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Energy-efficient food processing techniques, including roasting could help reduce post-harvest losses which
currently exceed 30 % annually. Roasting enhances food dehydrated for extended shelf life and quality. In most
developing countries, roasting is drudgery, nutrient altering, unsustainable and mostly woodfuel powered. Lack
of optimized important process factors such as temperature and agitation speed, presents a significant challenge
in achieving process and energy efficiency, Therefore this research sought to bridge these gaps by modeling and
optimizing the temperature/Rate of Rise (RoR) and agitation speed at standard quality of the roast using fresh
cassava processing into cassava-pulp as a case study. The Machine Learning (ML)-Integrated Design; I-Optimal
Response Surface Methodology (RSM) and Random Forest (RF-Python) techniques with two factors (temperature
(90-250 °C and agitation speed-10-50 RPM) and seven responses, were used for experimental design, modeling,
optimization, prediction of design parameters for real-life application in a solar PV roaster and model validation.
External validation was reinforced with python driven Mann-Whitney U, Levene and Bland-Altman tests. The
optimum parameters where find to be; 130 °C-roasting temperature with 21.08 °C min~'-RoR, 40 RPM, 22.27
min, 1.37 kWh kg-gari’l-Speciﬁc-Energy-Consumption (SEC), color-(74.55-L*, 2.97-a*, —23.98-b*), 3.40-
swelling index-(SI), and 1.36 mm-texture. The models predicted the real-life Solar-PV roasting system design
parameters with accuracy above 90 %, Mean-Absolute-Error (MAE-0.99) and showed significant SEC savings of
81.40 % against the 7.37 kWh kg-gari ! woodfuel-based-cookstove. This scalable, data-driven solution could be
applied to design and develop more efficient and high-quality roasting systems. Future studies should focus on
generalizing with different staple foods.

1. Introduction process includes complex chemical reactions such as the Maillard re-

action, gelatinization and caramalization, which contribute to favorable

Globally, over 30% of food produced (US$1 trillion) succumbs to
post-harvest losses annually due to insufficient preserving and storage
technology infrastructure mostly in developing countries [1]. Roasting
and other processes involving heat can change the physicochemical and
structural makeup of the food matrix for improved digestibility, taste
and extending the shelf life of perishable foods like fresh cassava.

In the food industry, roasting is a popular thermal processing tech-
nique that improves the flavor, color, and texture of food products. The
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physical appearance and sensory properties. The temperature control,
agitation speed, and energy input are essential elements in maximizing
both product quality and process efficiency [2-4].

There are several ways to roast food, such as traditional, pan, oven
etc. The key distinctions between these methods are in how heat is
applied and transferred [5]. The majority of developing countries
employ pan-roasting techniques, which involve using clay, cast iron, or
stainless steel cookware set atop open combustion chambers powered
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primarily by woodfuel—a resource that is getting harder to find and
raises concerns about deforestation and greenhouse gas emissions. Pan
roasting systems are conductive in nature, and continuous agitating or
mixing ensures uniform and quick distribution of heat.

Usually, characteristics including color, moisture content, swelling
index, particle size, and pH are used to evaluate the final products
quality. These factors impact the texture, flavor, and customer accept-
ability of the products, making them important markers of the roasting
process efficacy. For example, the maillard reaction directly results in
color, whereas texture and shelf life is influenced by moisture content.
Furthermore, factors like swelling index and particle size affect the
roasted product’s texture and physical characteristics. Therefore, in
addition to process optimization, a thorough roasting technique must
take these quality attributes in perspective.

Moreover, roasting is considered as energy intensive, complicated,
highly non-linear process and involves complex mechanisms such as
physical, chemical, and metabolic interactions, similar to other drying
techniques and despite extensive research, significant gaps remain in
understanding the combined effects of these mechanisms, particularly
when applied to different food matrices [5,6].

Several researchers have investigated the effects of roasting settings
of different food products. Table 1 summarizes major finding from
recent work, emphasizing both focal areas and identified gaps.

Table 1 shows that all studies identified temperature and time as
significant parameters in roasting, stressing their involvement in pro-
moting chemical processes such as Maillard and gelatinization. For
example, all of the researchers indicated that roasting respective food
products at medium to high temperatures reduces the time it takes to
increase the production of the desirable taste components. Research on
energy optimization in roasting, such as that conducted by Rahayu-
ningtyas et al., [18] mostly focused on lowering energy usage while
maintaining product quality by mainly adjusting temperature profiles.
Furthermore, studies by [10-12,16] that focused solely on temperature,
energy and time may have overlooked other influential factors such as
agitation, which is critical in ensuring even heat dispersion at standard
quality parameters. Agitation speed has a direct impact on heat transfer
efficiency and homogeneity and Sruthi et al [5] found that it is impor-
tant for preventing over- or under-roasting, especially in larger food
items like coffee beans and seeds. The total quality, consistency, cost of
production and market value of finished products may be altered by
uneven roasting induced solely by temperature and time optimization
[19,20].

Despite insightful observations, there are significant gaps in the
literature, especially with regard to the holistic analysis of the combined
effects of energy efficiency and inputs, agitation speed, temperature and
the final products quality and visual parameters (color, moisture
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content, swelling index, particle size, and pH etc.). Most studies as
highlighted in Table 1 tend to focus on isolated factors without exploring
their interactions, which are crucial for products like nuts, roots, grains,
tubers and seeds that require uniform roasting to achieve shelf and high
quality stability.

There has been lack of comprehensive studies exploring holistic
optimization in specific high-moisture and perishable foods like cassava.
Fresh cassava with 45 to 80% wet basis moisture content is one of the
high-rate perishable tropical crops and should be processed into shelf
and quality stable products within two days after harvesting [21].

Cassava has been termed “the drought, war, and famine resistant
crop” due to its ability to grow in harsh conditions, such as soils with low
fertility and conflict-affected areas [22]. Its flexibility to be harvested
when needed rather than only at the end of the growing season em-
phasizes its ability to provide a food reserve in times of hunger and
conflict. It is the primary source of calories for more than 300 million
people in Sub-Saharan Africa (SSA). Roughly 75% of the cassava culti-
vated in Africa is processed into gari, grated, sieved and a semi-
gelatinized cassava product (pulp) [21]. Furthermore, it has been pro-
posed that when compared to other significant agricultural products,
cassava may be more resistant to climate change [23].

Cassava presents distinct challenges and opportunities for roasting
optimization. Even if in some sectors cassava roasting is referred to as
cassava frying, scientifically frying involves the immersing of food in hot
oil at between 160 °C and 200 °C allowing rapid heat transfer through
conduction from the oil to food, while roasting does not involve oil
[24,25]. And in the research area considered in this study, oil was not
added during gari roasting. Unlike seeds, coffee etc., fresh grated cas-
sava mash’s high moisture content in its colloidal suspension state, is a
safe haven of cyanogenic glycosides which can release toxic hydrogen
cyanide if not properly handled. The high moisture content of the cas-
sava mash also promotes organism growth for accelerated spoilage [26].
Therefore, the following factors distinguish the roasting procedure for
cassava in its requirements from other roastable staple food products
such as rice and sorghum:

Energy input: Cassava has high moisture content, thus roasting it
with optimum energy is crucial to cutting down on drying time and
processing expenses.

o Temperature regulation: Ensuring enough heat to deactivate haz-
ardous chemicals while avoiding charring or over roasting is critical
for producing safe cassava products such as gari.

Agitation speed: Achieving consistent drying and roasting requires
effective agitation, which is essential for distributing the moisture
content uniformly among the cassava mash.

Table 1
Overview of recent research on food roasting.
Type of Roasting SEC (kWh Agitation Duration Methods/Factors Gap References
food temperature (°C) kg’l) speed (RPM) (min)
Maize 160-240 N/A 80 10-50 Temp and Time (Electric roaster) Energy not indicated [7]
RSM
Groundnuts 140-200 0.4-3 4.5-19 10-90 Temp and moisture (Electric Quality metrics not indicated [8,9]
roaster)-RSM
Almonds 129-155 1.95-5.42 N/A 10-55 Temp and nut microstructure (hot  Agitation speed not indicated [10,11]
air oven) Two step roasting process
Soybean 110-130 N/A N/A 20-120 Temp and time (Electric oven)- Energy and agitation speed not [12,13]
ANOVA indicated
Coffee 150-250 0.35-0.95 40-80 3-20 Fluidized-bed, drum roasters [14]
Gari 110-256 N/A N/A 9-17 Batch size, physiochemical Energy not considered and stirring [15]
properties, temp (Wood speed was indicated as a fraction of the
cookstove) PCA total roasting time
Gari 110-142 7.37 N/A 9-21 Energy efficiency, batch size and Agitation speed not indicated [16]
temp(wood cookstove)
Gari 80-85 N/A N/A 30-35 Processing methods (3 stone wood  Agitation speed not indicated [17]

cookstoves)

N/A = Not available, RSM = Response Surface Methodology, ANOVA = Analysis of Variance, PCA = Principal Component Analysis.
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e Quality of the final product: Color, test, particle size and swelling
index are all critical quality and visual parameters important and
determined by process temperature and agitation speed [27].

