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Abstract

Product weight variability is considered a problem since it generates wastes and additional costs, due
to the non-compliance of specifications and the consequent rejection of the product. To address a weight
variability problem in Bakery Donuts Portugal, Lda, a troubleshooting approach, using the multivariate
analysis method PLS (Partial Least Squares) and continuous improvement tools, was applied to one
of the production lines. A PLS model was built, for a specific segment of the bakery process, and a
multi-response optimization of operating parameters was also performed within its latent variable space.
With the improvement measures proposed, a financial return was estimated, as well as the improvement
of operators’ working conditions and the reduction of the environmental impact by the decrease of waste
production.
Keywords: Variability, Waste, Continuous improvement, Multivariate analysis, Troubleshooting,
Bakery process optimization

1. Introduction

Variability and waste arise as two concepts that
both generate and eliminate one another. As a
consequence of process and product variability, the
specifications, in terms of dimensions and weight
for example, are not satisfied and the product is
rejected, generating waste. Furthermore, all the
energy resources, raw materials, package materials
and manpower used to produce the rejected product
are also considered wastes. The presence of waste
also captures the operators and engineers’ atten-
tion, resulting in more waste generation and vari-
ability sources camouflage [1].
Nowadays, manufacturing industries are changing
their paradigm in such a way that the increase
in profits is no longer the only motivation for
waste reduction and/or elimination. New chal-
lenges have emerged from excessive consumption,
resource scarcity, environmental impact, new qual-
ity conceptualization from consumers and social as-
pects. In the particular case of food industry, the
standards’ compliance subjected to the existing leg-
islation is also another restricting factor for the
range of possible solutions. The resource allocation,
therefore, must be done consciously, efficiently and
effectively [2].
To do that, technological advances and the invest-

ment in adequate up-to-date equipment play an im-
portant role in reducing waste and variability at the
same time [2]. Equipment for monitorization and
control purposes would provide a set of historical
and, in some cases, on-line data that could be used
in data-driven (including multivariate techniques)
problem-solving approaches, namely in continuous
improvement programs [3]. However, especially in
food technology, due to intrinsically complex prod-
uct matrices and the biological processes underly-
ing most food products, specific equipment for the
measurement and the monitorization of numerous
variables is required. The lack of investment in
such technology and equipment in food industry
area, also shown in a report published by European
Commission [2], makes the application of innovative
troubleshooting approaches not possible, pulling it
behind when comparing to other manufacturing in-
dustries. Thanks to the absence of this kind of tech-
nology, a multivariate data analysis applications ex-
amples in the food industry are not the most fre-
quent in the literature. Some authors who have
applied univariate methods emphasize the need to
use multivariable techniques to overcome the lim-
itations of the univariate analysis since most vari-
ables depend on each other [4]. These multivariate
methods have been applied in food industry for op-
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timization of product quality or process conditions
[5], but it is known that potential applications like
the predictive capability of final product quality as
a function of raw materials specifications would be
very advantageous [3].
In this work, a multivariate data analysis method,
PLS (Partial Least Squares), as well as other con-
tinuous improvement tools have been applied in a
food production line for troubleshooting and pro-
cess parameters optimization. This project is in-
cluded in the continuous improvement program ap-
plied in Bakery Donuts Portugal, Lda and the ad-
vantages and disadvantages of the approach chosen
are discussed later.

2. Literature Review

2.1. Definition of Continuous Improvement
Although a consensual definition has not been
found in literature, Marin-Garcia et al presented a
combination of ideas introduced by other authors,
resulting the following definition: ”small incremen-
tal changes in productive processes or in working
practices that permit an improvement in some in-
dicator of performance, that do not require big in-
vestments in order to implement them, and in which
all members of the firm are involved” [6].

2.2. PDCA Cycle
Continuous improvement projects have intrinsically
an iterative nature which is reflected in the PDCA
cycle. PDCA means Plan-Do-Check-Act and each
letter corresponds to a cycle step. In Plan step, the
current situation is analyzed and ideas for solutions
are brainstormed and selected. In the next step, Do
phase, those ideas are implemented and measured
on a trial basis. Then, in Check phase, the effects of
the changes made are examined to see if the desired
result was achieved. If that is verified, in Act step,
incremental changes are implemented on a perma-
nent basis. In order to maintain the desired results,
a standardization cycle is applied after each PDCA
cycle and before the beginning of a new one. The
standardization cycle is called SDCA cycle. SDCA
stands for Standardize-Do-Check-Act, and it works
analogously to the PDCA cycle. It is worth noting
that, in continuous improvement projects, mainte-
nance activities are clearly distinguished from im-
provement activities, as they are both executed in
parallel.
A similar sequence of steps is used in data-driven
methodologies, the DMAIC method. DMAIC
stands for Define-Measure-Analyse-Improve-
Control, and, analogously to PDCA cycle, each
letter corresponds to a phase of the method.
DMAIC also includes the standardization step and
monitorization of the results, and Montgomery sug-
gested that this method can be used transversally
to processes, products, and services, regardless the

methodology employed by the company.

