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INTRODUCTION

Polymer extrusion is widely used to incorpo-
rate additives such as pigments, stabilizers, fillers, 
and functional agents into polymer matrices. In 
industrial practice, these additives are often intro-
duced as masterbatches, which must be diluted 
efficiently during extrusion. This creates two 
simultaneous mixing requirements: the additive 
must be distributed uniformly at the macroscopic 
scale to avoid streaks and shading variations, and 
it must be dispersed at the microscopic scale to 
reduce agglomerates that cause specks and local 
property defects [1–4].

These two requirements correspond to dif-
ferent physical mechanisms. Distributive mix-
ing is associated with spatial rearrangement, 
stretching, splitting, and recombination of 
material elements, whereas dispersive mixing 
is associated with the breakup of agglomer-
ates under sufficient hydrodynamic stress [3–5]. 
Because these mechanisms may respond differ-
ently to screw geometry, barrel kinematics, tem-
perature, and throughput, mixing performance 
should not be evaluated using a single qualita-
tive indicator. Instead, distributive and disper-
sive effects should be quantified separately and 
then interpreted together with process variables 
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such as pressure, melt temperature, power con-
sumption, and output [6–9].

From a process-development standpoint, 
a persistent challenge is that mixing is often 
assessed using indirect indicators (e.g., visual 
inspection, color variation, filter performance), 
which can obscure the mechanism underlying 
poor quality and complicate optimization. This 
motivates microstructure-based metrics that are 
sensitive to additive distribution and agglomer-
ate size, and that can be related to measurable 
process signals such as power draw, pressure 
profile, melt temperature, and output. At the 
same time, extrusion is a continuous process, 
and the time history experienced by material 
elements, summarized by the residence-time 
distribution (RTD), is fundamental to interpret-
ing mixing outcomes [10, 11]. Modern RTD 
studies now extend beyond global outlet curves 
and increasingly resolve local RTD behavior 
inside extruder elements through advanced 
modeling, highlighting the role of flow topol-
ogy and transport barriers in mixing [12, 13]. In 
addition, recent work on online optical monitor-
ing supports the practical value of measurement 
strategies that connect mixing quality to real-
time process signals [14].

In this work, we consider the mixing of a 
polyolefin matrix with a blue masterbatch in an 
extrusion configuration that includes a rotational 
barrel segment (RBS) positioned downstream of 
the melting and compression zones. The RBS 
introduces an additional controllable kinematic 
degree of freedom: its rotation speed and direc-
tion can be adjusted independently of the screw. 
In counter-rotation (RBS rotating opposite to the 
screw), the relative surface velocity in the bar-
rel region increases, which may promote stron-
ger local deformation; in co-rotation, the relative 
velocity decreases, and the flow may become 
more conveying-dominated. In both cases, the 
modified velocity field can affect distributive 
renewal, dispersive stress histories, pressure 
build-up, melt temperature, and throughput [3, 4]. 

The present work investigates a RBS inte-
grated into a single-screw extrusion system. 
Unlike passive screw-tip mixers, the RBS intro-
duces an additional controllable kinematic vari-
able: the barrel segment can rotate independently 
of the screw, either in co-rotation or counter-rota-
tion. This changes the relative motion between 
the screw, the rotating sleeve, and the polymer 
melt, potentially affecting deformation history, 

residence time, pressure build-up, melt tempera-
ture, and mixing quality [3, 4].

The RBS studied here corresponds to geom-
etry C from previous technical and CFD-based 
developments of this active plasticizing concept 
[15, 16]. Therefore, the novelty of the present 
paper lies not in the proposal of the RBS concept 
itself, but in its experimental evaluation under 
masterbatch dilution conditions, using microsco-
py-based indices to distinguish between distribu-
tive and dispersive mixing and to relate them to 
extrusion process trade-offs. In contrast with the 
earlier RBS studies [15, 16], which were concep-
tual or CFD-based and did not report experimen-
tal mixing morphology, the present work provides 
(i) experimental data under realistic masterbatch 
dilution, (ii) a separate quantification of distribu-
tive and dispersive mixing from micrographs, and 
(iii) an explicit linkage of both indices to mea-
sured process variables (pressure, melt tempera-
ture, specific energy, and output).

To address these needs and evaluate experi-
mentally a previously proposed RBS configura-
tion under masterbatch-dilution conditions, we 
apply a structured methodology that quantifies 
distributive and dispersive mixing separately 
using microscopy image analysis at two magni-
fications (50× and 100×), with images acquired 
at multiple sampling locations for each operating 
condition. This distinguishes the present work 
from earlier CFD-based RBS evaluations, which 
focused on numerical comparison of candidate 
geometries using flow-based mixing indicators 
rather than experimental masterbatch-dilution 
assessment [15]. 

The main objective of this work is to experi-
mentally quantify the effects of RBS speed, rota-
tion direction, temperature level, screw–RBS rel-
ative motion, and downstream mixing geometry 
on masterbatch mixing in single-screw extrusion. 
Mixing is assessed using optical microscopy and 
image analysis, from which two complementary 
indices are obtained: a distributive mixing index 
based on spatial uniformity of detected pigment 
features, and a dispersive mixing index based on 
the particle-size tail.

The specific goals are: (i) to compare coun-
ter-rotation, neutral rotation, and co-rotation of 
the RBS; (ii) to evaluate whether increasing the 
barrel/die temperature improves or degrades dis-
tributive and dispersive mixing; (iii) to exam-
ine the role of screw–RBS relative motion; (iv) 
to compare the RBS-only configuration with a 
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downstream Cut Rings mixing section; and (v) 
to interpret mixing improvements together with 
energy demand, pressure, melt temperature, and 
output [7, 17].

The contribution of this work is an experimen-
tal and process-oriented assessment of an active 
RBS mixing concept. The study shows how RBS 
kinematics can shift the balance between distribu-
tive uniformity and dispersive agglomerate con-
trol, and demonstrates that the best operating con-
dition depends on the targeted defect mechanism 
and on acceptable energy/output constraints. In 
this sense, the paper provides a practical frame-
work for evaluating active mixing devices using 
microscopy-derived metrics coupled with extru-
sion operating data.

In addition, this work provides three spe-
cific contributions compared with previous 
studies on the rotating barrel segment concept. 
First, it presents an experimental evaluation of 
the RBS under realistic masterbatch dilution 
conditions in a single screw extruder, whereas 
earlier works were predominantly conceptual or 
numerical (CFD-based). Second, it introduces 
a structured methodology for quantitative mix-
ing assessment based on microscopy that sepa-
rates distributive and dispersive effects using 
two complementary indices – DMI and DsMI 
– computed consistently across all operating 
conditions. Third, it links the obtained mixing 
quality indices to key extrusion process vari-
ables, such as specific energy input, pressure, 
melt temperature, and throughput, enabling the 
analysis of trade-offs between mixing perfor-
mance and energy and production requirements.

STATE OF THE ART

Mixing mechanisms and mixing devices 		
in extrusion

Mixing is a defining capability of extrusion-
based polymer processing, yet it remains one of 
its most difficult functions to design and evaluate 
quantitatively. Because polymer melts flow under 
highly viscous, laminar conditions, the absence 
of turbulence means that homogenization relies 
on kinematics (stretching, folding, reorientation, 
splitting, and recombination) and on stress-driven 
breakup mechanisms, all of which are strong-
ly coupled to viscosity and temperature [3, 4]. 
Masterbatch dilution places this challenge in a 

particularly strict form: the process must elimi-
nate macroscopic concentration non-uniformity 
(streaking) while simultaneously suppressing the 
tail of the agglomerate size distribution (specks), 
and both outcomes can be sensitive to processing 
conditions and melt rheology [1, 2].

In single-screw extrusion, mixing is usually 
improved by modifying screw geometry, adding 
mixing sections near the screw tip, or adjusting 
operating conditions such as screw speed, temper-
ature profile, and throughput [3–5]. These strate-
gies influence the deformation history imposed 
on the melt and therefore affect distributive and 
dispersive mixing in different ways. 

Active barrel concepts offer an alternative 
approach by modifying the boundary motion of 
the flow. A rotating barrel segment introduces an 
additional kinematic input that can be adjusted 
independently of screw speed. However, such 
active concepts must be assessed not only by mix-
ing quality, but also by their effects on pressure 
generation, melt temperature, power consump-
tion, and throughput [7, 17, 18].

A foundational theoretical perspective for 
understanding why geometry matters is the kine-
matic view of laminar mixing, in which stretch-
ing and folding can generate rapid homogeni-
zation by increasing interfacial area and reduc-
ing segregation length scales [19]. Distributive 
mixing depends strongly on repeated splitting/
recombination and cross-sectional renewal, 
whereas dispersive mixing depends on achiev-
ing stresses sufficient to overcome the cohesive 
strength of agglomerates [3, 5]. Recent research 
has strengthened this viewpoint by explicitly 
identifying mixing barriers and transport struc-
tures in extruder elements using flow-topology 
tools, indicating that local regions of poor trans-
port can limit mixing even when average shear 
rates appear favorable [13].

In parallel with device development, the field 
has advanced through quantitative mixing indices 
and multi-objective frameworks that formalize 
trade-offs. Domingues, Gaspar-Cunha, and Covas 
proposed global indices for distributive and dis-
persive mixing in extrusion, enabling systematic 
comparison of screw performance and operating 
conditions using consistent, computation-ready 
measures [6]. More broadly, extrusion design 
and operation are inherently multi-criterion prob-
lems, and recent reviews emphasize that opti-
mization should jointly consider mixing, energy 
consumption, throughput, and thermal limits [7]. 
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Decision-support approaches for polymer extru-
sion explicitly address these trade-offs and pro-
vide structured methods for selecting operating 
points from Pareto sets, rather than relying on a 
single mixing metric [17]. 

Quantitative evaluation of distributive 	
and dispersive mixing

A second major topic concerns the measure-
ment and quantification of mixing. Variance-
based concepts (e.g., intensity and scale of 
segregation) provide classical foundations for 
distributive mixing assessment [20, 21]. Mixing 
evaluation in extrusion can be based on indirect 
process indicators, visual inspection, color uni-
formity, tracer response, residence-time distribu-
tion, or microstructural analysis [10, 11, 20, 21]. 
For masterbatch dilution, microscopy and image 
analysis are particularly useful because they 
allow direct observation of pigment-rich features 
and agglomerates. However, the choice of met-
ric is critical. A mean particle size alone may not 
capture visible defects because large surviving 
agglomerates in the upper tail of the size distri-
bution can dominate product quality [1, 3]. Simi-
larly, particle-size statistics do not necessarily 
describe whether pigment features are spatially 
uniform across the extrudate.