According to the literature examined, optimization of the tempera-
ture with its Rate of Rise (RoR), stirring speed (agitation), and time and
energy consumption during the roasting procedures of most foods in
relation to quality attributes such as color, swelling index, and texture is
scarce. There are also limited data reported on the fitting of the Moisture
Ratio (MR) of the roasting processes to most of the existing drying ki-
netic models, such as the Midilli-Kucuk and Page etc., which are
important for roasting data validation and process efficiency [28,29].
More so, the RoR, a critical technique that acts like a roasting process
“Tachometer”, is lacking in most of the food processing techniques apart
from coffee [30,31]. Knowledge of RoR is essential for enhancing
roasting profiles (by equipment and process design) and ensuring the
qualitative and quantitative sustainability of the finished products. With
the fast shift and demand to transition to Industry 4.0 and the need of a
sustainable recover from Covid-19 in the eye of climate change miti-
gation, where Al and machine learning have taken a center stage,
optimized models such as agitation speeds, temperature bands, RoR,
specific energy consumption, and qualitative and quantitative metrics
are critical [32-34].

The process of creating new innovations in roasting processes is
made difficult and inefficient by the lack of comprehensive data on the
optimized roasting process parameters for the majority of roasting
procedures, including roasting of cassava into gari. The implementation
of the energy transition from non-renewable sources is negatively
impacted by this aspect [35]. Optimization of multiple parameters in
food processing systems presents several challenges from complex in-
teractions, trade-offs, data management, costs and regulatory, and
traditional (ethnic) compliance to variability. These challenges require a
calculated balance that often involve the application of sophisticated
techniques like statistical models, machine learning (ML) and most
recently, digital twins to effectively manage and optimize the parame-
ters [36].

One way to address the complications of multiple metrics and opti-
mizing the roasting processes is by employing the Response Surface
Methodology (RSM). RSM is a sophisticated statistical technique for
modeling and analyzing the effects of several independent variables and
interactions and has been used by many researchers in food sciences as
highlighted in Table 1 [7-9]. For the roasting processes, RSM integrated
with ML-based modeling tools could offer a robust framework to explore
variable interactions of the temperature, agitation speed and energy
input on quality attributes as reported on other processes [37]. Inte-
gration of RSM with ML tools could ensure accuracy in equipment
design and development thereby ensuring energy efficiency while
achieving desirable quality and provides data driven insights that could
be translated into actionable recommendations for improving industrial
scale roasting processes sustainability. The developed scripts for
example in python could be used in Artificial Intelligence (AI) tools for
efficient and sustainable roasting process automation.

Therefore, this study was commissioned to investigate and optimize
the temperature and agitation speed at optimum energy, roasting time,
and standard quality parameters during the roasting process using cas-
sava roasting into gari as a case scenario. This was achieved by
mimicking the traditional cassava processing techniques monitored
from some women cooperatives in the Maritime region, Togo. The
optimized data (models) were pre-processed and feature engineered,
trained and then domain adapted to fit the real-life cassava roasting
conditions based on Maritime region conditions in Togo (ambient/initial
temperatures, and popular roasting pan dimensions). The prediction
models (lab-scale) and separate real-life data validation was performed
via the developed roasting process specific Bland-Altman external vali-
dation integrated python scripts.

To achieve the above, the following specific objectives where
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adopted:

1. To model the roasting process of cassava: Evaluating the effects of
agitation speed, and temperature on the specific energy consumption
and product quality attributes.

2. To optimize roasting parameters: Optimization of the cassava
roasting process (temperature, energy, stirring speed, time) for
optimal quality (color, particle size, and swelling index) and mini-
mum power consumption.

3. Conduct a dynamic heat and mass transfer models for the lab-scale
roasting process.

4. To predict the design parameters for the commonly used roasting
pans in Togo’s Maritime region and validate the predictive models
using the real-life experimental data providing recommendations for
industrial scale cassava roasting

This work highlights the significance of applying theoretical models
created under lab-scale conditions to real-world applications where in-
tricacy and unpredictability of field and site specific conditions neces-
sitate reliable and site customized solutions. It reinforces dependable
deployment of research works in dynamic, real-life systems by bridging
the gap between predictions made in controlled environments and
actual field performance through the use of machine learning techniques
and python-based tools for model optimization, design parameters
prediction, training and validation.

2. Methods and materials
2.1. Raw materials

The sweet and white fresh cassava imported from South America
(Costa Rica) purchased in October 2022 from an Asian shop in Frankfurt,
Hessen- Germany, was used as for the experiments.

2.2. Sample preparations

The cassava was carefully peeled using lab knives and cut into small
pieces before being grated with a kitchen food chopper (HOVOBO Food
Processor, 500 W electric meat grinders, HOVOBO, China). A hydraulic
press was used to dewater the cassava mash, which was then sifted by
hand before sieving with a laboratory vibrator (Eijkelkamp VS 1000,
Royal Eijkelkamp B.V., Giesbeek, The Netherlands) equipped with a
train of various sieve sizes (0.5 to 8 mm was used). The samples were left
for a day-(24 h) to ferment. The processes mimicked the traditional
cassava preparations observed in Togo and mentioned in the literature
[38,39].

2.3. Experimental design

The varied experimental and optimization parameters (temperatures
and stirring speeds) were chosen based on multiple preliminary tests
carried out at University of Kassel laboratories and material and energy
flow analysis carried out from selected small-scale gari processors in
Lome, Togo and reviewed literature [38,40]. This method has been
applied and reported by other researchers [41].

I-Optimal design of two factors (Temperature and agitation speed) by
25 runs comprising of nine responses (time (Y;), energy (Y) final
moisture content (Y3), color components (L* (Y4) b*(Ys) and a* (Ys)) pH
(Y7), swelling index (SI) (Yg) and texture (Yo)) with five replicated runs.
Nevertheless, it was discovered that the initial and final moisture con-
tents, as well as pH, were very comparable; hence they were overlooked
during model fitting and optimization. Data analysis/optimization was
performed by integrating python and ML tools with JMP data analysis
software [42]. The cassava mash feeding was run at the maximum
roasting pan capacity of 0.3 kg per run. A run was considered complete
at 10.2% moisture content measured using a calibrated moisture meter
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and verified using the American Association of Cereal Chemists’ tech-
nique of analysis (AACC) in % method 44-19.01[43]. To keep the
moisture content of all cassava mash samples consistent before roasting,
peeling and grating were staggered to guarantee that only the samples
needed on that day were processed to 48.6% moisture content. The
samples were kept at a nearly constant moisture level using the humidity
chamber. There was minor moisture variations ranging from 0.2 to
0.8%, which could be attributed to the time spent loading the samples
into the dryer for moisture content analysis or on roasting.

The applied roasting temperatures ranged from 90 to 250 °C, with
the number of replications per temperature level as follows: 5 at 250 °C,
7 at 210 °C, 2 at 170 °C, 7 at 130 °C and 7 runs at 130 °C. The stirring
speed ranged from 10 to 50 revolutions per minute (RPM), with five runs
at 10 RPM, seven at 20 RPM, two at 30 RPM, seven at 40 RPM and four at
50 RPM as highlighted in Appendix A.

Regression analysis was applied to the experimental data. The robust
regression techniques involving the centering by the median and scaling
by the Interquartile range (IQR) for a second-order polynomial Equation
(1), were used to fit the model and predict the responses under optimum
roasting conditions.

Xi—x X2—x, X1,
Yi=po+h (m) b (m> ha {(m)

X;—x, X1—x, 2 X>—x, 2
X(IQR(:Q)”“’“ (IQR(X1)> hz (IQR(XZ)) e

(€Y

where, X; and X, represented the two independent variables, tempera-
ture in degrees Celsius and stirring speed in RPM respectively. Y; de-
notes the responses, ffy denotes the intercept term, ; and f, temperature
and stirring speed linear coefficients respectively, f;2 is interactions
terms, f11, and S22 are quadratic coefficients and script ¢ representing
the errors. For the temperature median =x, and for stirring speed =y,
while the Interquartile range for temperature = IQR(X; ) and for stirring
speed IQR(Xy) [41,44-47].

The statistical significance of the regression coefficients was exam-
ined using the Analysis of Variance (ANOVA) at a 95% confidence level
[6,41,44,48]. The coefficient of determination (R%) was also used for

Ccs
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verification.
2.4. Roasting process setup
Fig. 1 highlights the roasting process setup.

2.4.1. Lab-scale roasting pan details

An aluminum-cast electric Wok rated 230 VAC, 1850 to 2200 W with
dimensions 0.22 x 0.42 x 0.42 m, was used as an Electric Roasting Pan
(ERP). A 12 VDC-powered stirrer (CS) coupled with a digital LED
Tachometer (ST) with an accuracy of + 0.1% (4-30 DCV and 10-9999
RPM) was developed and optimized for these experiments.

