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Abstract

This study presents a quantitative framework for evaluating lateral mixing in
a bubbling fluidized bed based on high-speed image analysis and Lacey mix-
ing index estimation. Experiments were conducted in a pseudo-two-dimensional
fluidized bed using optically distinguishable glass beads, enabling detailed track-
ing of mixing dynamics over time. Recorded images were processed through a
pipeline comprising contrast enhancement, noise reduction, and segmentation via
adaptive thresholding to isolate tracer particles. Spatial concentration fields were
then extracted from the segmented images and used to estimate local variances
necessary for computing the Lacey index as a time-resolved measure of mixing
progression from a fully segregated to a randomly mixed state.
By providing clear, quantitative indicators of mixing evolution, the proposed
methodology offers a potential basis for integrating interpretable measurements
into digital models of fluidized bed systems. These image-based insights could
contribute to improving the transparency of digital representations of fluidized
beds and support future efforts toward explainable digital twins for process moni-
toring and control. The results suggest that combining classical image processing
with statistical metrics provides a reliable means to analyze and understand
complex mixing dynamics in a way that may be incorporated into interpretable
digital frameworks.

Keywords: Image processing, Fluidized beds, Solid mixing, Statistical mixing metrics

1



1 Introduction

Gas-solid fluidized beds are widely utilized across numerous industrial sectors, includ-
ing chemical manufacturing, pharmaceuticals, energy, and food processing, due to
their superior gas-solid contact and heat transfer capabilities. The operational effec-
tiveness of these systems largely depends on achieving and maintaining homogeneous
solid-phase mixing, as inadequate mixing can induce localized temperature and con-
centration gradients that detrimentally affect process efficiency and product quality [1].
In particular, the solid mixing rate in thermochemical energy conversion processes
determines the location and design of fuel feeding ports in fluidized bed boilers [2].

The hydrodynamics of fluidized beds, characterized by bubble formation, coales-
cence, and eruption, coupled with complex gas-solid interactions, govern the mixing
mechanisms of particulate solids [3]. The axial component of solid mixing is known to
be induced by bubble rising, while the lateral dispersion of solid mixing is promoted by
bubble coalescence and eruption [4]. Belgardt et al. [5] confirmed that the axial mixing
component is much faster than the lateral mixing, allowing the use of one-dimensional
Fickian-type diffusion model for the estimation of lateral dispersion coefficient, which
has been extensivelly used on the quantification of solid mixing on fluidized beds.

Traditional experimental solid mixing quantification methods primarily rely on
tracer studies and physical sampling, which, despite their reliability, are often intru-
sive and limited in temporal resolution [6, 7]. Optical imaging techniques, on the other
hand, enable non-invasive, high-temporal-resolution observations of mixing dynamics,
especially effective in pseudo-2D fluidized beds where direct particle visualization is
feasible [8–10]. These techniques also provide the information needed to determine the
mixing time and the mixing curves relaying on mixing index [11], instead of estimat-
ing the lateral dispersion coefficient. However, the extraction of quantitative mixing
metrics from image data is challenged by factors such as particle overlap, illumina-
tion variability, and the inherent projection of three-dimensional distributions onto
two-dimensional planes [3, 12].

The mixing phenomena in fluidized beds has been also studied by means of
numerical simulation models, such as two-fluid model (TFM) [13–15] and discrete ele-
ment model (DEM) [16, 17]. While continuum-based numerical frameworks, such as
TFM, have advanced the understanding of fluidized bed behavior through detailed
simulations [13, 18], experimental validation remains essential to capture the intrin-
sic complexities and validate modeling assumptions. Techniques like Particle Image
Velocimetry (PIV) and visual tracking in pseudo-two-dimensional fluidized beds
provide valuable experimental insights [19].

In this context, the present work proposes a robust quantitative framework for
evaluating lateral mixing in a bubbling fluidized bed by integrating classical image pro-
cessing techniques with statistical mixing metrics. The experimental system employs
optically distinguishable glass beads arranged initially in a laterally segregated con-
figuration and fluidized by air. High-speed imaging captures the evolving spatial
distributions of the particle phases, which are processed through a pipeline of contrast
enhancement, noise reduction, and segmentation to isolate tracer particles.