For this reason, the present work separates 
distributive and dispersive assessment. Distribu-
tive mixing is evaluated from the spatial unifor-
mity of detected features across the image field, 
while dispersive mixing is evaluated from tail-
sensitive particle-size descriptors. This approach 
is suitable for comparing operating conditions 
because it distinguishes whether a process change 
improves spatial redistribution, agglomerate 
breakup, or both, while remaining consistent with 
broader efforts to quantify mixing using objec-
tive, computation-based descriptors [6, 8, 9, 22].

In practice, distributive mixing is often evalu-
ated using concentration-uniformity proxies: 
colorimetry (CIELAB coordinates), image-based 
variance metrics, and tracer sampling strategies. 
These measures align with variance-based theory 
but require careful definition of scale and sam-
pling, as they may not detect rare but critical large 
defects [20, 21]. Dispersive mixing is typically 
evaluated by measuring morphology or particle-
size distribution using microscopy and image 
analysis. A recurring message in masterbatch-
related literature is that tail-sensitive statistics are 

often more relevant than the mean size, because 
the largest surviving agglomerates dominate the 
risk of visible defects [1, 3]. Recent comparative 
studies across melt mixers further support the 
need to evaluate dispersion and distribution sepa-
rately, since different mixers can improve one 
while leaving the other unchanged [9]. Scale-up 
studies also show that dispersive mixing perfor-
mance may not scale trivially with throughput or 
screw speed, underscoring the need for objective 
metrics and mechanistic interpretation [23].

Alongside offline morphology measurement, 
there is growing interest in online monitoring 
to support process control and reduce reliance 
on post-process microscopy. Optical monitor-
ing has been demonstrated in co-rotating twin-
screw extrusion to track mixing performance 
and detect changes in dispersion state, thereby 
enabling faster screening of operating conditions 
and screw configurations [14]. Although online 
signals typically require calibration against mor-
phology or defect metrics, these approaches align 
well with industrial needs for rapid diagnosis and 
robust control.

Active barrel/RBS concepts and research 
gap

Previous work on rotating or active barrel 
concepts has shown that barrel kinematics can 
modify flow patterns and potentially improve 
mixing [16, 18]. In particular, earlier studies of 
the RBS concept, including CFD-based com-
parisons of alternative geometries, suggested 
that counter-rotation may improve calculated 
mixing performance [15]. Nevertheless, experi-
mental evidence under realistic masterbatch 
dilution conditions remains limited. To the best 
of the authors’ knowledge, no previous study 
has reported experimental mixing morphology 
obtained with an RBS operating during master-
batch dilution: the available RBS literature [15, 
16, 18] is restricted to conceptual designs, tech-
nical descriptions, and CFD analyses. Likewise, 
studies of other mixing devices in single-screw 
extrusion typically report a single aggregate mix-
ing response, without separating distributive and 
dispersive outcomes from the same experimen-
tal samples. Moreover, previous studies have not 
clearly separated distributive and dispersive out-
comes while simultaneously considering process 
trade-offs such as energy consumption, pressure, 
melt temperature, and output.
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This gap motivates the present study. In par-
ticular, previous experimental assessments of 
mixing in extrusion frequently relied on global 
color measurements or qualitative visual inspec-
tion, which provide a single aggregate response 
and cannot distinguish whether a poor result 
originates from non-uniform spatial distribution 
or from surviving agglomerates. The DMI/DsMI 
pair used here quantifies these two mechanisms 
separately, from the same micrographs, using 
objective and reproducible image-analysis cri-
teria. By combining microscopy-based mixing 
indices with measured extrusion variables, the 
work provides an experimental assessment of 
whether the RBS can serve as an active process 
variable for tuning mixing performance.

CASE STUDY

Materials

The polymer matrix used in this study was 
low-density polyethylene (LDPE), commercial-
grade Malen E FGAN 23-D003. This material 
is supplied in pellet form and is characterized by 
a density of 0.924 g/cm³ and a melt flow rate of 
0.28 g/10 min (190 °C/2.16 kg). According to the 
supplier, this grade offers high impact resistance, 
good mechanical strength, and recommended 
processing temperatures of 170–220 °C, making 
it suitable for extrusion. 

A blue masterbatch was used as the coloring 
additive to assess mixing quality. Its use pro-
vides clear optical contrast against the natural 
LDPE matrix, enabling the identification of pig-
ment-rich features and poorly dispersed regions 
in microtomed sections. The masterbatch was 
added at 2 wt.% and used as a practical tracer 
for evaluating both the spatial distribution of 
detected features and the persistence of larger 
agglomerates in the extrudate. The masterbatch 
was a commercial blue concentrate supplied by 
Permedia Sp. z o.o. (Poland) based on a poly-
ethylene carrier resin compatible with the LDPE 
matrix and containing approximately 35 wt.% 
of an organic blue pigment whose exact type is 
proprietary to the supplier. It was fed into virgin 
LDPE at 5.8 wt.% (0.145 kg of masterbatch per 
2.5 kg batch), yielding a final pigment content 
of approximately 2 wt.%. Because the carrier is 
polyethylene-based, no compatibility issues with 
the LDPE matrix are expected, so the detected 

features reflect mixing performance rather than 
thermodynamic incompatibility.

Although this tracer system is suitable for 
comparing the relative mixing performance of 
the tested configurations, a more demanding inor-
ganic dispersion system, such as TiO₂ in the same 
LDPE matrix, is proposed as future work to fur-
ther validate dispersive mixing performance.

Extruder setup and operating conditions

The experimental program was designed to 
evaluate four main effects (Table 1): (i) the influ-
ence of RBS rotational speed and direction at N = 
70 rpm and 170 °C (runs A–H), (ii) the influence 
of barrel and die temperature level for selected 
RBS conditions at N = 70 rpm (runs J–N), (iii) 
the influence of RBS rotation at a reduced screw 
speed of N = 50 rpm, using neutral, co-rotating, 
and counter-rotating RBS conditions (runs T–X), 
and (iv) the influence of a downstream Cut Rings 
screw-tip mixer under selected RBS operating 
conditions (runs O–S). For the RBS-only con-
figuration, the screw speed was set primarily to 
70 rpm, while the RBS speed ranged from −50 to 
+50 rpm, with negative values indicating counter-
rotation relative to the screw and positive values 
indicating co-rotation. Two temperature levels 
were considered for the barrel and die zones, 
namely 170 °C and 190 °C, while the feed-zone 
temperature was maintained at 20 °C.

A full factorial matrix was not adopted; 
instead, a matched-pair design was used, in which 
each effect is evaluated by comparing runs that 
differ only in the variable of interest. This reduces 
the number of runs to a practicable level while 
preserving direct comparability. Runs were not 
randomized, but each run was carried out only 
after 15 min of process stabilization, and the out-
put was averaged over five samples, which miti-
gates systematic drift between conditions.

Additional tests were carried out at a reduced 
screw speed of 50 rpm to isolate the effect of 
RBS rotation at a different screw speed. These 
runs comprise a neutral RBS condition (T: N = 50 
rpm, Nb = 0 rpm) and four rotating RBS condi-
tions spanning counter- and co-rotation (U: Nb = 
−30 rpm; V: Nb = −50 rpm; W: Nb = +30 rpm; X: 
Nb = +50 rpm). This subset enables comparison 
between neutral, co-rotating, and counter-rotating 
RBS operation at the same screw speed. Direct 
residence-time-distribution measurements are 
outside the scope of the present study.
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For the Cut Rings tip configuration, experi-
ments were conducted at N = 70 rpm and 170 °C, 
using selected Nb values matching those of the 
RBS-only cases: Nb = 0, −30, −50, +30, and +50 
rpm. This allows direct comparison between the 
RBS-only configuration and the RBS plus Cut 
Rings configuration at equivalent screw speed, 
RBS speed, and temperature conditions. The 
complete matrix of operating conditions is sum-
marized in Table 1.

The screw used in the experiments had a 
total length corresponding to L/D = 24 (600 
mm), as shown in Table 2, which characterizes 
all the elements. The frontal part of the screw, 
namely sections L5 and L6, can be removed and 
replaced with a screw section with the geomet-
ric characteristics of section L5, but with a total 
length of 5 L/D. Thus, in the experiments, we 
used two versions of the screw: i) the RBS plus 
the conventional downstream screw; and ii) the 
RBS plus downstream L5 and L6 (Cut Rings 
section). The screw pitch was square, that is, 
equal to the external screw diameter (25 mm). In 
the RBS region, the screw does not have flights 

because the helical channel is provided by the 
rotating sleeve itself. This geometric arrange-
ment ensures proper interaction between the 
screw and the RBS and is consistent with the 
operating principle of the active plasticizing sys-
tem described in the underlying technical devel-
opment (Figure 1). 

To enhance mixing performance, two mixing 
configurations were considered. The first was a 
rotational barrel segment (RBS) located at the 
beginning of the metering zone, at approximate-
ly L/D = 15. In the present work, the RBS corre-
sponds to the previously proposed geometry C, 
selected from a family of RBS concepts reported 
earlier. The device consists of a rotating sleeve 
manufactured from 38HMJ steel, with nitrided 
working surfaces, mounted on bearings that 
allow independent rotation relative to the screw, 
as represented in Figure 2. The active RBS sec-
tion has a total length of 4.2 L/D (105 mm) 
within the processing zone. The inner surface 
of the sleeve component, with the same length, 
contains a helical channel with the same pitch 
as the screw flight, whereas the screw surface is 

Table 1. Experimental runs performed (CRT – Cut Ring Tip)

ID Mixing configuration
Operating conditions

N (rpm) Nb (rpm) Ts (ºC) Tb1 (ºC) Tb2 (ºC) Tb3 (ºC) Td1 (ºC) Td2 (ºC) Td3 (ºC)

A RBS 70 0 20 170 170 170 170 170 170

B RBS 70 -10 20 170 170 170 170 170 170

C RBS 70 -30 20 170 170 170 170 170 170

D RBS 70 -50 20 170 170 170 170 170 170

F RBS 70 10 20 170 170 170 170 170 170

G RBS 70 30 20 170 170 170 170 170 170

H RBS 70 50 20 170 170 170 170 170 170

J RBS 70 0 20 190 190 190 190 190 190
K RBS 70 -30 20 190 190 190 190 190 190
L RBS 70 -50 20 190 190 190 190 190 190
M RBS 70 30 20 190 190 190 190 190 190
N RBS 70 50 20 190 190 190 190 190 190
T RBS 50 0 20 170 170 170 170 170 170

U RBS 50 -30 20 170 170 170 170 170 170

V RBS 50 -50 20 170 170 170 170 170 170

W RBS 50 30 20 170 170 170 170 170 170

X RBS 50 50 20 170 170 170 170 170 170

O RBS + CRT 70 0 20 170 170 170 170 170 170

P RBS + CRT 70 -30 20 170 170 170 170 170 170

Q RBS + CRT 70 -50 20 170 170 170 170 170 170

R RBS + CRT 70 30 20 170 170 170 170 170 170

S RBS + CRT 70 50 20 170 170 170 170 170 170
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smooth over the RBS region. Under these condi-
tions, the conveying and deformation channel in 
that zone is formed by the rotating sleeve geom-
etry rather than by the screw flight itself. This 
configuration allows the sleeve to rotate either in 
the same direction as the screw or in the opposite 
direction, thereby modifying the local kinemat-
ics of the polymer melt and, consequently, the 
mixing conditions. 