2.4.2. Temperature control and data mining

With a self-tuning PID technology (Model YT-124, STEEIRO with
+0.5% digital display accuracy), the REX-C100 LED PID Temperature
Regulator (TR) was connected to the primary power supply (PS). The TR
got the set control temperature feed from TC2. The K-type thermocou-
ples were utilized to detect temperature from various ERP points, as
shown in Fig. 1 using the Fluke Hydra Data Logger 2620A Model (TDL)
for subsequent storage on the Laptop (LC).

2.4.3. Energy and agitation speed data capture

The ERP drew power through a Voltcraft 4000 (3500W/15A Max.-
230ACV) Energy Data Logger (EDL) via the TR-regulated Circuit
Adapter (CA). The ERP’s energy consumption data was captured every
second using an SDHC card and an inbuilt data logger with +£1% +1
count efficiency. The data was then transferred to a computer for anal-
ysis. The CS with the ST indicator was used to achieve the various
agitation speed settings of the de-watered cassava mash and gari. A
Voltcraft SEM6000 with 1% accuracy was used for the CS energy data
logging. The total energy consumption (Ec,g) in kWh per run was the
sum of the ERP and CS consumption.

2.4.4. Mass, cut-out moisture content and time data capture

The ERP, CS, and ST sub-systems were arranged on top of the Digital
Scientific Balance (DSB) (Sartorius GmbH, Gottingen, Germany) to track
and record the mass change every minute of the run duration. The
processed gari per run in kilograms (Mg) was used to denote the final

TTDL

ITCS T

eout [T —

5 LC

TDL /:

ERP = Electric Roasting Pan; TDL = Temperature Data Logger; LC = Laptop Computer; TC1 = ERP heater thermocouple; TC2 = TR temperature
feed thermocouple; TC3 = ERP surface temperature thermocouples; TC4 = thermocouple for cassava mash/gari in the roasting pan; TC5= Ambient
temperature monitoring thermocouple; TTDL= standaloneTesto Data logger for humidity and temperature monitoring at ambient conditions; PS=
Power Supply; TR= Temperature Regulator; CA= Circuit Adapter; ST= Stirrer Tachometer; CS= Cassava mash Stirrer; DSB = Digital

Scientific Balance; EDL1 = Roasting pan Energy Data Logger, EDL2 = Stirrer Energy Data Logger

(MCM, 2022) Drawn using drawio.i.0

Fig. 1. Roasting process setup.
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mass. An optimized hand held moisture meter (HE90, PFEUFFER
GMBH, Flugplatzstrabe 70, 97,318 Kitzingen, Germany), was used to
measure the final moisture content (10.2%) and was verified by ther-
mogravimetric techniques as discussed [38].

The start and end times were recorded with a stopwatch. However,
all data loggers include integrated time monitoring controls, which
serve as a suitable backup.

2.4.5. Cassava roasting operation

Each run began when the weight of the 0.3 kg of cassava mash that
was poured into the roasting pan was verified on the DSB. At the same
time, the appropriate run temperature and agitation speed were
adjusted. After setting the EDL1 and EDL2 to zero, all temperature
sensors were examined. The PS was then turned on, and the time was
noted. The moisture content at the end of the roasting process was fixed
at 10.2%.

2.5. Specific energy consumption (SEC) and energy efficiency

The SEC in kWh kg ™! was computed as by dividing the total energy
consumption (E¢/g) in kWh with the total gari produced (kg) for each
batch (Mg) as shown in Equation (2) [49],

Ecr

SECr = —— 2
R = Mo (2

The energy efficiency was calculated as the ratio of the energy used over
the total energy supplied to the roasting system [50].

2.6. Moisture content (MC), moisture ratio (MR) roasting time (Ry),
cumulative rate of evaporation (RoEv) and rate of Rise (RoR)

The American Association of Cereal Chemists’ technique of analysis
(AACC) (method 44-19.01[43] was used to estimate the moisture con-
tent (MC) in % and calculated as initial moisture content as well as the
MC at each stage of the roasting process using Equation (3);

MC = (M) x 100 3)
Wy

where; W, represent the Initial sample weight (kg) and Wy was the dry
weight of the sample at a specified time.

The moisture ratio (MR) at time t (min) and the RoEV where calcu-
lated using Equation (4) and (5) as highlighted below respectively.

MC, — MC,

MR = ————+-
R MC, — MC, &
RoEy — Cumulative water evaporated in specified time ©)

Cumulative time taken

where MCy was initial MC dry basis, MC, was MC at each stage, and time
dt (min) on dry basis (time was recorded from the stopwatch) It was
assumed that the equilibrium MC (MC,) was negligible.

The RoR (°C min™') was achieved by measuring how relatively
temperature (°C) changed with the roasting time (min) using Equation
(6).

— TH»dt - T[

RoR i

(6)
where; T; (Cassava mash temperatures at time t) and T 4 (cassava mash
temperature at time t+dt)). The time it took to heat the cassava mash to
the new temperatures) signified changes in temperatures (Y axis in (°C))
and time (X-axis in min) respectively. The RoR is a technique for
tracking the rate of temperature change during roasting and could act
like a “Tachometer” of the roasting process and might be beneficial in
categorizing the roasting process for good quality of the end product
[30,31,51,52].
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2.7. Roasting process kinetics model fitting

By plotting the drying time against the moisture ratio, the drying
kinetics curve of the optimized run was constructed. Then the mathe-
matical models highlighted in Table 2 (More data in supplementary
materials under Table 2), applied by different researchers, were fitted to
the achieved MR for model predictions, understanding the roasting
process dynamics and conditions optimization [28,29,53-55].

Determination of model coefficients and analysis of non-linear
regression was achieved by using JMP version 16. In this work, the
statistical error reefing approaches used to assess the models’ correct-
ness were the Mean Squared Error (MSE), the Root Mean Square Error
(RMSE), and the Sum Squared Error (SSE) [54,60]. The lower the Sum
Squared Error (SSE) at 0.05 significance level, the best fitted the model
was regarded and selected using the following expression,

SSE=Y_ (MR, — MR,)’ %)

i=1
where MRy, was the predicted moisture ratio.
2.8. Quality considerations

In this study, we evaluated the quality of gari based on color,
swelling index, texture, and pH, as proxies of sensory taste (Appendix A).
These factors, strongly associate with taste, and provide substantial in-
sights. For example color influences the visual attractiveness and flavor
anticipation [61], swelling index affects mouthfeel and flavor release
[62], texture impacts sensory experience [63] and pH impacts the sta-
bility and flavor characteristics [64]. By assessing these parameters,
aspects of taste can be inferred ensuring that the product meets general
sensory expectations.

Furthermore, different regions, cultures, and groupings have varying
sensory expectations for gari. For example, some regions prefer a lighter
hue and a milder sour flavor, whilst others prefer a darker color and a
sourer flavor [65]. These variations might cause discrepancies in prod-
uct acceptance, demanding personalized approaches to match unique
expectations while ensuring consumer happiness and market success.
Future studies could embark on these gaps.

2.8.1. Chromaticity

The Chromameter (CR-400, Minolta Camera Co. Ltd., Osaka, Japan)
was used to measure the chromaticity of gari in triplicates. This method
where Commission International de 1 Eclairage (CIE) color attributes; L*
for the darkness (0) to whiteness (100), a* for the redness to greenness,
and b* for blueness to yellowness, has been used by many researchers to
determine changes in color attributes and process optimization
[6,66,67]. No general color standards exist for gari, and it depends on
the region, country, and whether it is fortified or not [68]. In this study,
the creamy yellow color and values reported by Oduro et al., [69], were
adopted for comparisons only.

Table 2
Mathematical models fitted to the moisture ratio of the roasting curve of cassava
mash (gari).

No. Types of model Drying model equation References
1 Midilli-Kucuk MR = aexp( —kt") + bt (56]
2 Page model MR = exp(—kt") [57]
3 Lewis model MR = exp( —kt) (58]
4 Wang and Singh’s model MR =1 +at + bt? [50]

k represents drying constants; a, b and n are coefficients and t is time.
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2.8.2. Swelling index (SI)

The SI was determined by filling a 100 ml graduated measuring
cylinder to the level of 25 ml with dried gari (V) and then topping up
the water to the 100 ml marked level. By turning the filled cylinder while
securing the top properly upside down, the water and gari were mixed
for two minutes. The cylinder was left to stand for 5 min and then the
total volume occupied by the mixture (V) recorded [39,70-72]. The SI
was calculated using the following expression:

Vs

SI = Vg 8

2.8.3. Texture

The Henderson and Perry particle size measuring techniques were
used in this study. One hundred grams of gari from each run was sieved
through a train of graded sieves from 0.5 mm to 5 mm (Fine to coarse
grain gari as described by the Codex standards) using the Eijkelkamp VS
1000 shaker set to run for 10 min at 50 Hz [68,73].

2.9. Optimization validation and real-life application procedure

2.9.1. Optimization

The effects of the roasting process parameters (ERP surface tem-
perature and stirring speed) on the final quality of gari (SI, texture and
color), roasting time, and energy spent (kWh) were initially selected.

