coefficient of variance

(1.73%) and high adequate precision (63.002).

NO, = —7419.9 — 0.052speed + 370.56LCV + 28.53BP
+ 0.0045speed x LCV — 0.0012speed x BP — 0.66LCV
x BP — 0.000015speed® — 4.6LCV? + 0.07BP?
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Palash et al.** reported that NO, formation is strongly reliant
on the in-cylinder temperature, oxygen concentration and
reaction residence time. Fig. 8 presents the variation in NO,
emissions for all test fuels with a change in engine speed. NO,
emissions are reported to be higher for all biodiesel feedstocks
compared to neat diesel across the entire speed range. This is
due to the high oxygen content of biodiesel fuel. Also, the cetane
number of biodiesel is higher, which is accountable for the
decrease in the ignition delay and, in turn, the improvement in
the combustion that results in higher NO, emissions, as

View Article Online
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explained by Xue et al.** NO, emissions for MZME20, BVME20,
KME20 and SME20 are found to higher on an average by around
6%, 9%, 18% and 20%, respectively, than the diesel fuel. NO,
emissions also depend on the adiabatic flame temperature,
which, in turn, is a function of the unsaturated fatty acid
content in biodiesel fuel, as is well supported by other literature
studies.®>%®

The observed performance and emission variations among
biodiesel blends correlate strongly with their fatty acid
compositional profiles (Table 1). MZME20 demonstrates the
highest BTE among biodiesel blends and optimal emission
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Fig. 8 NO, emission variation with engine speed: (a) NO, vs. speed (rpm), (b) NO, vs. LCV (MJ kg™ and (c) NO,O vs. BP (kW).
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characteristics (lowest CO, HC, and NO,), which can be attrib-
uted to its oleic acid dominance (63.83%) and high unsatura-
tion (83.54%), which enhances fuel atomization, extends
ignition delay, and reduces peak combustion temperatures.
SME20 shows the lowest BTE among biodiesel blends despite
a high cetane number (57.4), potentially due to its higher
viscosity affecting spray characteristics, though it exhibits
higher NO, emissions due to its high saturation (42.1%),
promoting rapid, high-temperature combustion. The NO,
formation mechanisms follow the temperature-dependent Zel-
dovich thermal pathway, where MZME20's extended ignition
delay creates lower peak flame temperatures, suppressing NO
formation, while SME20's shorter ignition delay results in rapid
heat release with locally elevated temperatures, promoting
thermal NO, generation. The higher BSFC of all biodiesel
blends reflects lower calorific values than those of diesel, while
reduced CO and HC emissions across all blends stem from their
inherent oxygen contents (~11% by mass), facilitating complete
oxidation.®”*® These structure-property relationships demon-
strate that the compositional balance, particularly oleic acid
content and degree of saturation, significantly influences the
combustion efficiency and emission formation mechanisms.*

4.2.7 Desirability-based optimization of the engine
performance. Presenting the desirability-based optimization of
engine performance, Table 9 emphasizes the ideal parameter
choices to attain a balanced performance at several engine
outputs.” While the lower calorific value (LCV) is maximized at
43.12 MJ kg, the braking power (BP) is near its maximum
limit at 26.42 kW, and the speed is optimal at 2852 rpm.
Although brake-specific fuel consumption (BSFC) is the lowest
at 413.67 ¢ kW' h™', somewhat below the lower limit, the
brake thermal efficiency (BTE) reaches its highest feasible value
of 23%. Emissions, including carbon monoxide (CO), hydro-
carbons (HC), and nitrogen oxides (NO,), are reduced to 0.275 g
kW' h™, 6.5 ¢ kWw ' h™' and 230 g kW " h™", respectively,
thereby suggesting a development in emission control. The
optimized settings and results are presented in Table 9.

Fig. 9 gives the desirability bar plots obtained using the
powerful desirability-based optimization approach. The desir-
ability bar plots in Fig. 9 illustrate how well each response
variable (NO,, HC, CO, BTE, and BSFC) meets the desired
optimization goals. In a desirability-based optimization
approach, each output is assigned a desirability score between
0 (completely undesirable) and 1 (fully desirable), and

Table 9 Optimized settings and results

Name Goal Lower limit Upper limit Optimized results
Speed Is in range 1000 4000 2852

LCV Is in range 41.46 43.12 43.12

BP Is in range 7 27 26.42

BTE Maximize 14 23 23

BSFC Minimize 414 526 413.67

CcO Minimize 0.2 0.8 0.275

HC Minimize 4 16 6.5

NO, Minimize 130 271 230

Desirability 0.835

41636 | RSC Adv, 2025, 15, 41621-41647
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Fig. 9 Desirability bar plots.

a combined desirability score reflects the overall effectiveness of
the optimization.”™

HC - 0.79: a fairly high score, indicating that unburned
hydrocarbon emissions are significantly reduced and close to
the target. CO - 0.875: a high desirability score, showing that
carbon monoxide emissions are effectively minimized. Brake
thermal efficiency (BTE) - 1: the maximum score indicates the
engine achieves the highest possible thermal efficiency under
the given conditions. Brake specific fuel consumption (BSFC) of
1 is also at the optimal level, meaning the fuel efficiency is
maximized.