2.3. Multivariate Analysis and PLS
Multivariate analysis can be used for three distinct
purposes: exploratory data analysis, classification
and regression analysis. In this particular case, mul-
tivariate analysis was used as regression method to
find relations between X and Y-blocks that mimic
a given process [7]. There are several regression
techniques, such as MLR (Multiple Linear Regres-
sion), PCR (Principal Component Regression) and
PLS (Partial Least Squares). PLS is the tech-
nique used in the present work and it consists of
a data compressing method, or dimension reduc-
tion method. The result from data compression in
both X and Y-blocks of variables is the definition
of latent variables, which are calculated to satisfy
the maximum established covariance between these
variable blocks. PLS distinguishes from other re-
gression methods since data compression is done in
such a way that the most variability present in data
set is explained by both blocks of variables, becom-
ing a more mathematically complex technique but
with an easier to make interpretation [8].

3. Materials and Methods

Since this work was integrated into Bakery Donuts’
continuous improvement program, the methodology
applied was the structured problem-solving strategy
used in Manufacturing Department. This strategy
comprises 8 sequential steps: 1) problem identifica-
tion; 2) basic operation conditions re-establishment;
3) sampling plan definition; 4) intensive data col-
lection; 5) analysis of the data and identification
of the causes that originate the critical inefficien-
cies; 6) planning and implementation of improve-
ment solutions; 7) analysis and monitorization of
results after improvements implementation; 8) con-
clusions and future work suggestions. These se-
quential were organized into the differents phases
of DMAIC method: Define, Measure, Analyse, Im-
prove and Control.
The original work [9] includes data treatment for
three different products from Bakery Donuts R© Por-
tugal, nevertheless, this report focuses only one
product. Thus, this work’s target is a segment of
the baking process of a rounded cake with chocolate
chips.

3.1. Define Phase
Define phase consists of identifying and specifying
the problem using several criteria. The target pro-
duction line was selected based on the lowest effi-
ciency. As a consequence, to a low efficiency corre-
sponds a high portion of inefficiencies. To investi-
gate the causes of efficiency loss, 5 different ineffi-
ciencies were considered: exchange format; down-
time caused by equipment damages; waste from
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product rejection; time spent in breaks for meals
and other basic needs; undefined failures, which
are not discriminated on the other categories but
also contribute to efficiency loss. The significance
of these inefficiencies was compared in terms of fi-
nancial impact and operating time loss.

3.2. Measure Phase
During Measure phase variables were chosen, and
they are listed below, and data was collected inten-
sively regarding the established sampling plan.
• Troom (oC) is the room temperature measured

in the production room
• Tdough (oC) is the temperature of the dough

after kneading process
• tblocks (s) is the interval between the cutting of

the dough in block shape
• S1, S2, S3 and S4 (dimensionless) are the

heights of sheeters number 1, 2, 3 and 4, re-
spectively

• w (g) is the weight, in mass, of each cake
A sample can be defined as a set of 5 cakes, one
cake from each position at the exit of the cutting
machine. The cakes from each sample were weighed
on a bench scale while the laminated dough was
continuously cut. The dough is produced batch-
wise, however, both the dough sheeting and cutting
processes are continuous, meaning that after each
dough batch is produced it is added to the previous
one while this is still being sheeted and cut, in or-
der to guarantee the overlap between the two dough
batches. The extension of the dough covered by the
weighing time was defined such that this overlaping
region is not included. For each batch, a set of sam-
ples, called population, was collected. The number
of samples in a population varied 6 to 10, that is,
from 30 to 50 cakes. According to the Military Stan-
dard 105E (ANSI/ASQC Z1.4, ISO 2859), using a
Acceptance Quality Level of 10%, inspection level II
and normal inspection for single-sampling, the sam-
ples should have a size of 125 observations, in this
case, 125 cakes [10]. Since all the data was collected
manually, without any automatic equipment, it was
not possible to register the values of the variables
and to weigh this amount of cakes.
In this case, a Design of Experiments was not car-
ried out because the data collection was subject
to the production conditions, such as the produc-
tion scheduling, the room temperature (which was
not controlled by any control system), interruptions
caused by equipment failures, or the operators’ de-
cisions regarding the chosen kneading, sheeting and
cutting parameters. Data collection was performed
during February until June, therefore, variations in
room temperature were noticed.