Good gari is considered to swell more than three times in warm water
and with texture of between 0.5 and 2 mm [39] and with creamy yellow
color [69]. The optimization criteria employed in this work were color
comparisons, over 3.0 SI, and minimal energy consumption at minimum
texture size. When optimizing processes with many responses, it is rec-
ommended to build an appropriate response surface model for each and
then determine which operating conditions optimize, replace or keep
them within the ranges. Thus, the desirability functions technique (a
transition of the response variable from a 0 to 1 scale) was used in the
current study by applying Equation (9). Zero and one indicate the
completely undesired and highly desirable reactions, respectively [74].

D=dndy-d* ©

where w1, w2 and wy, denote the scale of importance and d; to di present
the number of responses, overall desirability, and individual desir-
ability, respectively.

The importance-based desirability functions of the RSM evaluated in
this work were based on specified response goals and importance at
(importance, criteria). The response goals and importance were set at
(importance, criteria); for time (0.05, minimized), energy (1, mini-
mized), L* (0.03, match target), b* (0.03, maximize), a* (0.03, match
target), SI (0.25, maximized) and texture (0.13, minimized).

2.9.2. Real-life application

This study was based on the cassava roasting activities performed in
the Maritime region in Togo partially covered in other publications [38].
The dimensions of commonly used roasting pans (wok-shaped) were
adopted for possible conversion from woodfuel to solar PV. The next
sections highlight the methods taken to complete the PV roasting pan
design and performance evaluation utilizing the optimized lab-scale
data as a baseline.

2.9.3. Prediction models automation, real-life application and Bland-
Altman validation

The optimized coefficients generated from the non-linear robust
regression techniques in JMP were automated in python to enable the
prediction of design parameters of the real-life roasting pan. A large-
scale roasting pan was designed and tested using predicted values
thereby generating independent data for external validation [75].

Predictive modeling: A Random Forest Regressor (RFR) model
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(Script 2) was developed using python and the scikit-learn module to
predict the temperature, energetic (SEC, power) and quality perfor-
mance (color components (L*, a* and b*), swelling index, texture and
time) metrics based on the optimized temperature and agitation speed.
Different researchers have predicted different research parameters using
RFR [76,77]. To verify extrapolation reliability, the model’s perfor-
mance was validated using conventional Goodness of Fit (GoF) mea-
sures; coefficient of determination (R?, Root Mean Squared Error
(RMSE) and the Mean Absolute Error (MAE). The GoF techniques having
been used to verify model performance [78].

In both cases, the model creation were implemented using the
sklearn modules and the training was achieved using the independent
variables agitation speed and temperature and dependable valuables;
time (min), L¥*, a* b*, texture (mm) and the swelling index.

Roasting pan geometry and scaling analysis: Using the RFR’s
parabolic and frustum models, the surface area of the roasting pans were
calculated. The dimensions of the big roasting pans typically used for
Togo’s gari processing were found to be 0.7 X 0.7 X 0.4 m (length, width
and depth) made out of cast aluminium.

Energy, power and quality parameters estimation: The predicted
energy and quality parameters values for the lab-scale roasting pan were
used to calculate the design parameters for the real-life roasting pan for
the field application in Lome, Togo. Total energy demands were calcu-
lated by taking into account cooking time, roasting pan volume/area
ratios, ambient (initial temperatures), and specific heat capacities. The
big roasting pan was designed and manufactured based on these pre-
dicted parameters (pictorial view in Fig. S2).

External validation and agreement testing: The ESP-WROOM-32
modules were used to manage the voltages, currents and temperature of
the developed solar PV powered roasting system (real-life). The appli-
cation of the ESP-WROOM-32 controller has been explored by others
[79,80]. Through the Maximum Power Point Tracking (MPPT), and
irradiation temperature, voltage, current (energy) data loggers (Fluke
Hydra Data Logger 2620A), the thermal and energetic data were mined.
All the cassava mash pre-processing was achieved based on the tradi-
tional practices [81]. The samples from each batch were collected and
subjected to color, swelling index, texture and other evaluations as
highlighted in Section 2.8 and as discussed by [38]. In order to adapt the
40 RPM lab-scale speed, the agitation speed was manually controlled by
setting intervals at 40 times per minute.

To validate the prediction models the predicted energy and quality
values were compared to the real-life performance evaluation data using
the Bland-Altman analysis (Script 3 and 4). This statistical method as-
sesses the agreement between two sets of different measurements and
detects any systematic biases or discrepancies and have been applied by
other researchers in different fields [82].

The evaluation of the prediction accuracy was further supported by
other reliable statistical performance metrics, including the ANOVA,
Whitney U test, and Levene’s tests (R2, modified R2, RMSE, and MAE),
which provided a comprehensive and potent validation of the model’s
performance on fresh, untested data [83]. The Python scripts and visu-
alizations that were written out (Scripts 1 and 4) automatically incor-
porated all of these statistical techniques. Multiple comparisons were
performed using Tukey Honestly Significant Difference (HSD) tests [84].

Although the data was derived from real-life circumstances, some
challenges remain. The models focussed on roasting pan metrics, tem-
perature, time, energy, quality parameters and agitation speed as the
main input parameters, with potential influences such as material
composition, heat loss to the environment, and operational settings
(energy source disruptions) not fully included and calls for further
studies. Furthermore, while the random forest gave useful insights,
additional research into other machine learning techniques or hybrid
models could improve forecast accuracy and generalizability.

Future studies should concentrate on expanding the models to
include more operational and environmental parameters, such as fluc-
tuations in solar irradiance and heat loss, material qualities, and Al
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integration for smart roasting possibilities.
3. Results and discussion

Appendix A contains the lab-scale results of the experiments carried
out in this study. The production yield ranged between 51.33 and
56.67% (0.154 to 0.17 kg). The initial moisture content was found to be
48.6% (0.1458 kg) and 0.1542 kg solids. Results of the performance
assessment of the large roasting PV pan are highlighted in Table S1
(supplementary materials)

3.1. Model fitting

The results of the performance of all the terms highlighted in
regression equation coefficients Table 3 and the effect summary in Fig. 2
were used to check each coefficient term’s significance.

Roasting temperature had a substantial linear effect on all measured
response variables, including time, L*, b*, and texture (p < 0.00000),
energy (p < 0.0079), SI (p < 0.00140), and a* (p < 0.00001).

The linear terms of the roasting agitation speed were significant for
time, energy and texture. The above temperature interactions may
explain why regardless of magnitude of the stirring speed, the increase
in temperature over time resulted in the cassava mash moisture and
weight losses. Other researchers have highlighted that as the tempera-
ture rises, the physical properties and chemical reactions of the sub-
stance being roasted, including moisture content, Maillard reactions,
caramalization, and texture, are directly impacted and may be signifi-
cant in the process predictability [85,86]. Similarly, whether the RPM
was less than or greater than 40, particle sizes were larger, roasting was
delayed, or more energy was consumed, emphasizing the effect of stir-
ring speed on texture, roasting duration, and energy consumption.

For the temperature, the quadratic terms were significant for the
time (p < 0.00009), energy (p < 0.00001), L* (p < 0.00044), b*, (p <
0.00002), and SI (p < 0.04108). The stirring speed quadratic terms were
significant for energy (p < 0.00003). This suggests that temperature had
a higher nonlinear impact on the formation of texture, color, energy, and
SI. This concurs with findings from other researchers [5]. The interac-
tion terms of the roasting temperature and the roasting speed had a
significant influence on the time (p < 0.00005).

The moderate R? of 0.56 observed in SI may be related to the limited
variability in the values obtained through experimentation, as indicated
in Appendix A. Nearly 80% of the values were within 0.7 above the
model specification (3.0), while the lowest SI value was only 0.4 away
from it. Reduced R? is the outcome of minimal data variability in the
dependent variables. Nonetheless, the models were deemed to be well-
fitting with high F-Test and lower P-Values [87].

The R? values of 0.56 to 0.96, which show that the models explain
56% to 96% of the variation in the data, are compatible with lower root
mean square error (RMSE) of some prediction models, such as the en-
ergy model that differed from the experimental data by only 0.10 kWh.
These findings imply that the proposed models in this study are appro-
priate, with no notable lack of fit and strong to moderate R? values for all

Thermal Science and Engineering Progress 60 (2025) 103258

parameters.

Overall, this study highlights how complicated interaction of inde-
pendent and dependant factors in the roasting processes are. For
example, for time, the negative f; and f value indicate that as tem-
perature and agitation speed increase the roasting time reduces. Equally,
positive interactions witnessed in f12, 11 and f22 suggests that the effect
of one predictor (T or AS) depends on the level of each other, nonlinear
relationship between temperature and time and non-linear relationship
between agitation speed and time respectively. This means that tem-
perature and agitation speed have non-linear relationship with time.