The combined desirability score of 0.835 indicates a high
trade-off between performance and emission minimization,
thereby indicating that the optimization attains a balanced and
favourable engine design within the given limitations.

4.3 ML modelling

The dataset comprises experimental measurements from
a multi-cylinder diesel engine using 20% biodiesel blends at
eight engine speeds for four feedstocks. For model evaluation,
we employed fivefold cross-validation to ensure robustness and
minimize overfitting, with data folds randomly and evenly
divided.  Pre-processing included normalization and
correlation-based feature selection. Detailed train-test splits
were not used separately, as cross-validation sufficed.

4.3.1 Correlation analysis of data. Emphasizing the speed
(rpm), load (kW), thermal efficiency (BTE), fuel consumption
(BSFC), and emissions (CO, HC, and NO,), the correlation
matrix (Table 10) and correlation heat map (Fig. 10) reveal links
among engine characteristics. Given a strong positive connec-
tion between the speed and load—0.89—the load usually
increases as engine speed increases. While the speed exhibits
a substantial negative association with hydrocarbon (HC)
emissions (—0.93), showing that greater speeds reduce unburnt
hydrocarbons but increase nitrogen oxides, the speed is also
favorably connected with NO, (0.86). The load similarly shows
strong positive associations with the BTE (0.93) and NO, (0.91)

© 2025 The Author(s). Published by the Royal Society of Chemistry
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Speed, rppm LCV, MJ kg * Load, kW BTE, % BSFC, g kW ' h ™! CO, vol% HC, ppm NO,, ppm

Speed, rpm 1 0 0.89 0.75 —0.07 —0.74 —0.93 0.86
LCV, MJ kgfl 0 1 0.1 0.14 —0.09 —0.09 —0.31 —-0.3
Load, kW 0.89 0.1 1 0.93 —0.49 —0.92 —0.91 0.91
BTE, % 0.75 0.14 0.93 1 —0.68 —0.84 —0.79 0.81
BSFC, g kwth?! —0.07 —0.09 —0.49 —0.68 1 0.55 0.18 —0.39
CO, vol% —0.74 —0.09 —0.92 —0.84 0.55 1 0.8 —0.87
HC, ppm —0.93 —0.31 —0.91 —0.79 0.18 0.8 1 —0.75
No,, ppm 0.86 —0.3 0.91 0.81 —0.39 —0.87 —0.75 1

but negatively correlates with CO (—0.92), hence implying
improved combustion at greater loads. Fascinatingly, the brake
specific fuel consumption (BSFC) is inversely linked to the BTE
(—0.68), thereby demonstrating better fuel economy at higher
thermal efficiency levels. The lower calorific value (LCV) of the
fuel shows poor associations with other variables, thereby sug-
gesting little direct impact on performance or emissions in this
dataset.”

4.3.2 Model development and evaluation

4.3.2.1 BTE model development using ML algorithms. The
models' performance measures on the BTE data show different
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Fig. 10 Correlation heat map.

© 2025 The Author(s). Published by the Royal Society of Chemistry

traits in generalizing the capacity and prediction accuracy
(Fig. 11). With a training mean squared error (MSE) of 0.84 and
a testing MSE of 0.67, the linear regression model shows a quite
strong fit with a training R-squared value of 0.8834 and a higher
testing R-squared of 0.9309 (Table 11). This shows good
predictive ability because the model explains almost 93% of the
variance in the test set. By contrast, the decision tree model
attains an amazing training R-squared of 1.0000 and a flawless
training MSE of 0.00, thereby indicating robust learning. The
decision tree for BTE was optimized with a depth of 12, a split
threshold of 8, and a leaf size of 3, as shown in Table 12. This
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HC, ppm
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Fig. 11 BTE measured vs. forecasted values in the cases of (a) LR, (b) DT and (c) RF models.