3.3. Analyse Phase
At this stage, the data collected was analyzed and
the potential causes for the inefficiencies were as-
sessed and, in some cases, validated. To do that,
not only multivariate analysis but also daily pro-
cess monitoring and the use of 5 Why’s tool were
fundamental to reach the root causes and to suggest
solutions for the problem.

3.3.1 Data Pre-treatment
Prior to model building, it was necessary to arrange
the data and to calculate values of variables that do
not result from direct measurements. In order to
establish a correspondence between the measured
variables and the weight of the cakes from each
sample and from each population, it was necessary
to calculate the average and the standard devia-
tion. Using the data from each population, the av-
erage weight, w̄, was determined through Equation
1, while the standard deviation of the population,
σw , was determined by Equation 2. In these equa-
tions, n represents the number of cakes of each pop-
ulation, and i can vary from 1 to n.

w̄ =
1

n

∑
wi (1)

σw =

√
1

n

∑
(wi − w̄)2 (2)

Moreover, the height of sheeters number 3 and 4
were not used as variables. Instead, a difference be-
tween heights from sheeters number 2 and 3, ∆S2,3
(Equation 3), and from sheeters number 3 and 4,
∆S3,4 (Equation 4), were calculated.

∆S2,3 = S2 − S3 (3)

∆S3,4 = S3 − S4 (4)

3.3.2 Multivariate Model Building
A PLS model was constructed for a set of opera-
tions comprised between the cutting of the dough
in blocks, after kneading step, and the cutting of
the sheeted dough into individual cakes. This set of
operations was called sheeting/cutting operations.
Table 1 shows the input and output variables for
this model, and a set of 114 populations was used.
The diagram containing the segment of the process
covered by this project is presented in Figure 1.

Table 1: Input and output variables included in
sheeting/cutting model building.

Input variables Output variables
Tdough S2 w̄
Troom ∆S2,3 σw

tblocks ∆S3,4
S1
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Figure 1: Operating steps of the considered bak-
ery process, comprised by sheeting/cutting set of
operations covered by this project.

For the construction of PLS model, the software
MODDE Pro 12 was used, and the quality of this
model was assessed using the values of PLS param-
eters given by the software. As a default procedure,
the data set was normalized by unit variance and
mean centered, when it was introduced in the soft-
ware. The optimal number of latent variables given
by the software is determined by a cross-validation
criterion. These parameters are R2, representing
the fraction of variation of the data that is explained
by the model which gives information about fitting,
and Q2, or predictive capability, which corresponds
to the fraction of variation that is predicted by the
model (determined by cross-validation).
The next step was the outliers removal. Outliers
are observations that are distant from the remain-
ing data set. These were removed iteratively based
on their distance to Observed vs Predicted linear
trendline, from each output variable. This proce-
dure was repeated until the best quality assessment
parameters of the model were achieved. Observed
vs Predicted gives the relationship between exper-
imental observations and the respective value pre-
dicted by the model.
External validation was also performed and the
training set was chosen according to the following
criteria: the chosen populations cover the space de-
fined by the latent variables and they represent 60%
of a total number of populations used in the mod-
els, after outliers removal. To quantify the model
capacity to predict the remaining 40% not included
in the training set, the Root Mean Square Error of
Prediction (RMSEP) was calculated for each out-
put variable. Once it is applied to external val-
idation, this error was denominated RMSEPext val

and it can be determined using Equation 5, where ŷi
and yi are the values predicted by the model and the
actual experimental values introduced, respectively,
N is the total number of populations from valida-
tion set. The validation set is the total amount of
populations used in model building, after outliers

removal, excluding the training set.

RMSEP ext val =

√
1

N

∑
(ŷi − yi)2 (5)

3.3.3 Experimental Validation
The constructed model was validated with experi-
mental data, in a total of 53 populations, not con-
templated in model building step. The data collec-
tion procedure was the same as it was described
previously (subsection 3.2) and, since it was ap-
plied to validation using experimental data, the er-
ror quantification of prediction was performed us-
ing RMSEP by Equation 5 but with a different in-
dex, RMSEPexp val. Similarly to the previous case,
RMSEPexp val was determined for each output vari-
able.