The second mixing configuration employed a 
Cut Rings screw-tip mixer mounted at the end of 
the screw. Cut-ring tips are recognized as inten-
sive screw-tip mixing elements used in single-
screw extrusion and have been reported in com-
parative studies alongside other tip geometries, 
such as pineapple and Maddock tips. In the pres-
ent study, this configuration was used to compare 
the effects of a conventional screw-tip mixing 
element and the RBS-based configuration under 
selected operating conditions.

Based on this experimental configuration, the 
following section describes the test procedure, 
sample preparation, microscopy-based charac-
terization, and the quantitative metrics used to 
evaluate distributive and dispersive mixing.

Experimental procedure

Extruder sampling

For each experimental run listed in Table 1, the 
extruder was set up under the prescribed operating 
conditions and operated for 15 min to stabilize the 
process before data acquisition and sampling. 

After stabilization, the following process 
variables were recorded: screw amperage, screw 
power consumption (Pw), RBS power consump-
tion (Pwrbs), melt pressure at the barrel and die 
locations (P1–P4), melt temperature at the cor-
responding locations (T1–T4), and mass out-
put. The mass output Q was calculated as the 

Figure 1. Geometry of the extruder used - RBS, plus downstream L5 and L6 (Cut Rings section)

Table 2. Screw geometry and configuration, as illustrated in Figure 1 (Di – internal screw diameter)

Screw zones Description L (mm) L/D Di (mm)

L1 Feed 205 8.2 16.8

L2 Compression 120 4.8 16.6–21.0

L3 Metering 45 1.8 21.0

L4 RBS 105 4.2 16.0

L5 Screw section 50 2 16.0

L6 Mixing section 75 3 16.0

Total 600 24

Figure 2. Geometry of the RBS:
(A) 3D representation of the extruder barrel

and the RBS sleeve; B) RBS technical drawing
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average of five samples, each collected over 30 
s. Finally, an extrudate was collected for poste-
rior image analysis. For runs with neutral RBS 
rotation (Nb = 0), the RBS power contribution 
was considered zero because the barrel segment 
was not actively rotated. 

From the measured process data, the follow-
ing process indicators were calculated: (i) specific 
screw energy, Escrew = Pw/Q; (ii) total specific 
mechanical energy, Etotal = (Pw + Pwrbs)/Q; and 
(iii) a temperature-ratio indicator, T4/Tf1, used as 
a simple measure of melt-temperature rise relative 
to the first die temperature measurement. Here, 
Q is the measured mass output. Residence-time-
distribution measurements were not performed 
in the present study; therefore, residence-time 
effects are discussed only qualitatively, based on 
screw speed, output, and flow-rate changes.

After each run, an extrudate sample was col-
lected for microscopy-based mixing analysis. 
Samples were sectioned from the transverse cross-
section of the extruded profile using a Leitz 1401 
microtome equipped with a glass knife, producing 
10 µm thick sections. The sections were mounted 
on glass slides for bright-field transmission optical 

microscopy. Images were acquired using a Leica 
DMP4 microscope equipped with a 0.55× cam-
era adapter and a Leica K3C digital camera, con-
trolled through Leica Application Suite X (LAS 
X). For each run, images were collected at 50× 
and 100× magnification in three positions across 
the section: near both edges and at the center.

Microscopy image analysis
Mixing indices and particle-size distribu-

tions were obtained by applying the same image-
analysis workflow to every micrograph from all 
experimental runs, including the added reduced 
screw-speed baseline T. Results were then aggre-
gated by experiment ID, magnification (50× 
and 100×), and sampling location. The proce-
dure consists of four stages: (1) image prepara-
tion and scale calibration, (2) region-of-interest 
(ROI) definition, (3) particle/feature segmenta-
tion and sizing, and (4) calculation of distribu-
tive and dispersive mixing indices, followed by 
summary tables and histograms. A detailed step-
by-step description of the Algorithm 1, including 
pseudocode and all parameter values, is provided 
in the Supplementary Material.

Algorithm 1. Pseudocode for images analysis
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All calculations were implemented in Python 
using standard scientific libraries for image process-
ing and data analysis [24–28]. The same code was 
used for all experiments to ensure reproducibility.
1.	Image preparation and scale calibration.

All micrographs were read as RGB images. 
Because particle sizing must be reported in microm-
eters (µm), each image was calibrated by estimat-
ing the pixel size, Δ (µm/pixel), from the embedded 
scale bar. The scale bar (a horizontal black segment 
near the bottom of the image) was detected auto-
matically; the detection procedure is described in 
the Supplementary Material. The bar length in pix-
els, Lpx, was then converted to the pixel size:
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where:	Lμm is the scale bar length printed on the 
image. In this study, only two magnifica-
tions were used; therefore Lμm was inter-
preted as 25 µm for 50× and 10 µm for 
100×. This step is critical because all 
reported particle diameters and all area-
normalized counts depend on Δ.

2.	Region of interest (ROI).
To avoid counting the scale bar and its label 

as particles, a bottom band of the image (≈12% of 
the image height) was excluded from the analy-
sis. The remaining pixels define the ROI used for 
segmentation and particle counting. The analyzed 
physical area, AROI, was computed from the num-
ber of ROI pixels, NROI, using:
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This area is required to report particle number 
densities and histogram counts per unit area.

3.	Segmentation of particles/features and particle 
sizing.

Within the ROI, pigment features were 
extracted using grayscale thresholding. The 
ROI was converted to grayscale, and a global 
threshold was computed using Otsu’s method 
[29] applied to a central region of the image to 
reduce edge and annotation effects. Pixels darker 
than the threshold were classified as “features,” 
producing a binary mask. Connected-component 
labeling was then used to define individual fea-
tures (regions). Region measurements (e.g., area 

and bounding box) were computed using standard 
labeled-region tools [24].

To reduce artifacts, each region was filtered 
using three criteria:
1.	Minimum area: very small regions were re-

moved to suppress noise. 
2.	Maximum area: extremely large regions (rela-

tive to the ROI) were discarded as illumina-
tion/background artifacts. 

3.	Aspect ratio: highly elongated regions were re-
moved to reduce the counting of scratches or 
edge artifacts. 

Each accepted region was treated as one par-
ticle/feature and converted to an equivalent circu-
lar diameter. If Apx is the region area in pixels, the 
physical area is A = ApxΔ

2 (µm²). The equivalent 
diameter is:
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This produces a set of particle diameters (µm) 
for each image. For each experiment and magnifica-
tion, particle-size statistics were computed by pool-
ing the particle diameters from the three locations 
(D50, D90, D95, and maximum diameter Dmax).

4.	Distributive and dispersive mixing indices.
Two indices were computed for each image 

and then combined across magnifications and 
sampling locations. Location-to-location vari-
ability is reported because it reflects the spatial 
variability of mixing along the extrudate. These 
three locations are within-run spatial replicates; 
independent repeated runs were not performed. 
Consequently, the reported SD quantifies spa-
tial homogeneity within one run, and differences 
between conditions are interpreted as consistent 
trends supported by the process data rather than 
as formally tested statistical differences.

Distributive Mixing Index (DMI, 0–100)

Distributive mixing was evaluated from the 
spatial uniformity of particle distribution [4, 20]. 
The ROI was divided into an 8 × 8 grid. For each 
grid cell, the number of particles was counted 
using particle centroids. Let nk be the count in cell 
k and 
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 the mean count across the 64 cells. The 
coefficient of variation is:
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where:	σn is the standard deviation of {nk}. A per-
fectly uniform distribution gives low CV. 
The DMI for each image was defined as a 
bounded score:
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Higher DMI indicates a more uniform particle 
distribution and therefore better distributive mixing.

Dispersive mixing index (DsMI, 0–100)

Dispersive mixing was evaluated from the 
particle-size distribution tail, because large sur-
viving agglomerates are most relevant for speck 
defects [3, 4]. From the diameters measured in 
each image, two tail descriptors were computed: 
D95 (95th percentile) and Dmax (maximum). These 
were mapped into bounded penalty scores:
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and
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and combined to form the dispersive index:
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With this definition, DsMI decreases when 
large particles are present (large D95 and/or Dmax), 
and increases when the distribution tail shifts to 
smaller sizes.

Combination across magnifications 		
and locations

Thus, DMI and DsMI were first obtained 
separately for each image at each magnification 
and location, and only afterwards combined into 
experiment-level indicators.