setup shows that a reasonable amount of the tree depth is
enough to capture the nonlinearity linked to efficiency without
too much branching. The ensemble for Random Forest chose
120 trees with a maximum depth of 25 and “sqrt” feature
sampling. Random Forest is more sophisticated than other
models, which shows that it can handle more delicate interac-
tions between various input variables. Its testing MSE of 0.33
and testing R-squared of 0.9655, however, show a notable
decline in performance, suggesting over-fitting. With R-squared
values of 0.9876 for training and 0.9753 for testing, Random
Forest shows a training MSE of 0.09 and a testing MSE of 0.24,
thereby indicating its strong generalizing powers. Furthermore,
the Random Forest model shows lower mean absolute
percentage errors (MAPEs) than the other models, thereby
verifying its superiority in predictive modelling in terms of the
generalization and balance of accuracy.

41638 | RSC Adv, 2025, 15, 41621-41647

Table 11 Statistical evaluation of models

Train  Test Train  Test Train Test
ML Model MSE MSE R? R? MAPE, % MAPE, %
LR BTE 0.84 0.67 0.8834 0.9309 4.10 4.42
DT 0.00 0.33 1 0.9655  0.00 1.52
RF 0.09 0.24 0.9876 0.9753  1.29 2.12
LR BSFC 103.61 221.07 0.9279 0.7338 1.92 2.55
DT 0.00 42.17 1 0.9492  0.00 1.03
RF 4.67 46.62 0.9967 0.9439  0.39 1.19
LR CO 0.00 0.01 0.8654 0.8523 11.97 13.68
DT 0.00 0.00 1 0.9597  0.00 2.08
RF 0.00 0.00 0.9879 0.9328  2.68 4.32
LR HC 0.19 0.38 0.9788 0.9583  4.47 5.36
DT 0.00 117 1 0.8735  0.00 8.11
RF 0.14 1.93 0.9844 0.7909 4.13 10.16
LR NO, 37.06  40.12 0.9721 0.9830  2.40 3.10
DT 0.00 59.83 1.0000 0.9746  0.00 3.73
RF 17.37  85.88 0.9869 0.9635 1.54 4.41

© 2025 The Author(s). Published by the Royal Society of Chemistry
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Table 12 Training hyperparameters, range, and optimum value
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Model Hyperparameter Range BTE BSFC CcO HC NO,

Decision tree Max_depth >3 12 10 15 13 11
Min_samples_split 2 to 20 8 10 6 8 9
Min_samples_leaf 1 to 10 3 4 2 4 3

Random forest n_estimators 50 to 500+ 120 100 150 130 140
Max_features ‘Auto’, ‘sqrt’, numeric ‘sqrt’ ‘Sqrt’ ‘Auto’ ‘Sqrt’ ‘Auto’
Max_depth None or 3 to 50 25 20 None 30 22
Min_samples_split 2 to 20 6 8 5 4 7
Min_samples_leaf 1 to 10 3 4 3 2 3

4.3.2.2 BSFC model development using ML algorithms. BSFC
models’ performance measures expose notable variations in
model behavior and prediction accuracy, as depicted in Fig. 12.
With a training mean squared error (MSE) of 103.61 and
a testing mean squared error (MSE) of 221.07, the linear

(Linear Regression)

regression model shows a quite poor fit and generalizing
capacity (Table 11). Although the testing R-squared value of
0.7338 indicates a significant decline in predictive performance
on unseen data, most likely due to the model's sensitivity to
noise and its linear assumptions, the training R-squared value
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of 0.9279 indicates that approximately 93% of the variance in
the training data is explained by the model. For the training
hyperparameters’ fine-tuning, the decision tree needed a depth
of 10 for BSFC, and the splitting and leaf criteria were 10 and 4,
respectively (Table 12). These numbers show that more control
over node splitting is necessary to minimize overfitting while
still getting fuel usage trends. Random Forest, by contrast,
utilized 100 estimators with a maximum depth of 20 and “sqrt”
features. The ensemble cut down on variance a lot, making it
more stable for forecasting BSFC than the single tree. By
contrast, the R-squared value of 1.0000 and a perfect training
MSE of 0.00 indicate the total memorization of the training data
in the decision tree model. Though still high, this results in
a testing MSE of 42.17 and an R-squared value of 0.9492, which
demonstrates overfitting as the model fails to broadly

(Linear Regression)

View Article Online

Paper

generalize effectively to fresh data. With a training MSE of 4.67
and a testing MSE of 46.62, the Random Forest model shows
strong performance, with a training R-squared of 0.9967 and
a testing R-squared of 0.9439. Among the three models, it is the
most dependable because its lower training and testing mean
absolute percentage errors (MAPEs) of 0.39 and 1.19, respec-
tively, show its capacity to balance accuracy and generalisation.