While the interactions between temperatures and agitation speeds,
and the quality parameters investigated in this study were highlighted,
there may be other unmeasured variables such as humidity and pressure
that could influence the results, potentially confounding the observed
interactions. Future research should consider these additional variables.

3.2. Effect of roasting temperature and agitation speed (factors) on
evaluation parameters

Fig. 3 depicts the effects of roasting temperature and agitation speed
on energy, time, color variables (L*, a*, and b*), texture, and SI using
three-dimensional response surface plots.

3.2.1. Effect on energy consumption

The energy and specific energy consumption ranged from 0.16 to
0.76 kWh and 0.68 and 2.79 kWh kg!, respectively as indicated in
Appendix A. Fig. 3(A) shows a three-dimensional response surface plot
for energy as a function of roasting factors.

As highlighted in Fig. 3(A), the quadratic and linear terms of the
temperature, and the linear coefficients of the stirring speed are the most
significant on the specific energy consumption. This interaction could be
the reason why it was observed that at certain temperatures and stirring
speed interactions, the energy consumption varied significantly. This
agrees with the results highlighted in Appendix A and Fig. 3(A), where at
lower agitation speeds (10 to 20 RPM), the energy consumption was
high as the temperature increased. However, as the stirring speed
ascended from 20 RPM, the energy consumption decreased before
increasing again at speeds above 40 RPM demonstrating the quadratic
relationships. The physiochemical property changes occur more quickly
at higher roasting temperatures; however there may be a trade-off be-
tween increased energy demand and increased energy consumption at
higher temperatures. agitation speed can also impact the uniformity of
heat transfer and the rate of water evaporation which is difficult to
attain at lower stirring speeds and higher temperatures [88]. The most
and least energy consumptions of 0.76 and 0.16 kWh were achieved at
130 °C (10 RPM for 34 min) and 90 °C (40 RPM for 29 min). The run
with the lowest energy consumption did not satisfy the quality re-
quirements of swelling three times, just like the moderate energy-
consuming runs at higher temperatures that resulted in higher texture
(above 5 mm) due to lamping. This could demonstrate that temperature
and stirring speed play important roles in the effectiveness and quality of
the roasting process and their effects on the energy consumption and

Table 3

Regression equation coefficients for roasted cassava gari, shown as actual terms and statistical analysis.
Response (Y;) Po b1 P2 P12 P P2z R? RMSE P-values F-Test
Time (min) 17.76 —11.62 —4.85 5.55 7.61 2.43 0.96 217 0.0001 169.47
SEC (kWh kgfl) 1.74 0.43 —-0.30 0.13 —0.61 0.75 0.90 0.19 0.0001 16.77
L*(-) 70.08 —6.46 0.39 -0.17 5.34 -1.32 0.88 2.02 0.0001 49.51
a*(-) —1.38 2.51 —0.21 -0.17 -0.13 —-0.93 0.69 1.33 0.0001 15.66
b* (-) 26.33 2.86 —8.95E-6 —0.61 —3.68 —0.61 0.85 1.11 0.0001 40.71
SI(-) 3.76 0.39 -0.19 -0.17 -0.43 —0.06 0.56 0.33 0.0001 13.96
Texture (mm) 2.33 1.81 —0.50 —0.43 0.42 —0.15 0.88 0.58 0.0001 81.10

po = intercept, 5, andp,= temperature and stirring speed terms respectively (linear coefficients), f,,and f;; = stirring speed to stirring speed and temperature to
temperature interactions respectively (quadratic coefficients), and f;, = temperature to stirring speed interaction (interaction coefficients) and SI = swelling index.
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(A) Energy (B) Time
Source Logworth Bar Chart PValue Source Logworth Bar Chart PValue
T 6.637 ’ 0.00000 T 10.986 0.00000
AS*AS 6.103 0.00000 AS 5.081 0.00001
T*T 4.860 0.00001 T*AS 4315 0.00005
AS 4578 0.00003@ T*T 4.064 0.00009
T*AS 1.027 0.09407 AS*AS 0.888 0.12932
©L* D) a*
Source Logworth Bar Chart PValue Source Logworth Bar Chart PValue
T 8.123 ’ 0.00000 T 5.255 i 0.00001
T 3.353 0.00044 AS*AS 0.619 | 0.24047
AS*AS 0.510 | 0.30920 AS 0215 | 0.60922@
AS 0.250 I 0.56294« T*AS 0.126 | 0.74876
T*AS 0.072 | 0.84683 T*T 0.062 | 0.86718
(B) b* (F) St
Source Logworth Bar Chart PValue Source Logworth Bar Chart PValue
T 7.181 ’ 0.00000 T 2.617 ’ 0.00242
T*T 4.805 0.00002 AS 1.213 | 0.06123
T*AS 0.725 | 0.18843 T*T 1.168 | 0.06797
AS*AS 0.450 | 0.35499 T*AS 0.532 | 0.29401
AS 0.000 | 0.99997¢ AS*AS 0.180 | 0.66010
(G) Texture Key
Source Logworth Bar Chart PValue Paramete Description
T 8.995 0.00000 r
AS 2285 0.00519 T Temperature terms (81 )
T*AS 1.096 | 0.08011 T*T Temperature to Temperature interactions (f11)
T*T 0.769 | 0.17015 T*AS Temperature to Agitation Speed interaction (81,)
AS*AS 0.208 | 0.61911 AS*AS Agitation Speed to Agitation Speed interactions (22)
AS Agitation Speed terms (f37)
(@ denotes effects with containing effects above them

Fig. 2. Effect summary; energy (A), time (B), L* (C), a* (D), b* (E), SI (F) and texture (G) (Values above the blue reference line at 2 are significant at 0.01(log« ) = 2).

quality parameters during cassava roasting are complex. The findings
are consistent with cocoa roasting, where it was found that flavor
compounds formed more quickly at higher temperatures initially but
that this led to a decrease in their concentration. This emphasizes the
significance of process optimization to strike a balance between flavor
and concentration [88]. It has also been found elsewhere that the pace at
which the palm date seeds are roasted affects the rate of heat trans-
mission and distribution, which in turn affects the hardness, moisture
content, and color parameters of the seeds—all of which are connected
to energy consumption [89].

The SI and texture of the roasted cassava pulp were found to be
within the necessary limits in this study at lower temperatures and
moderate stirring speeds, supporting the findings of other researchers
that lower roasting temperatures can reduce energy consumption while
preserving the desired quality effects [90]. This study further demon-
strated that optimizing both temperature and stirring speed is critical to
producing an energy-efficient roasting process that achieves the desired
quality criteria. It is a delicate balance that must be carefully considered
based on the qualities of the specific food, available energy sources, type
of roasting model (contact, conviction or direct roasting) and the desired
outcome of the roasting process.

The correlation between energy consumption and qualitative char-
acteristics of gari (texture, swelling index, and color components (L*, a*,
b*) were investigated and displayed as correlation probability and
scatterplot matrix in Appendix C (A) and C (B) respectively. Low P-values
(less than p=0.05) were achieved suggesting a statistically significant
correlation. Aside from the degree of whiteness (L*), which decreased
with increasing energy (negative correlation), the green-red (a*) and
the blue-yellow (b*) opponents had a direct proportional relationship
with energy consumption. This could explain why some runs at higher

temperatures produced more creamy gari during the experiments, and it
might be linked to the pyrodextrinization process, whose rate is higher
at higher energy/temperature input [67,89].

The overall energy efficiency ranged between 12.02 and 60.22% as
shown in Appendix E. The most energy-effective run never led to the
most optimal, as was commonly noticed. This circumstance may be
explained by Pareto inefficiency or suboptimality, which occurs when a
run or solution falls short of fully satisfying all constraints and objectives
or reaches the maximum value of the objective function. In this inves-
tigation, the optimal condition was reached when all quality and ther-
mal parameters were satisfied using approaches for desirability
optimization [91,92]. Appendix E highlights the energy efficiency
ranking in relationship with the temperature, energy consumed, stirring
speed, set and final temperatures. The mean energy efficiency was
35.72%. The energy efficiency range achieved in this study is in line
with other publications [91,93,94].

3.2.2. Effect on roasting time

Fig. 3(B) demonstrated that the roasting process exhibited a negative
correlation (roasting time decreased with rising temperatures). While
1, P2, P11, P12 and P2 had significant effects on the roasting duration,
the linear terms of the temperature and the stirring speed had the most
significant effects as shown in Fig. 3(B). There were nearly equal sig-
nificant Logworth values for the temperature-to-stirring speed interac-
tion and the temperature-to-temperature interactions (quadratic
coefficients). The linkages and interactions between these elements
demonstrate the complexity of the roasting process. Appendix A displays
the range of roasting times from 13 min (250 °C/30 RPM) to 56 min
(90 °C/10 RPM). Generally, the shortest roasting periods witnessed at
stirring rates between 20 and 40 RPM. Quick stirring at a specific
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Fig. 3. Response surfaces plots; (A) energy, (B) time, (C) L*, (D) a*, (E) b*, (F) SI and (G) texture.
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temperature improves heat transfer performance and hence mass
transfer while raising the temperature raises the rate of evaporation
[95,96]. Slower stirring speed may result in poor heat distribution,
causing some sections of the material to get extreme or insufficient heat,
potentially resulting in an uneven roast and burning. Moisture migration
may, therefore, slow down, resulting in longer roasting times to achieve
the appropriate roast quality. However, excessive stirring may result in
greater heat losses and poor heat distribution, resulting in a longer and
more uneven roasting process, increased energy consumption, and
changes in physical and chemical reactions [97-100]. But how excessive
or moderate is the roasting temperature and stirring speed? Optimiza-
tion of the two factors, therefore, cannot be overstated.