For each sampling location i = 1, 2, 3, the 
magnification-specific indices were combined as:

	

Δ =
𝐿𝐿𝜇𝜇𝜇𝜇
𝐿𝐿𝑝𝑝𝑝𝑝

 

 

𝐴𝐴𝑅𝑅𝑅𝑅𝑅𝑅(𝜇𝜇𝑚𝑚2) = 𝑁𝑁𝑅𝑅𝑅𝑅𝑅𝑅  Δ2 ⇒ 

𝐴𝐴𝑅𝑅𝑅𝑅𝑅𝑅(𝑚𝑚𝑚𝑚2) = 𝑁𝑁𝑅𝑅𝑅𝑅𝑅𝑅  Δ2
106  

 

𝑑𝑑𝑒𝑒𝑒𝑒 = 2√𝐴𝐴𝜋𝜋 

 

𝐶𝐶𝐶𝐶 = 𝜎𝜎𝑛𝑛
𝑛̄𝑛  

 

𝐷𝐷𝐷𝐷𝐷𝐷 = 100
1 + 𝐶𝐶𝐶𝐶 

 

𝐼𝐼95 =
100

1 + 𝐷𝐷95
5

 

 

𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚 =
100

1 + 𝐷𝐷𝑚𝑚𝑚𝑚𝑚𝑚
10

 

 

𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 = √𝐼𝐼95 ⋅ 𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚 

 

𝐷𝐷𝐷𝐷𝐼𝐼𝑖𝑖 = 0.7 ⋅ 𝐷𝐷𝐷𝐷𝐼𝐼(50,𝑖𝑖) + 0.3 ⋅ 𝐷𝐷𝐷𝐷𝐼𝐼(100,𝑖𝑖) (9) 
 
 

𝐷𝐷𝐷𝐷𝐷𝐷𝐼𝐼𝑖𝑖 = 0.3 ⋅ 𝐷𝐷𝐷𝐷𝐷𝐷𝐼𝐼(50,𝑖𝑖) + 

+0.7 ⋅ 𝐷𝐷𝐷𝐷𝐷𝐷𝐼𝐼(100,𝑖𝑖) 

	 (9)

	

Δ =
𝐿𝐿𝜇𝜇𝜇𝜇
𝐿𝐿𝑝𝑝𝑝𝑝

 

 

𝐴𝐴𝑅𝑅𝑅𝑅𝑅𝑅(𝜇𝜇𝑚𝑚2) = 𝑁𝑁𝑅𝑅𝑅𝑅𝑅𝑅  Δ2 ⇒ 

𝐴𝐴𝑅𝑅𝑅𝑅𝑅𝑅(𝑚𝑚𝑚𝑚2) = 𝑁𝑁𝑅𝑅𝑅𝑅𝑅𝑅  Δ2
106  

 

𝑑𝑑𝑒𝑒𝑒𝑒 = 2√𝐴𝐴𝜋𝜋 

 

𝐶𝐶𝐶𝐶 = 𝜎𝜎𝑛𝑛
𝑛̄𝑛  

 

𝐷𝐷𝐷𝐷𝐷𝐷 = 100
1 + 𝐶𝐶𝐶𝐶 

 

𝐼𝐼95 =
100

1 + 𝐷𝐷95
5

 

 

𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚 =
100

1 + 𝐷𝐷𝑚𝑚𝑚𝑚𝑚𝑚
10

 

 

𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 = √𝐼𝐼95 ⋅ 𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚 

 

𝐷𝐷𝐷𝐷𝐼𝐼𝑖𝑖 = 0.7 ⋅ 𝐷𝐷𝐷𝐷𝐼𝐼(50,𝑖𝑖) + 0.3 ⋅ 𝐷𝐷𝐷𝐷𝐼𝐼(100,𝑖𝑖) (9) 
 
 

𝐷𝐷𝐷𝐷𝐷𝐷𝐼𝐼𝑖𝑖 = 0.3 ⋅ 𝐷𝐷𝐷𝐷𝐷𝐷𝐼𝐼(50,𝑖𝑖) + 

+0.7 ⋅ 𝐷𝐷𝐷𝐷𝐷𝐷𝐼𝐼(100,𝑖𝑖) 
	 (10)

The weighting scheme reflects the role of each 
magnification in the analysis. For distributive 
mixing, the 50× images were given higher weight 
because they cover a larger field of view and are 
therefore more representative of spatial uniformi-
ty across the section. For dispersive mixing, the 
100× images were given greater weight because 
they offer higher sensitivity to smaller features 
and the upper tail of the particle-size distribution.

The scaling constants in Equations 6 and 7 (5 
µm for D95 and 10 µm for Dmax) are practical 
anchors chosen so that each penalty score equals 
50 when the tail descriptor reaches a size at which 
agglomerates become visually critical in the extru-
date; they act as fixed normalizations applied 
identically to all runs. A sensitivity check was per-
formed across all 22 runs, in which the magnifi-
cation weights in Equations 9 and 10 were varied 
over the range 0.6/0.4 to 0.8/0.2 (baseline 0.7/0.3). 
The best-performing condition for each index was 
unchanged (run T for DMI and MixScore; run H 
for DsMI, except at the two lowest weights, where 
H and N exchange first place with a baseline sepa-
ration of only 0.10 points against reported standard 
deviations of 3.74 and 4.77), and the three highest-
ranked runs for DMI (T > D > B) and for MixScore 
(T > D > H) were identical at every weight tested. 
Rank correlations with the baseline remained high 
(Spearman ρ ≥ 0.994 for DMI, ≥ 0.964 for DsMI, 
≥ 0.984 for MixScore), and every reordering that 
did occur involved runs separated by less than 2.1 
points, i.e., well within the reported location-to-
location scatter. The comparative conclusions of 
this work are therefore robust with respect to the 
choice of magnification weights. The filtering cri-
teria (minimum area, maximum area fraction, and 
aspect-ratio limit) act identically on all images, so 
moderate variations of these thresholds shift all 
indices systematically without altering the relative 
ranking of the operating conditions.

For each experiment, the combined location-
level values were then summarized as mean ± stan-
dard deviation across the three sampling locations:
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For summary comparisons, an overall mixing 
score, MixScore, was calculated as the arithmetic 
mean of DMI and DsMI:
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This combined score was used only as a 
practical ranking indicator. DMI and DsMI were 
always interpreted separately because distribu-
tive and dispersive mixing correspond to different 
physical mechanisms.

Histograms and particle number density

For each experiment, particle-size histograms 
were computed separately at 50× and 100×, using 
the same bin edges to ensure comparability. To 
compare absolute particle populations between 
images and magnifications, histogram counts 
were normalized by the analyzed area:
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where:	Nj is the number of particles in the size 
bin j, and ΣAROI is the total analyzed area 
(mm²) pooled across the three locations 
for that experiment and magnification.

Implementation and reproducibility 	
(Python workflow)

All steps (scale detection, ROI cropping, Otsu 
thresholding, labeling, filtering, sizing, DMI/
DsMI computation, and histogram generation) 
were automated using a Python script to ensure 
consistent processing across all experiments. The 
complete Python script, including all parameter 
values, is provided as Supplementary Material. 
The main filtering parameters were: Otsu thresh-
old computed on the central crop of each gray-
scale image; minimum region area of 40 px; max-
imum region area of 2% of the ROI area (to reject 
merged blobs); and maximum aspect ratio of 12 
(to reject scratches and elongated artifacts). Fig-
ure 3 illustrates the validation of these criteria by 
showing retained particles and rejected artifacts 
from two representative runs.

RESULTS AND DISCUSSION

Demonstrative example of the image-
analysis workflow

Figure 3 illustrates how the microscopy 
images were processed to extract the particle 
population used in the distributive and disper-
sive mixing analysis. For each micrograph, 
the procedure identifies discrete pigment-rich 

features that appear as darker regions in the 
image, rather than the continuous blue back-
ground coloration. In many cases, the master-
batch produces a relatively smooth blue tint 
over extended regions of the section; because 
this tint does not form separate connected com-
ponents after thresholding, it is not counted 
as an individual particle. Instead, the analysis 
focuses on discrete detected features obtained 
after grayscale conversion, thresholding, con-
nected-component labeling, and region filtering.

In Figure 3, green contours indicate accepted 
features and orange contours indicate rejected 
objects. The rejected objects correspond main-
ly to artifacts or unreliable detections for the 
particle-size statistics, such as highly elongated 
scratches, very small, noisy regions, or unusu-
ally large merged regions. This filtering step is 
particularly important for the dispersive mixing 
analysis because the dispersive mixing index 
(DsMI) is sensitive to the upper tail of the par-
ticle-size distribution and must therefore avoid 
non-particle artifacts that would artificially 
inflate the large-size tail.

Although the outlined areas may appear 
visually very different between experiments 
A and G, and although the accepted contours 
occupy only a limited fraction of the image 
area, the number of detected features remains 
sufficiently high to support statistically mean-
ingful particle-size analysis. For experiment A, 
the total number of detected particles pooled 
across the three sampling locations was 7.782 
at 50× and 2.678 at 100×. For experiment G, 
the corresponding totals were 2.841 at 50× and 
1.464 at 100×. In the specific example images 
shown in Figure 3 (location 1), the algorithm 
detected 2.589 particles (50A1) and 654 par-
ticles (100A1) for experiment A, and 588 par-
ticles (50G1) and 317 particles (100G1) for 
experiment G. These counts show that the indi-
ces are calculated from hundreds to thousands 
of detected features per condition, which pro-
vides a sufficiently broad basis for comparing 
the particle-size distributions and the associated 
tail-sensitive dispersive metrics.

Figure 4 presents the corresponding particle-
size distributions for the same two experiments, 
reported as number density (counts per mm² 
per size bin) as a function of equivalent particle 
diameter. The distributions are plotted separate-
ly for 50× and 100× because each magnifica-
tion resolves a different size range and samples 



32

Advances in Science and Technology Research Journal 2026, 20(12), 21–46

a different physical area. For each magnification, 
particles from the three sampling locations were 
pooled, and the histogram counts were normal-
ized by the analyzed ROI area, allowing direct 
comparison between conditions.

The histograms illustrate differences that are 
not always evident from visual inspection alone. 
In particular, the 100× images provide greater 
sensitivity to smaller features and the upper tail 
of the size distribution used in the calculation 
of DsMI, whereas the 50× images provide com-
plementary information on coarser structures. 

Thus, the example shown in Figures 3 and 4 
demonstrates how the microscopy images are 
converted into quantitative information on fea-
ture size and spatial distribution.

Tables 3 and 4 summarize, respectively, the 
mixing indices and the main process variables 
for all experimental runs. These tables provide 
the quantitative basis for the discussion devel-
oped in the following subsections, where the 
effects of RBS speed and direction, temperature 
level, reduced screw speed, and the downstream 
Cut Rings mixing device are analyzed in detail.

Figure 3. Example of particle detection for experiments A and G at 50× and 100×
Green outlines: retained particles; orange outlines: rejected artifacts (e.g., scratches, noise, merged regions).