3.3.4 Causes Identification
Potential causes were pointed out using the 5 Why’s
analysis tool. Some of the potential causes were hy-
pothesized and validated based on daily observation
of the process, on operators opinions according to
their experience of working with the process every
day and on multivariate analysis results. Due to
the complexity of the core problem, this analysis
was divided into two stages, starting with a gen-
eral approach and then specifying a more particular
problem (results not shown). Ishikawa diagram was
filled with the identified root causes from the two
stages of the analysis, according to their categories:
Material, Method, Manpower, and Machine.

3.4. Improve Phase
Improve phase comes as a natural consequence of
causes identification. The objective of finding root
causes is to eliminate them or to reduce their effects,
and this can be achieved with the implementation of
improvement solutions. For some of the identified
root causes, a solution was proposed.

3.4.1 Solutions Priorization
Given the all the improvement measures result-
ing from the previous analysis step, only some of
them were selected for implementation respecting
several constraints and other criteria defining their
feasibility. At this stage the financial return pre-
dicted, coming from the implementation of sug-
gested solutions, was also estimated. To do that,
historical data from Bakery Donuts Portugal Lda
facilities, from 3 categories, was converted into
euro/year. The categories considered were over-
weight, the percentage of product weight above the
specified weight, the amount of product rejected,
because it doesn’t meet the required weight to be
commercialized, and the time lost in production line
interruptions caused by severe cake weight fluctua-
tions.
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3.4.2 Optimization and Standardization
Using the MODDE multi-response optimization
tool, the process parameters from sheeting/cutting
model were optimized. The objective was to find an
experimental solution which verifies a set of con-
straints, in the latent variable space covered by
the model, using a desirability function. Thus, it
was mandatory to guarantee that the imposed con-
straints matched the model variable ranges. The
optimal situation for this particular case was de-
fined as the process conditions that yield a mini-
mum value of σw and a value of 36.5 g for w̄, al-
though a range of ± 0.5 g was considered accept-
able.

3.5. Control Phase
In Control phase, the success of implemented solu-
tions was verified. Since it was not possible to exe-
cute all the proposed improvement solutions while
this project was developed, only the optimal pa-
rameters of sheeting/cutting model were tested and
validated.

3.5.1 Optimization Parameters Validation
After accepted optimal parameters from sheet-
ing/cutting model were implemented, a data set
composed of 20 populations, with 10 samples each,
in a total of 1000 cakes, was collected to validate
the viability of these parameters. The value of RM-
SEP applied to this data set, called RMSEPopt val,
was determined, for each output variable from this
model, using Equation 5 with the necessary substi-
tutions.

4. Results and Discussion

4.1. Problem Identification and Priorization
According to the criteria referred (subsection 3.1),
the two most problematic inefficiencies identified
were waste from product rejection and undefined
failures, which include the interruptions in produc-
tion line caused by severe product weight fluctu-
ations. To address these inefficiencies, the chosen
target for this project was concentrated on prod-
uct weight variability at the exit of the cutting ma-
chine, the machine was individual cakes are formed.
Hence, the main problem was clearly defined and
denominated ”cake weight variability at the exit of
cutting machine”.
Variability was approached in two levels and the
variables used for each case were different. The vari-
able w̄ was used to represent cake weight variability
between different dough batches, while variability
throughout the same dough batch was translated
by σw .

4.2. Multivariate Model Building
Multivariate models were constructed using PLS.
For this case, a multivariate approach was consid-

ered appropriate since there were many variables,
some of them interdependent. The particular choice
of PLS was made in accordance with the results
shown in the literature, since PLS appears as the
method with the best fitting and predictive capac-
ity values, comparing to MLR or PCR.
Before model building, since two process phases can
be clearly distinguished, the variables were orga-
nized into two different models: kneading model
and sheeting/cutting model. For troubleshooting
purposes, the analysis consisted in investigating the
contribution of each input variable in output vari-
ables as well as the relationship between them.

4.2.1 Sheeting/Cutting Model
After removing the outliers, the model was built
with 66 populations, 3 latent variables and the val-
ues of PLS parameters obtained were 0.62 for R2