3.2.3. Effect on color

The changes in the color attributes are highlighted in Fig. 3(C, D and
E). The temperature linear coefficients had the most significant effect on
all the color components even though the L* and b* showed stronger
temperature quadratic relationships as shown in Fig. 3(C, D and E). It
was observed that the L* values reduced. In contrast the a* and b* values
increased with the increasing roasting temperatures, confirming the
observed situation during roasting where some runs at higher temper-
atures produced charred clumps of gari. Even if the linear coefficients of
the stirring speed were insignificant for the color components (Fig. 3 C,
D, E), they statistically denoted effects with containing effects above
them. This means that the model heredity identifies the stirring speed as
a very critical parameter in color changes during the roasting process
and conforming to the effect heredity technique [101]. The higher the
temperatures, the lower the L* values in most of the food products [67].
This could be attributed to the browning and Maillard reactions, and
pyrodextrinization processes that are related to higher temperatures
above 150 to 250 °C [85,89,102]. It was generally observed that a
combination of higher stirring speeds and higher temperatures resulted
in a more creamy yellow color output than the combination of higher
temperatures and lower stirring speeds that resulted in chard clumps.
This could be attributed to the fact that at higher agitation, the heat
distribution and mass flow rate are more efficient [103]. Even if the
codex standard does not specify the color, researchers have highlighted
that a good gari quality should be creamy yellow [68,69]. The creamy
yellow color outputs (b*) attained in this study are within the recom-
mended band of 19.96 to 43.22 [69]. In this study, moderate a* and b*
values were obtained between 30 and 40 RPM; nevertheless, the higher
the stirring speed, the higher the L* values. Managing temperature and
stirring speed is essential to achieving the desired color values and
changes that are key to food quality and process conditions optimization
[6,89].

3.2.4. Effect on the texture and SI

During roasting at temperatures above 170 °C, larger particle sizes
(above two mm) were observed as confirmed in Appendix A and Fig. 3
(G). The swelling index was greatly affected by the linear and quadratic
temperature coefficients, while the texture was affected by the linear
terms of the temperature and the stirring speed as shown in Fig. 3(fand g
respectively). This means that the temperature had a greater effect on
the swelling index and at different temperatures, different swelling in-
dexes were observed. However, the combination of the stirring speed
and temperature effects, moderately affected the particle sizes (texture).
The runs from 210 to 250 °C resulted in higher particle sizes above three
mm and agglomeration was observed in runs operated at 250 °C with 10
RPM. It was, however, observed that the run with 50 RPM at 250 °C
resulted in a much finer texture. Naturally, starch is sticky, and its rate of
gelatinization is faster at higher temperatures and enough moisture
content [104,105]. It is possible to deduce that higher stirring speed
causes quicker evaporation, preventing particles from sticking together
and resulting in finer texture. Higher stirring speeds guarantee equal
heat distribution, which could prevent starch particles from sticking to
the hot roasting pan surface. Texture is roasting process parameters
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specific [106].

As seen in Fig. 3 (F), the higher the roasting temperatures, the higher
the SI values obtained in these investigations. Denaturation of proteins,
the gelatinization of starch, and the heat’s impact on food’s cell wall
structures that result in solubilization by fibrous structure puncturing,
have a substantial impact on the swelling index (SI), and the perfect pace
of stirring is crucial for optimal quality SI [5]. The temperature greatly
influenced on the texture and SI of the roasted cassava mash to gari.

3.3. Optimization

Heat is used for stimulating starch gelatinization in the roasting
process of foods such as cassava into gari. This occurs when moisture
content, stirring speed, and temperature interact. Optimized roasting
conditions can lead to faster water evaporation, energy savings, and a
higher quality end food product. Therefore, optimization of the impor-
tant parameters is critical. In Fig. 4 the desirability function response
surface optimization technique used in this study is illustrated. The
roasting temperature of 130 °C at 40 RPM stirring speed was found to be
optimum at a desirability of 0.99. At these factors, the optimum re-
sponses were; time (22.27 min), SEC at 1.37 kWh kg’l), L* (74.55), a*
(—2.97), b* (23.98), SI (3.40), and texture (1.36 mm).

This study has demonstrated that roasting is a complex process
because changes to one parameter may impact others, ultimately
affecting the quality of the final product. Additionally, it was observed
that at both lower and higher roasting temperatures and stirring rates, a
non-uniform textural profile was obtained that corresponded to a non-
uniform temperature distribution throughout the sample. To balance
the conflicting responses in the roasting processes, trade-offs in factors
must be made rather than aiming for the highest or least values of all
responses [6,107].

Understanding the fundamental interactions of temperatures (heat
distribution), stirring speed, mass transfer, and their optimal points in
roasting may make it easier to modify old approaches (traditional) and
produce more successful innovations. This could help to preserve quality
and sensory features thereby increasing the acceptability of new sus-
tainable solutions [108].

The optimized run was further subjected to other analysis such as the
validation and real-life applications, drying kinetics models fitting, RoR
analysis and energy distribution as discussed in the following sections.

3.4. Validation and real-life application of models

3.4.1. Validation of predictive models using goodness of fit metrics

With R%, RMSE and MAE values ranging from 0.56 to 0.94, 0.32 to
2.44 and 0.12 to 1.56 respectively across the dependent effects as shown
in Table 4 (Script 1), the models demonstrated high predictive ability
accounting for 56-94% of the variance in the experimental data (lab-
scale). All responses had the adjusted R? values above 0.80 apart from
the swelling index (0.41) and the a* (0.58). Lower R? and adjustable R?
for the swelling index and the a* could be attributed to the limited
variations in response variables across experimental conditions wit-
nessed in this study. For example, all the runs apart from those that
operated at 90 °C resulted into the swelling index above 3.0. It has been
highlighted by other researchers that a low adjusted R? does not
necessarily result into a bad model, but could indicate that the effect
been investigated does not significantly change under the experimental
conditions because the model has little explanatory power [109].

The high prediction accuracy of the models highlights their signifi-
cance in optimizing process parameters. For example the models of the
time, specific energy consumption and L* with R? of 0.94, 0.90 and 0.85
respectively, provides reliable tools for determining ideal conditions to
achieve the desired product quantity, quality and with visual satisfac-
tion while minimizing energy consumption.

Despite the’ strong overall performance of the models, the RMSE/
MAE ratio for the time exceeded 1.5, which may be explained by the
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Fig. 4. Prediction profiler for the cassava roasting process parameters optimization.

Table 4

Validation matrix for the prediction models.
Parameter R? Adjusted R? RMSE MAE RMSE/MAE
Time 0.94 0.92 2.43 1.57 1.55
Specific energy 0.90 0.86 0.17 0.14 1.21
Texture 0.88 0.85 0.50 0.39 1.28
Swelling index 0.56 0.41 0.32 0.25 1.28
L* 0.85 0.80 2.02 1.49 1.36
a* 0.69 0.58 1.23 1.07 1.50
b* 0.85 0.80 1.03 0.90 1.44

time-dependent processes’ intrinsic nonlinearity and variability which
the current model may not fully account for. According to Ali et al,
[110], ratios greater than 1.5 are linked to either excessive variability in
variable patterns or a model that is too simple to account for non-linear
connections. Future research could involve incorporating additional
predictors or using other non-linear modeling approaches to better
capture the dynamics of time dependent responses.

After having met the basic validation matrixes, the models were
applied to larger-scale operations using machining learning (random
forest), and the performance evaluation is detailed in the section that
follows.
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3.4.2. Real-life application: Designing and analysing of scaled predictions
(quality and energy metrics)

The Random Forest models (Script 2) accurately predicted the
operational parameters for the most commonly used roasting pan size in
Togo for cassava roasting using the lab-scale optimized and validated
predictive models, as illustrated in Fig. 5 (a). The design parameters
were: SEC = 1.68 kWh kg-gari’l, time = 23 min, L* = 73.44, a*
—2.50, b* = 24.57, swelling index = 3.55 and texture = 1.12 mm.

The surface volume and mass ratios of the lab-scale to real-life
roasting pans ranged from 1 to 7 (0.028 to 0.1969 m?) and 1 to 4.5
(4.5 to 20 kg) respectively. The greater surface area enhances heat
transfer, but it may also result in excessive energy consumption due to
the roasting pan’s larger mass [111]. To reduce the heat loss, the outside
insulation of the roasting pan was reinforced.