The scale-bar band is excluded. Total particles across three locations: A = 7.453 (50×), 2.404 (100×);
G = 2.707 (50×), 1.423 (100×)
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Figure 4. Particle-size distributions for experiments A and G at 50× and 100×, reported as counts per mm²
per size bin (log–log). Counts were pooled across the three locations and normalized by the analyzed ROI area

Table 3. Mixing indices per run (50× and 100×). Values are mean ± SD across three locations (n = 3; 6 images/run)

Exp DMI STD_DMI DsMI STD_DsMI MixScore STD_MixScore

A 67.13 2.68 48.58 7.32 57.85 2.55

B 73.07 6.45 46.84 1.96 59.96 4.00

C 71.89 6.75 45.45 0.58 58.67 3.33

D 74.90 9.35 48.31 1.18 61.61 4.72

F 58.28 6.71 46.73 2.70 52.50 2.43

G 61.25 7.67 50.28 3.43 55.76 2.88

H 68.11 6.87 52.72 3.74 60.42 3.25

J 60.24 8.39 47.97 2.17 54.11 3.71

K 56.15 7.28 52.25 5.05 54.20 1.93

L 64.14 12.85 48.12 3.29 56.13 5.02

M 51.30 15.93 49.97 2.14 50.63 7.04

N 44.97 16.40 52.63 4.77 48.80 6.57

T 79.32 1.43 45.57 1.15 62.45 0.95

U 63.46 7.53 46.31 2.13 54.88 4.46

V 52.73 6.23 51.48 4.61 52.10 2.24

W 64.28 9.41 46.30 4.52 55.29 3.80

X 55.93 6.74 50.41 4.24 53.17 1.82

O 62.09 2.59 47.92 0.48 55.01 1.54

P 58.13 6.83 46.90 1.11 52.52 3.94

Q 64.54 2.44 44.49 2.04 54.51 0.43

R 66.61 5.49 50.81 6.69 58.71 5.03

S 65.61 4.60 47.99 4.74 56.80 0.49
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Effect of the rotational barrel segment 
(RBS) speed

This subsection evaluates how the rotational 
barrel segment (RBS) speed and direction affect 
distributive and dispersive mixing under the 
base operating conditions of N = 70 rpm and 
170 °C (runs A–H, Table 1). Negative Nb val-
ues correspond to counter-rotation relative to the 
screw, whereas positive Nb values correspond to 
co-rotation.

Figure 5 shows that RBS rotation mainly 
affects distributive mixing. The baseline case A 
(Nb = 0) yields DMI = 67.13 ± 2.68 and DsMI 
= 48.58 ± 7.32, indicating moderate spatial uni-
formity and more variable dispersive perfor-
mance across sampling locations. When the RBS 
rotates in counter-rotation, the distributive index 
increases consistently: runs B–D reach DMI 
values between 71.89 and 74.90, with the best 
overall result obtained for D (Nb = −50), where 
MixScore reaches 61.61 ± 4.72. In contrast, mild 
co-rotation is unfavorable for overall mixing: 
run F (Nb = +10) gives the lowest MixScore in 

this subset (52.50 ± 2.43), mainly because DMI 
decreases to 58.28 ± 6.71. At higher positive 
speed, the response changes: run H (Nb = +50) 
reaches MixScore = 60.42 ± 3.25 and shows the 
highest dispersive index among runs A–H (DsMI 
= 52.72 ± 3.74), while DMI returns to a level close 
to the baseline. Overall, these results indicate that 
counter-rotation is more effective at improving 
distribution uniformity, whereas strong co-rota-
tion can improve control of the dispersive tail.

The histograms in Figure 6 support this inter-
pretation. Relative to the baseline case A, the 
counter-rotating condition D (Nb = −50) main-
tains a favorable particle-size distribution while 
improving the spatial uniformity reflected in DMI 
(i.e., the differences between the size of the par-
ticle distribution at 50x and 100x are smaller). In 
contrast, the strong co-rotating condition H (Nb 
= +50) shows a more favorable upper-tail behav-
ior at 100× (i.e., a higher number of particles for 
smaller sizes), which is consistent with its high-
er DsMI. Therefore, the histogram comparison 
helps explain why the best counter-rotating and 
co-rotating conditions do not improve mixing in 

Table 4. Process variables and trade-off metrics per run. Mixing performance (MixScore) is reported together 	
with power, specific energy (Etotal), output (Q), and die-entry pressure/temperature (P4, T4, T4/Tf1)

ID Pw (kW) Pwrbs (kW) Etotal (kJ/kg) Q (kg/hr) P4 (MPa) T4 (ºC) T4/Tf1 MixScore

A 3.8 0.00 2590.9 5.280 21.45 169.5 0.997059 57.85

B 3.55 0.485 2882.1 5.040 21.65 168.6 0.992647 59.96

C 3.4 1.03 3069.3 5.196 21.00 169.0 0.994118 58.67

D 3.4 1.72 3443.9 5.352 21.40 169.2 0.995294 61.61

F 3.3 0.37 2463.1 5.364 21.70 168.0 0.988235 52.50

G 3.2 0.72 2523.6 5.592 22.40 169.0 0.994118 55.76

H 3.1 1.41 2482.6 6.540 23.95 168.2 0.989412 60.42

J 3.1 0.00 2004.3 5.568 19.60 188.0 0.989474 54.11

K 3.1 0.98 2672.5 5.496 19.20 188.1 0.99 54.20

L 3.1 1.60 3058.6 5.532 19.00 188.4 0.991579 56.13

M 2.8 0.68 2135.0 5.868 20.20 188.3 0.991053 50.63

N 2.7 1.39 2202.9 6.684 21.30 188.5 0.992105 48.80

T 2.25 0.00 2129.3 3.804 21.4 166.9 0.981765 62.45

U 2.22 1.02 3176.5 3.672 21 167.4 0.984705 54.88

V 2.06 1.54 3323.1 3.900 17.5 168.9 0.993529 52.10

W 2.01 0.84 2435.9 4.212 22.7 168.6 0.991765 55.29

X 2.1 1.54 3370.4 3.888 17.50 169.0 0.994118 53.17

O 3.6 0.00 2991.7 4.332 20.00 169.0 0.994118 55.01

P 3.4 1.03 3886.0 4.104 19.60 169.3 0.995882 52.52

Q 3.4 1.70 4157.6 4.416 19.80 170.0 1.00000 54.51

R 3.2 0.71 3023.2 4.656 20.90 169.0 0.994118 58.71

S 2.9 1.49 2766.8 5.712 21.80 169.0 0.994118 56.80
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exactly the same way: D is mainly associated with 
better distributive mixing, whereas H is mainly 
associated with better dispersive mixing.

Figure 7 and Tables 3 and 4 show that these 
mixing changes occur together with clear process 
trade-offs. From A to D, the increase in MixScore 
is accompanied by an increase in total specific 
mechanical energy, from 2590.9 to 3443.9 kJ/
kg, mainly due to the additional power required 
to rotate the RBS. In this counter-rotating range, 
the output remains nearly constant, so the mixing 
improvement is obtained primarily at the expense 
of higher energy input per unit mass. In contrast, 
run H combines a high MixScore with lower 
specific energy (2482.6 kJ/kg) and the highest 
throughput in the A–H subset (Q = 6.54 kg/h), 
despite the significant contribution of RBS power. 
This indicates that strong co-rotation can provide 
a favorable compromise among dispersive per-
formance, productivity, and energy demand, even 
though it does not improve distributive mixing as 
much as strong counter-rotation does.

Within the operating window examined here, 
adding active RBS rotation is clearly beneficial 
compared to the neutral condition, but the effect 
depends on the rotation mode. Counter-rotation 
provides the most consistent improvement in 

distributive mixing and yields the highest overall 
MixScore at Nb = −50, although with a higher 
energy penalty. Strong co-rotation, on the other 
hand, provides the best dispersive performance 
and achieves a high overall score together with 
higher throughput and lower specific energy. 
Thus, the preferred operating condition depends 
on whether the primary objective is spatial unifor-
mity, agglomerate-tail reduction, or a compromise 
between mixing quality and process efficiency.

This distinction between counter-rotating and 
co-rotating operation is important for the subse-
quent analysis, because later sections show that 
temperature level and downstream mixing geom-
etry modify these two modes differently.

The results further suggest that the co-rotating 
operation of the RBS improves dispersive mixing 
not only by changing the average shear intensity 
but also by modifying the local velocity field in 
the sleeve channel. In the co-rotating configura-
tion, the relative velocity between the screw and 
sleeve surfaces is reduced; however, the flow in 
the rotating channel develops a more complex 
structure, with elevated shear and extensional 
stresses near the channel edges. This may pro-
mote more effective breakup of pigment agglom-
erates, even if the overall flow character is closer 

Figure 5. DMI and DsMI vs RBS speed Nb for runs A–H (mean ± SD across 3 locations)
Error bars represent the standard deviation across the three within-run sampling locations (n = 3);

differences between conditions are interpreted as trends
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to transport than to intensive mixing in the clas-
sical sense. Consequently, under the conditions 
examined here, the key factor is not the global 
value of relative velocity, but rather the local flow 
topology within the rotating RBS geometry.

It should be noted that, given the within-run 
nature of the three sampling locations, the differ-
ences between runs A, D, and H (e.g., DMI = 67.1 
± 2.7, 74.9 ± 9.4, and 68.1 ± 6.9, respectively) are 

interpreted as consistent trends rather than statistical-
ly significant differences. The trends, however, are 
supported by their systematic direction across loca-
tions and by independent process measurements.

Effect of barrel temperature

This subsection evaluates how increasing the 
barrel and die temperatures from 170 °C to 190 

Figure 6. Particle-size histograms (counts/mm²) for runs D (Nb = −50), A (Nb = 0), and H (Nb = +50),
showing 50× and 100×. Histograms use logarithmically spaced size bins on log–log axes;

counts are normalized per mm² of analyzed area. The corresponding number of detected particles
and the D50/D90/D95/Dmax values for each run are reported in the Supplementary Material
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°C affects mixing performance and whether this 
effect depends on the RBS speed and direction. 
The comparison is made using matched pairs at 
the same Nb: A→J (0), C→K (−30), D→L (−50), 
G→M (+30), and H→N (+50), as summarized in 
Tables 5 and 6.

Table 5 shows a clear and consistent process 
response to the higher temperature level. For all 
matched pairs, the melt temperature measured 
near the die increases by about 18.5–20.3 °C, 
confirming that the change in barrel and die set-
points is effectively transmitted to the melt. At 
the same time, the die-entry pressure decreas-
es across all cases by about 1.8–2.7 MPa. The 
total specific mechanical energy also decreases 
for all matched pairs, and the output tends to 
increase slightly. Taken together, these trends 
are consistent with a lower-viscosity operating 
state at 190 °C, characterized by reduced pres-
sure demand and lower specific energy input.

Mechanistically, these observations are 
consistent with the effect of temperature on 
melt viscosity. At 190 °C, the lower viscosity 
reduces the shear stresses transmitted to the 
melt and the total laminar strain accumulated 
along the screw, weakening the interfacial-area 
generation that governs distributive mixing. 
The slightly higher output further reduces the 
mean residence time, shortening the deforma-
tion history. For dispersive mixing, agglom-
erate rupture requires a critical stress, so the 
lower viscous stresses at 190 °C would also be 
expected to hinder breakup; the improvement 
observed only at Nb = −30 rpm suggests that, 
in that case, the flow reorganization induced by 
counter-rotation locally compensates for the 
loss of viscous stress.