From the processed images, spatial concentration fields are constructed and used to
compute the Lacey mixing index, a normalized statistical measure that quantitatively
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tracks the transition from segregation to random mixing [20]. This approach reveals
distinct mixing stages, including an initial convective transport phase induced by
bubble dynamics followed by a slower diffusive redistribution. The resulting temporal
evolution of the mixing index enables the extraction of characteristic mixing times and
lateral dispersion coefficients, offering a quantitative description of the mixing process.

By demonstrating that classical image analysis methods combined with appropri-
ate statistical indices can effectively characterize dynamic particulate flow behavior,
this study contributes an experimentally validated tool for analyzing fluidized bed
mixing. The proposed methodology complements existing modeling efforts [4, 21, 22]
and supports the experimental validation of numerical simulations [2, 23], thereby
facilitating improved process optimization and control.

2 Experimental Setup

The experimental facility consists of a pseudo-two-dimensional cold fluidized bed
designed to study mixing dynamics through image-based analysis. A schematic
representation of the setup is shown in Fig. 1, adapted from [11].

Fig. 1: Schematic diagram of the experimental setup. Adapted from [11].

• Airflow System: The gas supply is controlled using a flow meter (1) and a water
bubbler (2), ensuring a constant and measurable air flow. This air passes through a
plenum chamber (3) which distributes the fluidizing gas uniformly across the bed’s
base. The plenum chamber is equipped with a perforated plate with two rows of
30 holes of 1 mm diameter arranged in a triangular configuration with 1 cm pitch.
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It provides the pressure drop needed to avoid gas maldistribution [24] the bubble
formation in the bed and prevents the falling of particles inside the plenum chamber.

• Fluidized Bed: The main column of the bed has internal dimensions of 0.3m
(width) × 1m (height) × 0.01m (thickness), thus it can be considered a pseudo-
2D fluidized bed. The bed is initially loaded with ballotini glass particles (2500
kg/m3 density) and particle size of 0.4–0.6mm. To visually distinguish phases dur-
ing analysis, half of the particles are painted in black (4), while the remaining
unpainted particles appear white (5). The painting process does not affect the phys-
ical properties of the particles, as was demonstrated by [11] using Scanning Electron
Microscopy (SEM) images.

• Lighting and Imaging: Two spotlights (6) were symmetrically placed at the front
to ensure uniform illumination of the bed and minimize shadows or lighting gradi-
ents. A Nikon digital camera (7), positioned perpendicular to the bed’s front wall,
captures video at 60 frames per second with a spatial resolution of 1280× 720 pix-
els. Each pixel corresponds to an approximate physical dimension of 0.4mm, which
defines the spatial resolution limit for identifying features in the mixing process.

• Mixing Procedure: Prior to each experiment, a vertical partition is inserted along
the bed’s centerline to form two symmetric compartments. The left side is filled
with black particles and the right side with white particles, yielding a completelly
segregated state at the beginning of each experiment. Once filled, the partition is
removed, and the air flow is initiated at a controlled superficial velocity. This sudden
activation initiates the mixing process, which is recorded for post-processing and
image-based quantification.

The mixing process in fluidized beds can be defined as the transition from the
completely segregated state, where particles of different colours (e.g. black and white)
are fully separated laterally within the bed, to a randomly mixed state characterized
by an apparently uniform spatial distribution of particles without preferential pat-
terns. The completely unmixed state corresponds to the maximum lateral segregation,
where one type of particle occupies one side of the bed and the other type occupies
the opposite side. Conversely, the randomly mixed state is achieved when particles
are distributed such that any random sample taken from the bed reflects the overall
particle proportions, indicating homogeneity at the system level.

To quantitatively assess the mixing quality, the states of the granular mixture are
represented through probability distributions of particle locations. These distributions
are then condensed into scalar mixing indices, which serve as objective metrics to
track the degree of mixing over time. This approach enables the characterization of
mixing dynamics from image data by transforming spatial information into meaningful
numerical indicators.

3 Image-Based Estimation of Mixing Quality

In this study, image analysis is employed to evaluate the evolution of mixing in a
pseudo-2D fluidized bed system. The core metric used to quantify the degree of mixing
is the Lacey index, which provides a normalized measure of mixing quality based on
spatial variance in particle concentrations. To ensure the robustness of the computed
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index, images recorded during the mixing process are preprocessed through a sequence
of classical enhancement and segmentation steps prior to quantitative analysis.