and 0.53 for Q2. External validation was also per-
formed and, since the values of RMSEP come in the
same units as the variable units for which this indi-
cator is being determined, RMSEPext val was calcu-
lated as a percentage, relative to the average vari-
able value determined from the data set used for val-
idation. The obtained for each output variable were
1.16 for w̄ and 14.8 for σw . Taking into account that
PLS parameters values should be, as much as pos-
sible, close to 1, these values for sheeting/cutting
model can be considered as low. A few reasons were
pointed out to justify this fact. In the first place,
it is important to note that the variables involved
in sheeting/cutting operations are more than those
that were included in the model since the only vari-
ables used in the model building were the measur-
able ones. For example, concerning the folding step,
in which the dough, already laminated by sheeter
number 1, is continuously folded into 3 parts for
further sheeting and cutting steps, it was not possi-
ble to measure any variable related to this step nor
to monitor the conditions under which it was being
done. Later on, it will be explained how the imbal-
ances in the folding step influence the subsequent
steps. Moreover, it is possible to conclude that the
effects of spare variables, not included in the model,
are more severe for variable σw than for w̄, which
is reflected by the fitting and predictive capability
values for these variables. Thus, since some vari-
ables were not measured and, consequently, were
not accounted for the model, it is possible that the
dimension of collected populations was not enough
to ensure the representativeness of process variabil-
ity. This hypothesis is supported by the military
standard explained in subsection 3.2.
In spite the nature of the data is not the same,
in the study found in [11] the authors intended to
identify the variables related to low product qual-
ity and the results are similar to the ones obtain
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in the present model (in this reference, the authors
show a value of 0.48 for Q2). On the other hand,
the examples of studies found in [7] or [12], for ex-
ample, the values for R2 and Q2 are approximately
0.90 and 0.70, respectively. However, the measur-
ing equipment used in these cases are able to collect
data in a precise and automatic manner, most of the
times online, and also to feed the data directly to
the software. Hence, despite the limitations shown,
the study continued using the present model.
Observing the Coefficients plot for this model, and
for both output variables separately (Figure 2 and
Figure 3), the most significant input variables for w̄
are Tdough, S2 and ∆S3,4 and for σw these variables
are tblock, S2 and ∆S3,4. The other input variables
are considered not significant, however, they were
kept in the model since it is known that these vari-
ables actually contribute for the values obtained for
the output variables. This contribution is not vis-
ible most likely due to the fact that the data was
collected manually and the amount of samples may
be not enough to represent the process variability
(subsection 3.2). For some of these variables, the
analysis was held anyway.

Figure 2: Coefficient plot for the output variable w̄.

Figure 3: Coefficient plot for the output variable
σw .

Concerning Tdough, an increase in its value can
cause an expansion and, in extreme situations,
dough fermentation can be early activated. Since
the first cutting step after kneading operation is
based on the volume present in the cutting area,

the expanded dough blocks obtained have the in-
tended volume but with less amount of dough in
terms of mass, producing cakes with a lower av-
erage weight. An increase in Troom can turn this
effect even more severe. According to the results
from model building, the input variable ∆S3,4 is
shown to be inversely related to w̄, meaning that
an increase in its value results in a decrease of av-
erage cake weight. Supposing that the height of
sheeter number 3, S3, is kept approximately con-
stant, a higher value of S4 corresponds to a lower
level of dough compression in sheeting process and,
thus, a higher value of w̄. Regarding S2 and ∆S2,3
they correlate positively to w̄ and the explanation
for that is analogous to the one given for the pre-
vious input variable. The higher the value for the
height of sheeter number 2, the least compression is
made in dough sheeting and the higher the values
of average cake weight. In addition, the rationale
behind the explanation for ∆S3,4 can be made for
∆S2,3.
Examinig Figure 3, tblock, S1, S2 and ∆S2,3 have a
positive correlation to σw . The input variable tblock
is related with dough blocks overlap, which in turn
is greater if the value of tblock is lower. The main
consequence of having a greater value of tblock is
the variance of dough width after it passes through
sheeter number 1, due to lack of superposition. This
variance is determinant for the folding step. The
folding step is also determined by the dough thick-
ness after the sheeting step in sheeter number 1 and,
thus, is determined by S1. If the dough is too thick,
it is more difficult to achieve an evenly distributed
quantity of dough in terms of thickness, after fold-
ing step. Summarizing, these two factors affect di-
rectly the folding step conditions and if the quantity
of dough is not evenly distributed, in some areas it is
not enough and in other areas is too much, causing
discrepancies in cake weight within the same dough
batch, increasing σw . Moreover, if S2 and S3 are
too high, it is not possible to compensate the de-
fects originated in the folding step, contributing to
higher values of σw . According to Figure 3, Troom is
inversely correlated to σw . To explain this evidence
a hypothesis about the dough rheological behavior
was proposed, namely in terms of its compressibil-
ity. The increase in room temperature may turn
the dough more susceptible to compression by the
sheeters and it becomes easier to level up its thick-
ness after the folding step. Nevertheless, this effect
should also be reflected by Tdough, but it is not pos-
sible to make considerations from the results about
this variable.
Generally, despite the limitations in data collection
and data set dimension, the results match the be-
havior expected to happen in practice.
After the analysis of the relationships between input
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Figure 4: VIP plot for sheeting/cutting model.