The effect of temperature on mixing, howev-
er, is not uniform and depends strongly on Nb. As 
shown in Table 6 and Figure 8, the distributive mix-
ing index (DMI) decreases for all matched pairs as 
temperature increases. The reduction is moderate in 
the neutral and counter-rotating cases and becomes 
especially pronounced at high positive RBS speeds, 
where H→N shows the largest drop in DMI. This 
result indicates that higher temperatures are sys-
tematically unfavorable for distribution uniformity 
within the operating window examined here.

In contrast, the effect of temperature on dis-
persive mixing (DsMI) is smaller and depends 
on the RBS condition. Figure 8 and Table 6 show 
that the neutral and positive-Nb cases exhibit only 
minor changes in DsMI, whereas the intermediate 
counter-rotating case C→K (Nb = −30) shows a 
clear improvement. Therefore, the temperature 
increase does not produce a general dispersive 
benefit; instead, it improves dispersive perfor-
mance only under a specific RBS condition. As a 
consequence, the combined MixScore decreases 
for all matched pairs, although the magnitude of 
this decrease depends on the balance between 
DMI loss and DsMI change.

Figure 9 provides microstructural support for 
these trends. For the pair C vs K at Nb = −30, the 
histograms show a reduction in the upper particle-
size tail at 100× when the temperature is increased, 
which is consistent with the increase in DsMI. In 
contrast, for the H vs N pair at Nb = +50, the histo-
grams do not show a comparable tail improvement; 
instead, the dominant effect is a marked decrease in 
DMI. These results reinforce that the effect of tem-
perature cannot be described by a single “mixing 
improvement” trend, because the distributive and 
dispersive responses do not evolve in the same way.

Figure 7. MixScore vs Nb for runs A–H, annotated with output Q and colored by Etotal 
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Table 5. Process changes for matched Nb pairs: differences between 190 °C and 170 °C values.

Nb (rpm) LowT ID HighT ID ΔTb3 (°C) ΔT4 (°C) ΔP4 (MPa) ΔEtotal (kJ/
kg) ΔQ (kg/hr)

-50 D L 20 19.2 -2.4 -385.30 0.18

-30 C K 20 19.1 -1.8 -396.79 0.3

0 A J 20 18.5 -1.85 -586.6 0.29

30 G M 20 19.3 -2.2 -388.64 0.28

50 H N 20 20.3 -2.65 -279.70 0.14

Table 6. Mixing-index changes for matched Nb pairs: differences between 190 °C and 170 °C values. 		
The /SE columns normalise each change by the magnitude of the specific-energy change, |ΔEtotal| (in MJ/kg)

Nb (rpm) ΔDMI ΔDsMI ΔMix Score ΔDMI/SE ΔDsMI/SE ΔMix/SE

-50 -10.76 -0.19 -5.48 -27.93 -0.49 -14.22

-30 -15.74 6.80 -4.47 -39.67 17.14 -11.27

0 -6.89 -0.61 -3.74 -11.75 -1.04 -6.38

30 -9.95 -0.31 -5.13 -25.60 -0.80 -13.20

50 -23.14 -0.09 -11.62 -82.73 -0.32 -41.54

Figure 8. Interaction plots of DMI and DsMI versus Nb at 170 °C and 190 °C (mean ± SD across 3 locations). 
Error bars represent the standard deviation across the three within-run sampling locations (n = 3);

differences between conditions are interpreted as trends
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Overall, increasing the barrel and die tem-
peratures from 170 °C to 190 °C yields a con-
sistent process benefit in terms of lower pressure 
and specific energy, but this does not translate 
into a uniform mixing benefit. Under the tested 
conditions, the higher temperature systematically 
reduces distributive mixing, whereas dispersive 
mixing improves only in the intermediate counter-
rotating case (Nb = −30). Therefore, temperature 
should be treated as a selective process variable 
that modifies the balance between mixing quality 
and process efficiency, rather than as a universally 
favorable condition for mixing.

Effect of reduced screw speed 

This subsection isolates the effect of the screw 
rotational speed by repeating the full RBS speed 
and direction sweep at a reduced screw speed 
of N = 50 rpm, while keeping the barrel and die 

temperature fixed at 170 °C (runs T–X, Table 1). 
These runs are directly comparable, at matched 
RBS speed and temperature, to the base series 
obtained at N = 70 rpm (runs A–H). The compari-
son is therefore organised as matched pairs at the 
same Nb: A→T (Nb = 0), C→U (Nb = −30), D→V 
(Nb = −50), G→W (Nb = +30), and H→X (Nb = 
+50). Negative Nb values correspond to counter-
rotation and positive values to co-rotation relative 
to the screw. The corresponding mixing indices 
are reported in Table 3.

Within the reduced-speed series, the 
response to RBS rotation differs markedly from 
that observed at N = 70 rpm. The neutral condi-
tion T (Nb = 0) provides the highest distribu-
tive index and the highest overall score of the 
entire reduced-speed series (DMI = 79.32 ± 
1.43, MixScore = 62.45 ± 0.95), together with 
the lowest location-to-location scatter. Activat-
ing the RBS at this lower screw speed does not 

Figure 9. Matched temperature histograms (counts/mm²): C vs K at Nb = −30 and H vs N
at Nb = +50 (50× and 100×). Histograms use logarithmically spaced size bins on log–log axes; counts

are normalized per mm² of analyzed area. The corresponding number of detected particles
and the D50/D90/D95/Dmax values for each run are reported in the Supplementary Material.
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improve distributive mixing; on the contrary, it 
consistently lowers DMI relative to the neutral 
case. Counter-rotation produces the strongest 
reduction, with V (Nb = −50) giving the low-
est DMI of the series (52.73 ± 6.23), while co-
rotation shows an intermediate behaviour (W, 
DMI = 64.28; X, DMI = 55.93). The dispersive 
index follows the opposite, but much weaker, 
trend: the strongest rotations in either direction 
yield the best tail control (V, DsMI = 51.48; X, 
DsMI = 50.41), whereas the neutral and mild 
conditions remain close to DsMI ≈ 45.6–46.3. 
Because the dispersive changes are small and 
the distributive changes are large, the overall 
MixScore at N = 50 rpm is governed mainly by 
the distributive response and is therefore high-
est for the neutral condition T.

The matched-pair comparison with the N = 
70 rpm series clarifies how screw speed interacts 
with RBS operation. Under neutral RBS (A→T), 
reducing the screw speed clearly improves dis-
tributive uniformity (DMI from 67.13 to 79.32, 
ΔDMI = +12.19) at the cost of a small disper-
sive penalty (DsMI from 48.58 to 45.57), giving 
a net increase in MixScore (+4.60). In contrast, 
when the RBS is activated, reducing the screw 
speed degrades the distributive performance 
that was beneficial at N = 70 rpm. This is most 
pronounced for the strongest counter-rotating 
pair D→V (Nb = −50), where DMI falls from 
74.90 to 52.73 (ΔDMI = −22.17) and MixScore 
drops by 9.51 points, with only a modest disper-
sive gain (ΔDsMI = +3.17). The intermediate 
counter-rotating pair C→U and the strong co-
rotating pair H→X show the same qualitative 
tendency (ΔDMI = −8.43 and −12.18, respec-
tively), whereas the mild co-rotating pair G→W 
is almost neutral overall (ΔMixScore = −0.47), 
as a small distributive gain is offset by a disper-
sive loss.

Taken together, these results indicate that 
the favourable role of RBS rotation identified at 
N = 70 rpm is strongly screw-speed-dependent. 
At the base screw speed, activating the RBS — 
particularly in counter-rotation — enhanced dis-
tributive mixing relative to the neutral condition; 
at the reduced screw speed, the neutral condition 
already delivers the best distributive uniformity, 
and imposing barrel rotation no longer helps and 
generally impairs it. A plausible interpretation, 
consistent with the kinematic view of laminar 
mixing adopted throughout this work, is that the 
relative motion between the screw and the rotating 

sleeve, rather than the absolute RBS speed, con-
trols the local deformation history. At N = 50 
rpm the lower drag-driven throughput weakens 
cross-sectional renewal, and the imposed sleeve 
rotation appears to promote a more recirculating, 
less effectively redistributed flow than at N = 70 
rpm. Because residence-time-distribution mea-
surements were not performed, this mechanistic 
explanation is offered qualitatively and would 
benefit from dedicated flow characterization in 
future work.

These mixing trends must also be read against 
the process penalties of operating at reduced screw 
speed. The N = 50 rpm runs deliver substantially 
lower output than their N = 70 rpm counterparts 
(Q ≈ 3.7–4.2 kg/h versus 5.0–6.5 kg/h), so any 
change in mixing is achieved at a clear produc-
tivity cost. Among the reduced-speed runs, the 
neutral case T also has the lowest total specific 
mechanical energy (≈ 2129 kJ/kg, with no RBS 
power contribution), whereas activating the RBS 
raises the specific energy without an accompany-
ing distributive benefit; the counter-rotating case 
V, for example, reaches ≈ 3323 kJ/kg while giving 
the lowest DMI of the series. Consequently, at N 
= 50 rpm there is no operating point that simulta-
neously improves distributive mixing, dispersive 
mixing, throughput, and energy demand relative 
to the neutral baseline. The reduced screw speed 
is therefore advantageous for distributive unifor-
mity only when the RBS is left neutral; once the 
RBS is activated at this speed, the additional ener-
gy input and the loss of throughput are not com-
pensated by improved mixing. This contrasts with 
the N = 70 rpm behavior, reinforcing the central 
finding of the study: namely, that the RBS acts 
as an effective active mixing variable only within 
a suitable operating window, and that its benefit 
cannot be assessed independently of screw speed, 
temperature, and the targeted mixing objective.

Effect of using a mixing device

This subsection evaluates whether replac-
ing the downstream screw section with a Cut 
Rings mixing section improves the final mixing 
state delivered by the rotational barrel segment 
(RBS). The comparison is made using matched 
operating conditions at N = 70 rpm and 170 °C, 
namely A vs O (Nb = 0), C vs P (Nb = −30), 
D vs Q (Nb = −50), G vs R (Nb = +30), and 
H vs S (Nb = +50). In the RBS-only configu-
ration (A–H), the downstream length L5 + L6 
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corresponds to a conventional screw section, 
whereas in the RBS + Cut Rings configuration 
(O–S), the downstream region is composed of a 
screw section followed by a Cut Rings mixing 
section. This modification changes the down-
stream flow topology and may affect both spatial 
redistribution and agglomerate breakup.