Changes in the ambient temperature had a substantial impact on the
energy required for roasting with a factor of 2 (40 to 20 °C, lab-scale to
real-life). Increased initial temperatures resulted into the reduction of
the temperature differential (AT) between the targeted temperature of
130 °C. This reduction led to lower energy demands for heating the
substance and the roasting pan. The random Forest model factored in
this energy load factor emphasizing its reliability in various ambient
conditions. These findings highlight the importance of considering
ambient conditions in energy systems designing and assessment for the
roasting processes [112].

Even if the design process was well executed, future studies should
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explore the use of more advanced machine learning models such as
neural networks and ensemble learning to enhance the accuracy of
predictions for energy and quality parameters. These models could also
incorporate additional features such as humidity and specific roasting
pan coatings.

The roasting pan was developed and set up at Lome University in
Togo. Table S1 highlights the performance evaluation, while the
following section discusses the predictive models and real-world com-
parison outcomes.

3.4.3. Comprehensive analysis of predicted vs real-life data (validation)

The major purpose of this investigation was to determine how
effectively the prediction model generated from the lab-scale system
replicates real-world outcomes across a variety of factors, including
temperature, agitation speed, and specific energy.

The mean difference bar chart Fig. 5 (b) illustrates the differences
between expected and actual means for each effect (Script 4). Overall,
the model exhibited negligible mean differences for the majority of
impacts, indicating a strong fit with real-world data. For example, the
mean difference for temperature was just 0.73 °C which was not sig-
nificant different from the 130 °C prediction, indicating accurate fore-
casts. However, the model somewhat overstated texture (p <0.001), a*
(p<0.05), and specific energy (p<0.05), values, which may have an
impact on the particle sizes, the color and energy efficiency forecasts. It
was nice, however, to get a better texture for the gari than expected.

Differences in texture could be attributed to differences in grating
equipment, roasting operator expertise, or heat application moods
[113].

The Bland-Altman plots, which are summarized in Fig. 5 (c¢) and
separately for the factors and effects shown in supplementary materials
(Fig. S3) performed in Script 3, allowed for a deeper comprehension of
the agreement between predicted and actual values. At —5.13 min, time
had the smallest negative mean difference, whereas b* had the largest
positive at 0.94 (average bias).The positive sign signified that the pre-
dicted value was higher than the real-life, e.g. predicted time was 23 min
while real-life was 28.1 min. Close alignment on averages of the real-life
values and the projected between the temperature agitation speed and
L* was observed with a not significant affirmation as shown in Fig. 5
(b).

However, the standard deviations of 11.52 and 0.04 (higher or below
+1.93) for temperature and texture, respectively, indicate that, while
the average forecasts were close, individual batch estimates varied
significantly. This is demonstrated by the disparities between the pre-
dicted 23 min and the 28.1 min real-life roasting time. The higher time
difference could be as the result of the solar irradiance swings that
greatly affected the temperatures.

In Fig. 5 (d), the optimized lab-scale, RF predicted and the real-life
(Solar-PV) mean values are compared. The results of the Tukey HSD
test indicate that there are no statistically significant differences be-
tween the models means specifically with a p-value of 1. This means that
any observed differences are consistent with random variation, implying
that the models performed similarly in terms of the measured parame-
ters [84].

This also explains the variety in individual batch variables, such as
temperature, where the lowest was 111.91 and the highest was
160.08 °C, as shown in supplementary materials Table S1. The results
show that, while the model performed well overall and all the effects
kept within the standard and quality requirements, aspects such as
temperature, texture, and specific energy that might fall under or higher
the target of +1.91 set by the Bland-Altman (130 °C, 40 RPM and 26
min), require additional study techniques to improve practical
dependability as recommended by [114]. The main cause of the fluc-
tuation could be attributed to rapid variations in solar PV irradiance.
This begs for more studies on how to combine the inconsistencies that
come along with the energy sources, quality of raw materials (cassava),
human interface, climate circumstances, and technology used during
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model and design forecasts.

The predicted values are close to the real-life averages, which are
encouraging and indicative of a strong agreement on a general level.
Even if the Bland-Altman analysis indicated that there is significant
variability in individual batch forecasts, as seen during the evaluation of
the PV-powered roasting system, other studies have recommended that
so long majority data points fall in between the upper and lower LOA (as
a case in this study Figs. S3), the reproducibility and credibility of the
results is good [115,116].

A rigorous comparison undertaken between the electric energy
powered roasting systems (Lab-scale, predicted and solar PV-real-life)
and the woodfuel cookstoves currently been used in the Maritime re-
gion in Togo. The results as reported in Table 5, show significant energy
savings of around 81.41% with electric powered devices. The higher
temperatures recorded in contrast to the optimized 130 °C achieved by
the electric energy-powered roasting equipment could illustrate the in-
efficiency of traditional woodfuel cookstoves [16]. These findings
demonstrate the potential for significant energy savings and efficiency
advantages through the implementation of improved roasting
technology.

3.5. Roasting kinetics and energy distribution of the optimized run
(130 °C, 40 RPM)

3.5.1. Temperature profiles, RoR and RoEv

The highest RoR of roughly 21.08 °C min-1 (0.35 °C second }) was
attained in minute 2.23, which corresponded to temperatures of 71.50
and 133.20 °C for the cassava mash and roasting pan surface, respec-
tively, as shown in Fig. 6. Consequently, the moisture content of the
cassava mash decreased steadily from 0.95 to 0.87 dry basis as the
temperature increased as, shown in Fig. 7 from S, to Sg translating into
0.012 kg cumulative evaporated water at V (0.004 kg min ' RoEv). This
stage could have portrayed the initial adjustment period of drying where
the pre-heating takes place as indicated in Fig. 7 (S to S2) and lasted for
only one minute [117]. It might be concluded that the initial drying
period coincided with the constant rate period.. This is in agreement
with the observations from other researchers who deduced that the
surface water and the interstitial water get evaporated initially followed
by the free water in the constant rate period [118,119]. The RoEv curve
was stepper in the first 4 min (S to A) of the process than the rest of the
process (A to C), further indicating that the dehydration rate was faster
from S to A as than from A to D.

As the temperature of the pulverized cassava mash increased from A;
to Ag via Ay, it could be seen in Fig. 6 that the RoR was turbulent (from
A; to By). There are several possible causes for the instability in the RoR,
including thermal inertia from the initial quick heat absorption of the
cassava mash particles, which could result in a dramatic increase
[120,121]. Generally, unstable heat distribution could result in unstable
heat transfer to the cassava mash surface [122].

Between minutes 3 and 8, the RoR stabilized and subsequently

Table 5
Comparison of the lab-scale, predicted, solar PV (real-life) and the woodfuel
cookstoves values.

Parameter Lab- Predicted  Solar Woodfuel
scale PV cookstoves

Temperature (°C) 130 130 130.73 494.28

Agitation speed (RPM) 40 40 40.2 N/A

Time (min) 22.27 23.59 28.13 20.86

Specific Energy 1.37 1.68 1.45 7.37
(kWhkg™1)

L* 74.55 73.44 73.67 73.96

a* —2.97 —2.5 -3.15 -3.25

b* 23.98 24.57 23.63 24.48

Swelling Index 3.41 3.55 3.41 3.85

Texture (mm) 1.36 1.12 1.34 1.69

Woodfuel cookstoves data from [16].
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Fig. 7. Dynamics of moisture content and water evaporation during roasting over time.

declined from approximately 19.20 to 7.97 °C min~! (Fig. 6). The sta-
bility could be explained by the roasting pan surface temperatures
remaining stable at around 130 °C, resulting in a gradual increase in
cassava mash temperature from around 85 to around 101 °C by the end
of the roasting process. Smooth temperature changes in the product
being roasted result in smooth RoR [31]. This time frame might repre-
sent the first falling period (S3 to S4 Fig. 7). After 15 min of processing,
the color of the cassava mash started changing from white to creamy
white. This may be attributed to the fact that starch granules, when
heated in the presence of water, absorb water and swell, making it easy
for some starch components, mainly in the form of amylose, to leach out
of the granules and solubilize. The granules rupture (gelatinize) when
the temperature and the water absorption increase [123].The presence
of moisture and cassava mash temperatures above 80 °C during this time

frame may have allowed gelatinization of starch and detoxification
[106,124,125].