and output variables, VIP (Variable Importance in
the Projection) plot was analyzed. In Figure 4,
the most significant input variables for the output
variables, considered as a whole, are ∆S2,3, S2 and
tblock. These three variables are adjustable operat-
ing parameters, in which an immediate action can
take place to control them, and since they are the
most relevant to the model, they lack optimization
and standardization. On the other hand, the next
two input variables, Troom and Tdough, can’t be con-
trolled directly and their effects on output variables
can’t be neglected. Hence, improvement measures
should take place in order to minimize or eliminate
the effects of these variables and the remaining op-
erating parameters should be standardized.
In the original work [9], a multivariate analysis
was also performed for kneading process, the op-
eration prior to the first step included in this re-
ports’ scope, using Tdough as the output variable.
With this model, using the same troubleshooting
approach as the one reported herein, it was possi-
ble to conclude that the two most significant input
variables were Troom and a variable related to the
moment in which dough scraps, resulting from the
last cutting step when individual cakes are formed,
are manually added to the kneading machine to be
incorporated in the producing dough. Due to the
wide range stated for this moment and due to the
fact that the dough scraps addition is exclusively
dependent on operators’ decision, the elimination
of this variable was considered critical.

4.2.2 Sheeting/Cutting Model Experimen-
tal Validation

Since sheeting/cutting model was used for oper-
ating parameters optimization for sheeting/cutting
set of operation, its validation using data not in-
cluded in model building was performed. The ob-
jective was to introduce new experimental values for
input variables and compare the experimental out-
put values with the ones predicted by the model.
After that, the obtained RMSEPexp val in percent-
age values for output variables were 3.42% for w̄
and 26.1% for σw . These values are higher than the
obtained for RMSEPext val (1.16 and 14.8%, respec-
tively) and this divergence reinforces the conclusion
that the model predictive capability is better for the

output variable w̄, than for σw . However, in both
cases, more than half of residuals (the difference be-
tween the experimental and the predicted values),
are located around the value zero. More specifi-
cally, for w̄, 72% is between -0.57 and 1.83, and for
σw 62% of the residuals are in a range of -0.09 and
0.21. Then, although the model was shown to be
unreliable, especially for σw , most of the data fit-
ted in the region defined by the data included in
the model and the work proceed with the use of
this model for operating parameters with a multi-
response optimization tool.

4.3. Cause Identification
The analysis of multivariate models, the daily pro-
cess observation and monitorization and the collec-
tion of operators’ opinions have culminated with
the identification, discrimination, and organization
of the causes into the 5 Why’s analysis tool. Con-
sidering the core problem ”cake weight variability
at the exit of cutting machine”, two separate analy-
sis was necessary, starting with a general approach
to the problem and then detailing a more specific
problem in the second analysis. Although the com-
plete analysis is not presented, the resulting root
causes from both were summarized in Ishikawa di-
agram (Figure 5) and the portion of root causes
assigned to each category was determined. Besides
5 Why’s tool, the Ishikawa diagram is also useful
because it allows having an overview of cause dis-
tribution throughout the existing categories.
In fact, 44% of identified root causes were as-
signed to the category Method. To justify this
evidence two reasons were pointed out: the lack
of process standards and the absence of proper
automated monitorization and control technology,
mainly in sheeting/cutting set of operations. The
consequences of lacking process standards for some
operational parameters is even more evident when
it is necessary to perform equipment start-ups ev-
ery day, due to producing product exchange, like
in this study case. The success of these start-ups
is completely dependent on operators’ experience
and knowledge about the process. Moreover, the
absence of technology able to monitor and control
some of the operational parameters also contributes
to the increase in the operators’ responsibility and
to the high number of tasks which operators are re-
sponsible for, accentuating their dependence on the
process and reducing their motivation.
On the other hand, 14% of the root causes were
assigned to Machine category. This is due to the
use of outdated equipment, that does not allow the
definition and fixation of standards and in which
automated monitorization and control are not pos-
sible. The damaged equipment by lack of mainte-
nance also contributes to this percentage. Concern-
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Figure 5: Ishikawa diagram with the allocation of the root causes resulting from 5 Why’s analysis tool
into 4 different categories.

ing the 22 % corresponding to Manpower category,
this percentage is exclusively due to non-compliance
with the specifications, the defined quantities, and
the operation step scheduling. It was suggested that
the definition of standards and the decrease in the
number of tasks would contribute to this percentage
decrease. Finally, the 19 % presented for Material
category is due to insufficient preventive mainte-
nance of equipment.