Figure 10 shows that the effect of the Cut 
Rings device is nonuniform and strongly depends 
on the RBS operating conditions. For the neu-
tral case (A vs O), the Cut Rings configuration 
reduces DMI from 67.13 ± 2.68 to 62.09 ± 2.59, 
while DsMI remains essentially unchanged, lead-
ing to a small decrease in MixScore. For the 

Figure 10. Distributive mixing index (DMI, DsMI, and MixScore) comparison between RBS-only
(A, C, D, G, H) and RBS + Cut Rings (O, P, Q, R, S) at matched Nb

Error bars represent the standard deviation across the three within-run sampling locations (n = 3);
differences between conditions are interpreted as trends
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counter-rotating cases, the Cut Rings section does 
not improve the final mixing state. At Nb = −30 
(C vs P), DMI decreases markedly, and MixScore 
also decreases, while DsMI changes only slight-
ly. At Nb = −50 (D vs Q), both DMI and DsMI 
decrease, producing one of the clearest negative 
effects of the additional mixing device. These 
results indicate that, under neutral and counter-
rotating RBS operation, the RBS-only configu-
ration already provides the more favorable final 
morphology within the tested window.

A different trend is observed for the co-rotat-
ing case at Nb = +30. In the G vs R comparison, 
the Cut Rings device increases DMI from 61.25 
± 7.67 to 66.61 ± 5.49, while DsMI remains 
essentially unchanged. As a result, MixScore 
increases from 55.76 ± 2.88 to 58.71 ± 5.03. 
This is the clearest case in which the down-
stream Cut Rings section adds value, suggesting 
that under this co-rotating condition, the RBS-
only configuration does not provide the same 
level of spatial redistribution achieved when the 
downstream mixing element is present. At Nb = 
+50 (H vs S), however, the benefit disappears: 
DMI remains similar within the observed vari-
ability, whereas DsMI decreases from 52.72 ± 
3.74 to 47.99 ± 4.74, causing the overall Mix-
Score to fall.

Figure 11 helps explain the negative effect 
observed at Nb = −50 by comparing the particle-
size distributions for D and Q. The Cut Rings 
case does not reduce the upper particle-size tail; 

instead, at 100× it shows a heavier tail in the 
approximate range of 8–15 µm, which is consis-
tent with the lower DsMI measured for Q. There-
fore, under the strongest counter-rotating condi-
tion tested, the added Cut Rings section does not 
improve agglomerate breakup and may even pre-
serve a less favorable particle-size tail.

To strengthen the link between downstream 
geometry and process response, Figure 12 com-
pares the pressure profiles for two representa-
tive matched pairs: D vs Q (Nb = −50 rpm) and 
G vs R (Nb = +30 rpm), corresponding to the 
RBS-only and RBS + Cut Rings configurations, 
respectively. In both comparisons, the overall 
pressure evolution along the extruder follows the 
same general pattern: pressure increases from 
upstream barrel positions to a maximum near 
the middle of the line, then decreases toward 
the die region. However, the addition of the Cut 
Rings section alters the pressure levels, particu-
larly downstream of the extruder. Representative 
matched cases are shown for clarity; the com-
plete pressure data (P1–P4) for all conditions are 
reported in Table 5.

For the counter-rotating pair D vs Q, the Cut 
Rings configuration results in higher pressure 
in the intermediate region of the extruder, while 
the pressure near the die remains slightly lower 
than in the RBS-only case. This indicates that 
the downstream geometry changes the distribu-
tion of pressure build-up along the line, without 
producing a more favorable final mixing state. 

Figure 11. Example of mixing-device impact on particle-size number density (counts/mm² per size bin)
for Nb = −50 rpm: RBS-only (D) versus RBS + Cut Rings (Q), shown for 50× and 100× magnifications. 

Histograms use logarithmically spaced size bins on log–log axes; counts are normalized per mm²
of analyzed area. The corresponding number of detected particles and the D50/D90/D95/Dmax values 

for each run are reported in the Supplementary Material
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This observation is consistent with the microsco-
py results, which showed that Q exhibited lower 
DsMI and a less favorable particle-size tail than 
D. Therefore, the additional downstream pressure 
demand introduced by the Cut Rings section does 
not appear to translate into improved agglomerate 
breakup under this operating condition.

For the co-rotating pair G vs R, the pressure 
profiles are also shifted due to the presence of 
the Cut Rings section, with slightly higher pres-
sure levels in the intermediate and downstream 
regions for R than for G. In this case, the process 
change is accompanied by improvements in DMI 
and MixScore, suggesting that the altered down-
stream flow conditions are beneficial primarily 
for spatial redistribution rather than for additional 
dispersive breakup. Thus, the pressure-profile 
comparison supports the conclusion that the Cut 
Rings section affects the final mixing state through 
regime-dependent modifications to downstream 
flow resistance and pressure build-up.

Figure 12 provides additional process-level 
evidence that the Cut Rings element changes the 
extruder’s operating state, but its effect on mix-
ing depends on the RBS condition. A higher or 
redistributed pressure profile does not necessar-
ily imply a better final morphology; instead, the 
impact of the downstream mixing device must be 
interpreted in conjunction with the microscopy-
based distributive and dispersive indices.

The process data in Table 3 show that the Cut 
Rings runs generally operate at lower through-
put and, in several cases, higher total specific 
mechanical energy than their matched RBS-only 

counterparts. This is particularly evident for P 
and Q, where the additional energy demand is 
not accompanied by improved mixing indices. 
Thus, within the present operating window, the 
Cut Rings section cannot be regarded as a uni-
versally beneficial addition. Its effect is selec-
tive: it improves the final result only in the inter-
mediate co-rotating case (Nb = +30), primarily 
through improved distributive mixing, whereas 
under neutral and counter-rotating conditions it 
offers no advantage and may even worsen the 
final morphology.

Overall, the results show that the downstream 
mixing device must be evaluated together with 
the RBS operating mode, rather than in isolation. 
The RBS + Cut Rings configuration is not sys-
tematically superior to the RBS-only configura-
tion. Instead, its benefit is regime-dependent and 
is most apparent when additional downstream 
redistribution is needed, whereas under condi-
tions where the RBS already performs well, the 
Cut Rings section may increase energy demand 
without improving the final mixing state.

Trade-off summary

Table 7 summarizes, in Pareto-style form, the 
preferred operating condition for each individual 
process objective. The comparison is restricted 
to the RBS-only runs at N = 70 rpm and 170 °C 
(runs A–H), so that only the RBS rotational speed 
differs between the conditions compared; the 
reduced-screw-speed and elevated-temperature 
runs are treated separately.

Figure 12. Pressure profiles along the extrusion line for representative matched cases with and without
the downstream Cut Rings section: D (RBS, Nb = −50 rpm), Q (RBS + Cut Rings, Nb = −50 rpm),

G (RBS, Nb = +30 rpm), and R (RBS + Cut Rings, Nb = +30 rpm). Pressure was measured
at the four instrumented locations and plotted as a function of axial position (L/D)
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CONCLUSIONS 

This work evaluated the mixing performance 
of a single-screw extrusion system incorporating 
a rotational barrel segment (RBS) and quantified 
the effects of RBS kinematics, barrel/die tempera-
ture, and a downstream Cut Rings mixing section 
on distributive mixing, dispersive mixing, and 
process trade-offs during the dilution of a blue 
masterbatch in LDPE.

For the RBS-only configuration, activation of 
the rotational barrel segment significantly modi-
fied the final mixing state relative to the neutral 
condition. Counter-rotation generally improved 
distributive mixing, leading to higher DMI values 
and to the highest overall MixScore at the most 
intense counter-rotating condition tested (Nb = 
−50 rpm). In contrast, co-rotation showed a non-
monotonic response: a mild positive Nb reduced 
overall mixing performance, whereas strong co-
rotation (Nb = +50 rpm) produced the highest 
dispersive index among the base cases, combin-
ing good overall mixing with the highest through-
put and comparatively low specific energy. These 
results show that the preferred RBS operating 
condition depends on the targeted mixing objec-
tive. Counter-rotation is more favorable when spa-
tial uniformity is the main requirement, whereas 
strong co-rotation is attractive when dispersive tail 
reduction and process productivity are prioritized.

Drawing on the trade-off summary of Sec-
tion 4.6 (Table 7), the results support the follow-
ing guidelines for practitioners: (i) when colour 
or shade uniformity is the primary objective, 
strong counter-rotation (Nb = −50 rpm) at 170 °C 
is preferred, and the Cut Rings section should be 
avoided; (ii) when agglomerate dispersion at high 
throughput is the priority, strong co-rotation (Nb 
= +50 rpm) at 170 °C is recommended, offering 
the highest DsMI and output at comparatively 

low specific energy; (iii) when specific-energy 
minimisation dominates, mild co-rotation or the 
neutral condition should be used, accepting a 
lower mixing score; and (iv) the Cut Rings sec-
tion should be considered only in combination 
with intermediate co-rotation (Nb = +30 rpm), 
where it improved distributive mixing.

Increasing the barrel and die temperatures from 
170 °C to 190 °C produced a consistent process 
response: higher melt temperature, lower die-entry 
pressure, lower specific energy, and slightly higher 
output. However, this improved processability did 
not translate into a general improvement in mix-
ing. Within the tested operating window, higher 
temperature systematically reduced distributive 
mixing, while dispersive mixing improved only in 
the intermediate counter-rotating case (Nb = −30 
rpm). Therefore, the effect of temperature must be 
regarded as selective: it shifts the balance between 
process efficiency and mixing quality, rather than 
uniformly improving mixing.

The comparison between the RBS-only con-
figuration and the RBS + Cut Rings configuration 
showed that the downstream mixing device is not 
universally beneficial. Its effect depends strongly 
on the RBS operating mode. Under neutral and 
counter-rotating conditions, the Cut Rings section 
did not improve the final morphology and, in some 
cases, reduced both DMI and DsMI. The clearest 
benefit was observed at Nb = +30 rpm, where the 
Cut Rings section improved distributive mixing and 
increased MixScore. The additional pressure-pro-
file comparison for representative matched cases 
further supported the conclusion that the Cut Rings 
section modifies downstream pressure build-up and 
flow resistance, but that these process changes do 
not necessarily lead to better final dispersion or 
distribution. Thus, the downstream device must be 
evaluated together with the RBS condition, rather 
than as an intrinsically superior configuration.

Table 7. Preferred RBS operating condition per process objective, among the RBS-only base cases at N = 70 rpm 
and 170 °C (runs A–H).