4.3.2.3 CO emission model development using ML algorithms.
The coefficients for the co-emission models show notable
differences in predicting effectiveness among several modelling
approaches (Fig. 13). With a training mean squared error (MSE)
of 0.00 and a testing MSE of 0.01, the linear regression model
shows that it performs practically exactly on the training data
(Table 11). On the contrary, the training R-squared value of
0.8654 and testing R-squared value of 0.8523 point to a small

(Decision Tree)
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Fig. 13 CO emission measured vs. forecasted values in the cases of (a) LR, (b) DT and (c) RF models.
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degree of explained variation; the model performs worse on
unseen data. Particularly on new data, the somewhat high mean
absolute percentage error (MAPE) values of 11.97 for training
and 13.68 for testing highlight inconsistency in its forecasts. A
perfect training R-squared of 1.0000 is obtained by the decision
tree model with a perfect training MSE of 0.00 and a testing MSE
of 0.00. This implies the total memorization of the training
data; yet, the testing R-squared value of 0.9597 shows that,
although not as successfully as the Random Forest model, the
model still generalizes well. Last but not least, the Random
Forest model shows a significant predictive capability while
keeping low MAPE values of 2.68 and 4.32 for training and
testing, respectively, with a high training R-squared value of
0.9879 and a testing R-squared value of 0.9328. Random Forest

(Linear Regression)
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is a good choice for co-emission modelling because this
emphasizes its strong generalization capacity. During training
hyperparameters' fine-tuning, the CO emissions are more
affected by deeper structures, as depicted in Table 12. The
decision tree went 15 levels deep with a modest split value of 6
and a low leaf size of 2. This shows that more detailed splits are
needed to show emission patterns. Random Forest was set up
with 150 estimators and no limit on depth (none), and feature
selection was set to “auto”. This combination shows how
important it is to capture complicated, high-dimensional
interactions that affect CO production.

4.3.2.4 HC emission model development using ML algorithms.
The three modeling approaches used show different degrees of
predictive effectiveness according to the results for the

(Decision Tree)
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hydrocarbon (HC) emission model (Fig. 14). With a training
mean squared error (MSE) of 0.19 and a testing mean squared
error (MSE) of 0.38, the linear regression model shows a decent
fit to the training set (Table 11). While the testing R-squared of
0.9583 indicates high generalization ability, albeit with some
reduction in performance on untested data, the training R-
squared value of 0.9788 indicates that approximately 98% of the
variance in the training set is explained by the model. Further
underlining its consistent predictive power are the mean
absolute percentage error (MAPE) values of 4.47 for training and
5.36 for testing. The decision tree had a depth of 13 for HC
emissions, with 8 splits and 4 leaves during fine-tuning of
training hyperparameters. These numbers show that it is not

(Linear Regression)
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too hard to show hydrocarbon release patterns. Random Forest
used 130 estimators with a depth of 30, which made HC
prediction more generic, as listed in Table 12. Using “sqrt”
features helped keep the trees different while still getting useful
predictions. On the contrary, the decision tree model exhibits
a perfect training MSE of 0.00, hence suggesting the total
memorization of the training set. Although it shows perfect
predictive power with a training R-squared value of 1.0000, the
testing MSE of 1.17 and a testing R-squared value of 0.8735
point to some overfitting as the model finds difficulty general-
izing efficiently to fresh data.

With training and testing R-squared values of 0.9844 and
0.7909, respectively, the Random Forest model shows a training

(Decision Tree)
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Fig. 15 NO, emission measured vs. forecasted values in the cases of (a) LR, (b) DT and (c) RF models.
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MSE of 0.14 and a testing MSE of 1.93. Although the decline in
the testing R-squared value demonstrates a modest degree of
overfitting, this shows strong performance. With MAPEs of 4.13
for training and 10.16 for testing, the model shows more
unpredictability when forecasting on fresh data, even if it
performs generally well.

4.3.2.5 NO, emission model development using ML algo-
rithms. Performance measures for the nitrogen oxide (NO,)
emission model expose different variations in predicted accu-
racy among the used techniques (Fig. 15). With a training mean
squared error (MSE) of 37.06 and a testing mean squared error
(MSE) of 40.12, the linear regression model exhibits. While the
testing R-squared value of 0.9830 demonstrates high general-
izing capacities on unknown data, the training R-squared value
of 0.9721 indicates that around 97% of the variance in the
training data is accounted for (Table 11). Furthermore, reflect-
ing the model's dependability in generating predictions are the
mean absolute percentage error (MAPE) values of 2.40 for
training and 3.10 for testing. The decision tree for NO, emis-
sions had a depth of 11, with splits and leaves set at 9 and 3,
respectively. This gave it a regulated structure that kept it from
overfitting. Random Forest had 140 estimators, a maximum
depth of 22, and “auto” features (Table 12). This showed that
trees that were a little deeper and had more features made the
model more accurate. This shows how NO, reacts to many
different things that work together, which ensembles are better
at handling.