The second falling stage lasted from minute 20 to 22 (end of the
roasting procedure), by which time the cassava mash had converted into
gari (S4 to S5 in Fig. 7). When the temperature of the cassava mash
exceeded 94 °C (minute 15) texture creation became obvious, but the
moisture content remained high. However, in minute 22, the moisture
content was reduced to around 10.2%, and the degree of dryness was
sufficient to affect the gari’s crispiness. The total cumulative water
evaporated was 0.132 kg. The achieved temperatures were significant to
affect the quality (color, sensory, and swelling index) of gari. Further-
more, the duration attained of 22.27 min is lower than the 30 min re-
ported by other researchers [126]. The differences might be due to the
different cookstoves and energy sources.
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3.5.2. Energy consumption and energy efficiency

Fig. 8 illustrates the energy performance. Fig. 8A displays the specific
energy consumption (SEC) and Cumulative Specific Energy Consump-
tion (CSEC) in kWh kg™, whereas Fig. 8B displays the energy con-
sumption and Cumulative Energy Consumption (CEC) in kWh. In the
first two minutes of roasting, peak energy consumption and SEC were
0.022 kWh and 0.076 kWh kg-1, respectively, generating 0.18 kW CEC
and 1.14 kWh kg™! CSEC. The energy consumption remained stable
between 0.09 and 0.01 kWh (0.029 and 0.04 kWh kg’1 SEC) until the
roasting process was completed. The first peak, which is also shown in
the temperature graph (Fig. 6), may be related to the energy required to
start the cooking process and overcome the thermal inertia of the cas-
sava mash and cooking utensils [90]. The total energy efficiency of this
run was 54.93%.

3.5.3. Drying kinetic modeling

Generally, the roasting of cassava mash to gari showed similar drying
characteristics to most agricultural products, as indicated in Fig. 9. The
Midilli-Kicuk model was preferred even though it had a lower R?
(0.9974) than the Page model (0.9982), as shown in supplementary
matterials (Appendix D). This is because the difference in R? (0.08%) is
very small, but the SSE (0.00537 for the Midilli-Kicuk and 0.0156 for the
Page) is significantly different by 65%. As demonstrated in Table 3, the
Midilli-Kucuk’s lower SSE, MSE, and RMSE suggested a better overall fit
in terms of error minimization. A lower SSE suggests a better match
[6,29,54]. Table 6 shows the values for the four constants (a, b, k, and n)
in the equation that defines the Midilli-Kucuk model.

In terms of drying time at selected temperatures for roasted cassava
mash into gari, the difference between the experimental and predicted
MR using the most suitable models is displayed in Fig. 9. The models
used in this study (Table 6 and Fig. 9) satisfactorily demonstrate to
represent the drying characteristics of cassava mash to gari, although the
experimental roasting time did not exactly match the actual data. This
situation has been reported by other researchers [127-130]. To explain
the drying behavior of various materials, including groundnuts [131],
bay leaves [132], apricot kernels [133], moringa leaves [28], and many
more numerous researchers have also fitted the Midilli-Kucuk kinetic as
the best thin layer drying model to their data [134,135].

Therefore, by optimizing the Midilli-Kucuk drying kinetic model for
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Fig. 9. Fitted drying kinetics for the optimized cassava mash to gari run
(130 °C and 40 RPM).

the roasting of cassava mash at 130 °C and 40 RPM stirring speed in this
study, the most appropriate thin layer equation proposed could be
defined as:

MR = 1.0143exp( —0.01255t"%%%) — 0.01434¢ (10)
As depicted in Equation (10), the coefficient of the constant ‘a’ repre-
sents the material’s initial moisture content. According to certain re-
searchers, optimizing the “k” constant has a significant impact on the
dying system’s energy efficiency [56,136-138]. When investigating the
behavior of the drying kinetics of drying Moringa oleifera at different
pretreatment statuses, Ambawat et al. [28] observed an increase in ‘k’
and ‘a’ coefficients as the temperature increased. This led them to
postulate that the product’s internal diffusion mechanism and the en-
vironment’s capacity to absorb the water could cause an acceleration of
moisture migration in response to temperature increases. Coincidently,
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Fig. 8. Roasting process energy performance of the optimized run.
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Table 6

Parameters of the drying models and goodness of fit achieved for the cassava pulp roasting.
Model SSE MSE RMSE Constants

k n a b

Midilli-Kucuk 0.00537 0.000283 0.01681 0.01255 1.4038 1.0143 —0.01434
Wang and Singh 0.011587 0.000552 0.02349 - - —0.03744 —0.00026
Page 0.015573 0.000742 0.02723 0.01026 1.7168 - -
Lewis 0.176605 0.008028 0.08960 0.06491 — - —

k represents drying constants; a, b and n are coefficients and t is time.

this study found that the drying curve grew steeper at higher roasting
temperatures, a strong signal for higher drying rates, as Fig. 5 (A; to Az),
6 (S to A), and Sy to Sy illustrate. As a result, as the temperature
increased rapidly, the RoR became unstable, as shown in Fig. 6 (A; to
B,), and energy consumption increased (Fig. 8).

The model achieved in this work exhibits nonlinearity and an
accelerated first falling drying phase behavior, which is further
confirmed by the positive ‘n’ constant greater than 1. It was physically
observed that most of the weight in the cassava mash, which signified
moisture loss (drying), was achieved in the first drying period, with
temperatures ranging from 88 °C to 101 °C for the cassava pulp and an
average of 130 °C for the roasting pan surface. After heating, free
moisture in the material evaporates from the solid surface. The higher
the temperature of the roasting pan, the higher the temperature of the
cassava mash, which causes a faster decrease in MR and an acceleration
of moisture migration [53,54,137,139,140]. Another conclusion that
could be drawn is that the temperature-activated mass transfer diffusion
that led to the quick and continuous drop of the MR was the cause of the
cassava mash weight decrease that was observed during roasting [141].

3.6. Limitations of the study

Despite the remarkable findings, this study has a number of draw-
backs. The regulated conditions in the lab-scale setups may not have
fully reproduced the unpredictability, non-linear and operational diffi-
culties of real-world systems, such as varying constituent characteristics,
changing environmental conditions, human errors and solar irradiance.
Scaling up the findings to bigger systems may result in inconsistencies in
heat distribution, energy dynamics, and equipment efficiency. These
aspects should be taken into account when extrapolating the findings to
other industrial or real-life scenarios. Future studies should focus on
integrating all probable effects of the roasting processes such as solar
energy intermediacy, roasting under different food systems and human
to equipment interactions in the machine learning models.

3.7. Conclusion

This research demonstrates a creative and practical approach to
improving energy efficiency and energy source diversification and
transition from woodfuel based roasting to solar PV. By successfully
optimizing the specific energy consumption, temperature and its RoR,
stirring speed, and duration for roasting cassava mash into gari while
maintaining standard quality requirements, this study further highlights
the possibilities of promoting sustainable food roasting techniques. The
developed processing and quality prediction models fitted very well
with the experimental data highlighting their accuracy and application.

Utilizing a random forest regressor model, it has been shown that
lab-scale research findings may be effectively used to forecast important
design parameters for practical use, including temperature, agitation
speed, product quality metrics, and roasting pan geometry. The data
showed that enhancing roasting pan geometry specifically increase
surface area, improves heat distribution but demands careful balancing
to avoid increased energy consumption caused by increased thermal
mass. Furthermore, the impacts of initial (ambient) temperatures on the
final energy consumption have been highlighted.
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The python based machine learning scripts developed in this work
offer an invaluable tool for optimizing roasting systems. The random
forest scripts can be integrated into design platforms such as solidworks,
enabling predictive modeling during the design process and decreasing
the need for actual prototypes. Such integration enables the rapid con-
struction of energy-efficient roasting systems adapted to individual,
regional and site specific operational requirements.

For the food industry, particularly for the cassava processing into
gari, this research has significant implications and impacts such as;

e Process Optimization: The findings regarding the optimal roasting
duration, stirring speed and temperatures could help processors
optimize their operations for efficiency and consistency, reducing
waste and increasing quality output. Considering the RoR in roasting
processes design could improve the efficiency of both the process and
the quality of the products.

Product Quality: The research provides insights into how temper-

ature, RoR, and stirring speed affect the quality parameters of the

final product. This could help processors improve the quality of their
products, potentially leading to higher customer satisfaction and
increased market share.

Energy Efficiency: This research could help food processing com-

panies reduce their energy costs by optimizing the energy con-

sumption during the roasting process, which could lead to increased
profitability.

Process and Quality Parameters Prediction and Modeling: The

research’s ability to develop well-fitting prediction models for the

process factors and responses and the use of the Midilli-Kucuk drying
kinetic to fit MR data, could provide a valuable tool for predicting the
drying behavior of cassava during roasting. This could aid in process,
design, control and optimization with the possibility of using Arti-
ficial Intelligence (AI) for smart roasting system development. These
models could be used for roasting equipment and process designing.

Sustainability: Reducing energy consumption in food processing

contributes to industry’s sustainability goals. By optimizing energy

and resource use, processors and companies can reduce their carbon
footprint, contributing to global efforts to combat climate change.

e Energy transition: This study focuses on energy transition using
creative modeling, practical design solutions, and sustainability
principles. It encourages efficient designing of solar energy based
roasting systems and serves as part of the templates for incorporating
machine learning and energy efficient techniques in the quality food
processing industry harmonizing with global initiatives to combat
the climate change.

This research could contribute to best practices in the roasting pro-
cessing industry, leading to improvements in efficiency, product quality,
postharvest loss reduction and sustainability. It is a great example of
how theoretical scientific research can be transformed into real-life
scenarios and dynamic innovation in food industry.
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