Objective Preferred run Key value

Maximum DMI D (Nb = −50 rpm) DMI = 74.9

Maximum DsMI H (Nb = +50 rpm) DsMI = 52.7

Maximum MixScore D (Nb = −50 rpm) MixScore = 61.6

Minimum Etotal F (Nb = +10 rpm) Etotal = 2463.1 kJ/kg

Maximum throughput H (Nb = +50 rpm) Q = 6.54 kg/h

Mixing/energy/throughput compromise H (Nb = +50 rpm) MixScore = 60.4; Etotal = 2482.6 kJ/kg; 
Q = 6.54 kg/h
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From a practical standpoint, these results 
highlight that conventional downstream mixing 
elements, such as Cut Rings tips, are not an auto-
matic improvement to a configuration with an 
active barrel. Under neutral and counter-rotating 
conditions, the use of Cut Rings leads to lower 
DMI and DsMI values while increasing energy 
demand and reducing throughput, indicating an 
unfavorable process trade-off. An improvement 
in mixing quality is observed only for selected 
co-rotating conditions, in which the local defor-
mation field generated by the Cut Rings com-
plements, rather than competes with, the action 
of the RBS. This implies that the design of the 
downstream mixing configuration must be tightly 
coordinated with the RBS kinematics, and that 
potential negative interactions between active 
and passive mixing elements need to be consid-
ered already at the process design stage.

In general, the results demonstrate that the 
RBS is an effective active mixing variable in sin-
gle-screw extrusion, capable of shifting the bal-
ance between distributive and dispersive mixing 
according to its speed and direction. The study 
also shows that microscopy-based image analysis 
provides a practical route for quantifying these two 
aspects separately and relating them to measurable 
process variables. This is particularly important 
because a single “best mixing condition” does not 
exist independently of the process objective: the 
preferred operating point depends on whether the 
main priority is shade uniformity, agglomerate-tail 
reduction, energy efficiency, or throughput.

The present work has some important limita-
tions that should be recognized. First, the interpre-
tation of flow-history effects is based on measured 
process variables and operating conditions, since 
residence-time-distribution measurements were 
not performed in this study. Second, the mixing 
indices depend on the image-analysis procedure 
adopted, including segmentation and feature-
detection criteria, although the same workflow 
was applied consistently across all runs. In addi-
tion, the mean ± SD values are based on three 
within-run sampling locations rather than inde-
pendent replicate runs, so formal significance test-
ing between conditions was not performed. Third, 
the conclusions are based on a blue masterbatch/
LDPE system, which is suitable for comparative 
assessment but does not capture all dispersion 
problems encountered in polymer extrusion.

Future work should therefore proceed in three 
directions. First, targeted RTD measurements 

should be conducted under representative operat-
ing conditions to strengthen the mechanistic inter-
pretation of the observed mixing trends. Second, 
the methodology should be extended to a more 
demanding dispersive system, such as TiO2 in 
the same LDPE matrix, and to alternative image-
based mixing metrics, including area-fraction uni-
formity, color-uniformity measures, and defect-
density descriptors. Together, these developments 
would improve the robustness of the analysis and 
support future optimization and design of active 
mixing systems for extrusion.

Acknowledgments

The authors acknowledge funding from FEDER 
funds through the COMPETE 2020 Program and 
National Funds through FCT (Portuguese Founda-
tion for Science and Technology) under the proj-
ects UID-B/05256/2020 and UID-P/05256/2020, 
the “Agendas para a Inovação Empresarial” (Proj-
ect nº 49, acronym “INOV.AM”, with reference 
PRR/49/INOV.AM/EE, operation code 02/C05-
i01.01/2022.PC644865234-00000004), supported 
by the RRP - Recovery and Resilience Plan and by 
the European Funds Next Generation EU. http://
www.recuperarportugal.gov.pt/, and the Lublin 
University of Technology pro-quality subsidy for 
the development of the research potential under 
individual grants No. FD-20/IM-5/106 in 2026.

REFERENCES

1.	 Buccella M., Dorigato A., Rizzola F., Caldara M., 
Fambri L. Effects of the extrusion processes on the 
rheological, chemical, and coloration properties 
of a copper phthalocyanine-based masterbatch. J. 
Elastomers Plast. 2018; 50(4): 295–311. https://doi.
org/10.1177/0095244317718597

2.	 Buaksuntear K., Choosang N., Mougin K., Span-
genberg A., Le Duigou A., Smitthipong W. Recent 
advancements in masterbatch filler technology and 
filler dispersion for rubber and polymer compos-
ites: a review. Polym. Eng. Sci. 2025. https://doi.
org/10.1002/pen.70338

3.	 Rauwendaal C. Polymer Extrusion. 5th ed. Munich: 
Hanser; 2014.

4.	 Tadmor Z., Gogos C.G. Principles of Polymer Pro-
cessing. 2nd ed. Hoboken (NJ): Wiley; 2006.

5.	 Manas-Zloczower I. (Ed.). Mixing and Compound-
ing of Polymers: Theory and Practice. 2nd ed. Mu-
nich: Hanser; 2009.



46

Advances in Science and Technology Research Journal 2026, 20(12), 21–46

6.	 Domingues N., Gaspar-Cunha A., Covas J.A. Glob-
al mixing indices for single screw extrusion. Int. J. 
Mater. Form. 2008; 1(Suppl 1): 723–726. https://
doi.org/10.1007/s12289-008-0317-4

7.	 Gaspar-Cunha A., Covas J.A., Sikora J. Optimiza-
tion of polymer processing: a review (Part I—Ex-
trusion). Materials 2022; 15(1): 384. https://doi.
org/10.3390/ma15010384

8.	 Oldemeier J.P., Schöppner V. Analysis of the disper-
sive and distributive mixing effect of screw elements 
on the co-rotating twin-screw extruder with particle 
tracking. Polymers 2024; 16(21): 2952. https://doi.
org/10.3390/polym16212952

9.	 Veigel D., Rishi K., Okoli U., Beaucage G., Gal-
loway J.A., Campanelli H., Ilavsky J., Kuzmenko 
I., Fickenscher M. Comparison of nanocompos-
ite dispersion and distribution for several melt 
mixers. Polymer 2023; 269: 125735. https://doi.
org/10.1016/j.polymer.2023.125735

10.	Danckwerts P.V. Continuous flow sys-
tems: distribution of residence times. Chem. 
Eng. Sci. 1953; 2(1): 1–13. https://doi.
org/10.1016/0009-2509(96)81810-0

11.	Levenspiel O. Chemical Reaction Engineering. 3rd 
ed. New York (NY): John Wiley & Sons; 1999.

12.	Bauer H., Matić J., Evans R.C., Gryczke A., Ket-
terhagen W., Sinha K., Khinast J. Determining local 
residence time distributions in twin-screw extruder 
elements via smoothed particle hydrodynamics. 
Chem. Eng. Sci. 2022; 247: 117029. https://doi.
org/10.1016/j.ces.2021.117029

13.	Bauer H., Khinast J. Detecting mixing barriers in 
twin-screw extruder elements via Lagrangian coher-
ent structures. Chem. Eng. Sci. 2022; 263: 118069. 
https://doi.org/10.1016/j.ces.2022.118069

14.	Bernardo F., Covas J.A., Canevarolo S.V. On-line 
optical monitoring of the mixing performance in co-
rotating twin-screw extruders. Polymers 2022; 14(6): 
1152. https://doi.org/10.3390/polym14061152

15.	Gajdoš I., Slota J., Sikora J., Krasinskyi V.V. Evalu-
ation of rotational barrel segment mixing perfor-
mance with CFD analysis. Chem. Technol. Subst. 
2020; 3(1): 190–195. https://doi.org/10.23939/
ctas2020.01.190

16.	Sikora J. Układ uplastyczniający wytłaczarki. PL 
Patent No. 235887 B1. Warsaw: Urząd Patentowy 
Rzeczypospolitej Polskiej; 2020.

17.	Denysiuk R., Recio G., Covas J.A., Gaspar-Cunha 
A. Using multiobjective optimization algorithms 
and decision making support to solve polymer 

extrusion problems. Polym. Eng. Sci. 2018; 58(4): 
493–502. https://doi.org/10.1002/pen.24732

18.	Majewski Ł., Głogowska K. Review of uncon-
ventional barrel designs of plasticizing systems 
used in single-screw extruders. Ind. 4.0 2019; 
4(5): 232–236. https://stumejournals.com/journals/
i4/2019/5/232

19.	Ottino J.M. The Kinematics of Mixing: Stretching, 
Chaos, and Transport. Cambridge: Cambridge Uni-
versity Press; 1989.

20.	Danckwerts P.V. The definition and measurement 
of some characteristics of mixtures. Appl. Sci. 
Res. A 1952; 3: 279–296. https://doi.org/10.1007/
BF03184936

21.	Lacey P.M.C. Developments in the theory of particle 
mixing. J. Appl. Chem. 1954; 4(5): 257–268. https://
doi.org/10.1002/jctb.5010040504

22.	Camesasca M., Kaufman M., Manas-Zloczower I. 
Quantifying fluid mixing with the Shannon entropy. 
Macromol. Theory Simul. 2006; 15(8): 595–607. 
https://doi.org/10.1002/mats.200600037

23.	Dryer, B., Fukuda, G., Webb, J., Montemayor, K., 
Bigio, D.I., Andersen, P. and Wetzel, M. (2017), 
Comparison of scale-up methods for dispersive mix-
ing in twin-screw extruders. Polym Eng Sci, 57: 
345–354. https://doi.org/10.1002/pen.24439

24.	van der Walt S., Schönberger J.L., Nunez-Iglesias J., 
Boulogne F., Warner J.D., Yager N., Gouillart E., Yu 
T. scikit-image: image processing in Python. PeerJ 
2014; 2: e453. https://doi.org/10.7717/peerj.453

25.	Harris C.R., Millman K.J., van der Walt S.J., 
Gommers R., Virtanen P., Cournapeau D., et al. 
Array programming with NumPy. Nature 2020; 
585(7825): 357–362. https://doi.org/10.1038/
s41586-020-2649-2

26.	Virtanen P., Gommers R., Oliphant T.E., Haber-
land M., Reddy T., Cournapeau D., et al. SciPy 1.0: 
fundamental algorithms for scientific computing in 
Python. Nat. Methods 2020; 17(3): 261–272. https://
doi.org/10.1038/s41592-019-0686-2

27.	McKinney W. Data structures for statistical comput-
ing in Python. In: Proceedings of the 9th Python 
in Science Conference; 2010. p. 51–56. https://doi.
org/10.25080/Majora-92bf1922-00a

28.	Hunter J.D. Matplotlib: a 2D graphics environment. 
Comput. Sci. Eng. 2007; 9(3): 90–95. https://doi.
org/10.1109/MCSE.2007.55

29.	Otsu N. A threshold selection method from gray-level 
histograms. IEEE Trans. Syst. Man Cybern. 1979; 9(1): 
62–66. https://doi.org/10.1109/TSMC.1979.4310076