4.4. Solutions Priorization
Due to financial constraints, it was not possible to
execute all the recommendations for improvement
resulting from 5 Why’s analysis. Therefore, a few
criteria were used to prioritize the recommendations
to be implemented. The selected recommendations
are the following: installation of a conveyor for au-
tomatic recircularization of dough scraps, directly
to the beginning of cutting operation; reparation, or
substitution, of an air conditioning system; sheet-
ing/cutting operating parameters optimization.
The first criterion was the ability to suppress the
highest number of root causes. In this case, the
first and third recommendations would eliminate 4
and 2 root causes, respectively, in a total of 13 for
which a solution was proposed. Considering the
conclusions taken from the multivariate models, it
was demonstrated that Tdough and Troom have sig-
nificant influence in cake weight variations. Hence,
it raises the need for the stabilization of these vari-
ables. From additional analysis performed, it is
known that Troom and the variable related with
dough scraps addition to the kneading machine
have important contributions to Tdough. These two
variables are especially relevant because there is no
control system for Troom and the other one is exclu-
sively dependent on operators’ decision. Moreover,
the fact that Troom can’t be adjusted also influences
operators’ decision in kneading operation, in terms
of water and ice quantities added to compensate for

room temperature increases. Thus, to be able to
control Troom through the reparation/substitution
of air conditioning system and to eliminate the vari-
able related to the addition of dough scraps through
the installation of an automatic conveyor for dough
scraps would suppress a part of operators’ depen-
dence on the process. Furthermore, the risk of
injury and physical contamination associated with
the transport and manual addition of dough scraps
to the kneading machine also reinforce the need to
have an automatic system for this function.
Furthermore, the optimization and standardization
of operating parameters facilitates equipment start-
ups, reduces the number of tasks and also con-
tributes to eliminating operators’ dependence in the
process.
Using historical data from Bakery Donuts Portugal,
Lda, the amount in savings was estimated. And,
besides financial return, it is expected to have an
improvement in product quality, due to the dimen-
sion specifications compliance, an increase in pro-
cess efficiency and operation uniformization and a
decrease in environmental impact, due to the reduc-
tion of the solid effluent composed by food wastes.
Thanks to process uniformization and the decrease
in the number of tasks to perform, it is also ex-
pected an improvement in working conditions and
operators’ motivation.

4.5. Sheeting/Cutting Parameters Opti-
mization

The optimization of sheeting/cutting operating pa-
rameters was performed setting up two main objec-
tives: to reduce the variability throughout different
dough batches, fixing the weight specification value
for w̄ (36.5 g), and within the same batch of dough,
minimizing the value of σw .
The optimization was done within the latent vari-
able space defined by the experimental data intro-
duced in the model. However, the restrictions de-
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Figure 6: Loadings plot for the first two latent vari-
able from sheeting/cutting model.

Table 2: Variable ranges covered by the experimen-
tal data inclueded in the model, and imposed for
the optimization step.

Model range Optimization range
Min Max Min Max

Troom 18 28 18 28
Tdough 23.4 27.5 23.4 26.0
tblocks 36 42 36 42
S1 550 802 550 802
S2 125 150 135 150

∆S2,3 5 29 5 25
∆S3,4 2 31 2 20
w̄ 35.1 38.7 36.5
σw 0.97 1.90 Minimization

termined by the definition of this space were not
enough to set the intended range of optimal param-
eters (Table 2). For example, although values of
Tdough above 26oC were registered, the operating
instructions indicates that this value should not be
exceeded, to avoid unwanted dough behavior and
chocolate chips melting. In addition, a few adjust-
ments in sheeters height were made to maintain to
be coherent with the experimental data, as S3 and
S4 were not used as direct measurements. With
a minimization condition for σw and a fixed value
for w̄ that is close to its minimum, and observing
the Loadings plot (Figure 6) it is expected a min-
imization of the variables on the first and fourth
quadrantes. The results from optimization (Table
3) are coherent with that, since the values obtained
are close to the minimal restrictions imposed (Ta-
ble 2). After an iterative procedure, the values of
tblocks, S1, S2 and ∆S2,3 (and, therefore, S3) were
fixed into the optimal values obtained (Table 3).

Table 3: Optimal values for some sheeting/cutting
operating parameters obtained from multi-response
optimization tool.