Due to a flawless training MSE of 0.00 and a training R-
squared value of 1, the decision tree model precisely fits the
training data. On unknown data, the testing MSE of 59.83 and
a testing R-squared value of 0.9746 suggest, however, that the
model shows some overfitting even if it shows strong perfor-
mance. Finally, with R-squared values of 0.9869 for training and
0.9635 for testing, the Random Forest model shows a training
MSE of 17.37 and a testing MSE of 85.89. Although the rather
high testing MSE shows difficulties in generalization, repre-
sented in MAPE values of 1.54 for training and 4.41 for testing,
these results show solid performance, stressing the model's
constraints when forecasting NO, emissions in fresh datasets.

5 Conclusions

In this study, experiments have been performed to evaluate the
performance and emissions of a variable-speed diesel engine
running with neat diesel and 20% biodiesel blends of Manilkara
zapota, Bauhinia variegata, Karanja, and Simarouba oil.
Comparisons of engine performance and emission from the test
blends and neat diesel have been undertaken in this study. The
following points can be concluded from the study:

o The oil contents of M. zapota, Bauhinia variegata, Karanja
and Simarouba seeds are found to be 35%, 19%, 30% and 69%,
respectively.

o The biodiesel fuel exhibits lower BP and BTE, higher BSFC,
lower HC and CO emissions and higher NO, emissions. The
highest performance and lowest emissions from the engine for
all considered biodiesels are achieved at an engine speed of
around 3000 rpm.

© 2025 The Author(s). Published by the Royal Society of Chemistry
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e The average reductions in BP and BTE for MZME, BVME,
KME and SME are approximately in the range of 3-6%, 7-11%,
5-9% and 8-12%, respectively.

e The average increases in BSFC for MZME, BVME, KME and
SME are around 2%, 4%, 3% and 5%, respectively, compared to
the diesel fuel.

e The average reductions in the emissions of HC and CO are
in the range of 30%, 15-22%, 20-27% and 7-15% for MZME,
BVME, KME and SME blends, respectively, and for NO, emis-
sions, the average increase are found to be 6%, 17%, 10 and
20%, respectively, compared to the diesel fuel.

e MZME shows comparative BP, BTE and BSFC, which are
around 5.7% lower, 3.2% lower and 2.5% higher than those of
diesel, respectively.

e MZME results in the maximum dip in CO and HC, which
are found to be around 28.57% and 31% lower than those of the
diesel fuel. Also, a marginal increase in NO, (around 5.5%
higher) is observed with MZME than with the diesel fuel.

e Performance and emission of Manilkara zapota biodiesel
are observed to be superior to other biodiesel feedstocks, fol-
lowed by Bauhinia variegata and Karanja; hence, Manilkara
zapota seeds can be considered as a promising biodiesel source
in India.

e The RSM-ML approach effectively identifies the optimal
engine characteristics by combining the statistical modelling of
parameter interactions with the predictive accuracy of machine
learning, ensuring improved performance and efficiency.

e The Random Forest model demonstrates a lower MAPE
compared to the other models, confirming its superiority in
predictive modelling with respect to both generalization and
accuracy balance.

In future studies, one can explore the areas related to engine
performance and emission characteristics by mixing underu-
tilized feedstocks of Manilkara zapota, Bauhinia variegata, Kar-
anja, and Simarouba oil blends with nanoparticles and green
fuel such as hydrogen at different blend ratios.
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A/F Air-fuel ratio

BTE Brake thermal efficiency

BSFC Brake specific fuel consumption
bTDC Before top dead center

°C Degree Celsius

CO Carbon monoxide

CI Compression ignition
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CO, Carbon dioxide

CR Compression ratio

DI Direct injection

DOE Design of experiments

HC Hydrocarbon

ML Machine learning

NO, Nitrogen oxide

RSM Response surface methodology
RPM Revolutions per minute

PPM Parts per million

GHG Greenhouse gases

MZME Manilkara zapota methyl ester
BVME Bauhinia variegata methyl ester
KME Karanja methyl ester

SME Simarouba methyl ester

LCV Lower calorific value

kw Kilowatt
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