Operating parameter
(units)

Optimal value

tblocks (s) 36
S1 (-) 610
S2 (-) 135

∆S2,3 (S3) (-) 5 (130)

To enable the immediate implementation of these
parameters without having to wait for the instal-
lation of the air conditioning system and the au-
tomatic conveyor, the remaining parameter S4 was
standardized in order to contemplate the simulta-
neous variation of room temperature and dough
temperature. To do that, having all the other pa-
rameters fixed into their optimal values, Troom and
Tdough were simultaneously varied within the ranges
18-28oC and 23,5-26oC, respectively, resulting in
a double-entrance table. Thus, the optimization
strategy used ends up with just one operating pa-
rameter to adjust, which, in turn, is the closest one
to the usual operators’ position in the production
line layout. The remaining parameters have to be
set only once, at the equipment start-up.

4.5.1 Optimization Parameters Validation
Due to limitations laying outside the scope of this
project, the Control phase could not be done for all
the selected recommendations. The optimal sheet-
ing/cutting operating parameters could be imme-
diately implemented and, thus, it was possible to
validate their implementation viability in the pro-
duction line.
The resulting values of RMSEPopt val, in percent-
age form, after the implementation of optimization
values are shown in Table 4, as well as the values of
RMSEPext val, to facilitate the comparison between
them. Similarly to what was verified in external
validation, the model is more accurate predicting
values from w̄ than σw .

Table 4: Values of RMSEP for external and opti-
mization validation, for each output variable

Output
variable

RMSEPext val

(%)
RMSEPopt val

(%)
w̄ 1.16 1.67
σw 14.8 14.5

In practical terms, calculating the average values
for σw and w̄ gives an overview of the success of
objectives fulfillment. The average value for w̄ in
optimization data set was 36.3 g, which meets the
target value, 36.5 ± 0.5 g. However, it is impor-
tant to note that, from a total 20 populations col-
lected for validation, 5 had a w̄ value below 36 g,
meaning that the problem of non-compliance with
the minimum specified weight limit has persisted.
As a consequence, the parameters values should be
adjusted. Concerning the variable σw , its average
value was 1.01 g. Comparing this value with the
average value of the same variable determined from
the data set used in model building (1,32 g), the
former is lower. Nevertheless, for a more conclusive
and wider perspective about the viability of opti-
mization parameters, a larger data set is necessary,
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containing longer-term data (1-month long or more)
from various performance indicators, such as waste
generation and efficiency.

5. Conclusions

The considered problem was focused on weight vari-
ability reduction of produced cakes, motivated by
the need of waste and its inherent costs reduction.
To achieve the solutions, a structured problem-
solving methodology was employed, together with
multivariate analysis and continuous improvement
tools. The inclusion of the structured methodology
steps in the different DMAIC phases was consid-
ered useful since it has provided a clearer organi-
zation of the steps and the definition of boundaries
in task attainment. Regarding continuous improve-
ment tools, 5 Why’s was shown to be very advanta-
geous due to its ease of use. In addition, since this
is a continuous improvement project when a new
project about this subject is submitted, the result
from this analysis gives an overview of what has
been done previously. However, it is worth noting
that the results achieved are dependent on knowl-
edge about the process, to which daily observation,
communication with operators and the use of mul-
tivariate analysis were helpful. In this work, multi-
variate analysis was used for two purposes. Firstly,
it was used to study input variables contribute to
the output variables. This was essential for process
comprehension, troubleshooting and to understand
that there were missing variables in model construc-
tion. On the other hand, the establishment of latent
variable space was used to set up optimal process
conditions within this space. This approach pre-
sented few limitations on its application. Concern-
ing the optimization, to have a thorough knowledge
of the dough behavior and the process itself was
imperative for constraints definition. Moreover, it
is important to remember that since no automatic
equipment was available, all the data was collected
manually, and intensively during a period of approx-
imately 4 months, meaning that the dataset dimen-
sion was limited and data collection was subject to
operating conditions changed by the environment or
by the operators. According to the cited military
standard (section 3.2), probably population dimen-
sions was not enough to cover process variability.
Some of the variables could not be measured and
some of the operating conditions could not be kept
constant. Summarizing, the implementation of ade-
quate monitorization and control technology would
provide the collection of historical data for multi-
variate model building, the maintenance of some op-
erating conditions and the increase of model quality.
Despite the mentioned limitations, a few milestones
could be accomplished thanks to the methodology
employed. With the three selected solutions, sav-

ings were estimated and it is predicted an improve-
ment in working conditions, in operators motivation
and a reduction in environmental impact.
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