The digital video recordings, acquired at 60 frames per second and with a spatial
resolution of 1280× 720 pixels, are first subjected to noise and artifact removal. This
step includes the application of Gaussian filtering, where the kernel width σ is selected
to attenuate high-frequency noise while preserving the structural integrity of particle
edges [25]. Following this preprocessing, each frame is converted from a color image
to a grayscale intensity image to provide a consistent basis for subsequent analysis.

The enhanced grayscale image is then segmented by clustering the pixel intensities
into three distinct classes, producing a labeled map that assigns each pixel to one of
three categories: class 1 (background), class 2 (black solid phase), or class 3 (white
solid phase). This segmentation delineates the different phases or components present
within the mixture captured in the image.

From the segmentation map, binary masks are generated separately for class 2 and
class 3, indicating the spatial distribution of each of these two phases in the image
domain. The image is partitioned into non-overlapping tiles of fixed size, and within
each tile, the local concentration of a given class is calculated as the fraction of pixels
in the tile assigned to that class.

The variance of the local concentration distribution across all tiles is then computed
for each class, serving as a measure of the spatial heterogeneity of the corresponding
phase. The variance in the completely segregated state, denoted σ2

0 , is defined as

σ2
0 = c̄ (1− c̄) ,

where c̄ represents the mean concentration of the class in the entire image. The variance
expected at the randomly mixed state, denoted σ2

R, is given by

σ2
R =

σ2
0

n
,

where n corresponds to the total number of tiles in which the image is divided.
The Lacey Mixing Index for each class is subsequently calculated using the

expression

M =
σ2
0 − σ2

σ2
0 − σ2

R

,

where σ2 is the measured variance of local concentrations for the class under consider-
ation. The Lacy index usually has a zero value for the completely segregated state and
increases to unity for the randomly mixed state, following an exponential trend [20].

This calculation is applied independently to the binary masks of class 2 and class 3,
yielding two separate indices that quantify the homogeneity of each phase. In addi-
tion, a global mixing index for the entire image can be determined by evaluating the
combined distribution of the three classes, providing a comprehensive measure of the
overall degree of mixing.

Repeating this procedure across all frames of the video sequence enables the con-
struction of time series of the Lacey Mixing Index, facilitating a quantitative analysis
of the temporal evolution of mixing dynamics.
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4 Numerical Results

In this section, we present the numerical analysis of the mixing process based on
image segmentation and the computation of the Lacey mixing index. The segmentation
procedure is applied to a representative frame to classify pixels into distinct phases
within the flow field, enabling precise spatial characterization of the mixture. This
segmentation discriminates between background and phases of interest, forming the
basis for further quantitative analysis.

Fig. 2: Segmentation procedure for a representative frame. (a) Original RGB image,
(b) Grayscale converted image, (c) Gaussian filtered image for noise reduction, (d)
Final segmented map with three classes: background (black), class 2 (green), and class
3 (red).

Figure 2 illustrates the segmentation procedure applied to a representative frame
of the experimental data. The original RGB image (a) is first converted to a grayscale
intensity image (b), which is then filtered to reduce noise while preserving relevant
structural features. The final segmentation map (d) classifies the image into three
classes: background (black), class 2 (green), and class 3 (red). This segmentation
provides the foundation for phase identification and further quantitative analysis.

To provide additional perspective on the spatial distribution of each solid phase,
Figure 3 shows an overlay of the local concentration map onto the corresponding
grayscale image of one segmented phase. The image is subdivided into a grid of tiles,
and within each tile, the local concentration is estimated as the fraction of pixels
belonging to the phase. This local concentration is represented by a red intensity
overlay, with higher intensities indicating relatively greater phase presence.
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Fig. 3: Visualization of the local concentration map overlaid on the grayscale image
of a segmented phase. The red overlay indicates the estimated local concentration in
each tile, highlighting regions of higher and lower phase concentration. This facilitates
qualitative assessment of spatial uniformity and mixing progression.

This visualization offers a qualitative view of spatial variations in phase distribu-
tion, which may assist in interpreting patterns of homogeneity and segregation within
the sample. While it does not provide a definitive quantitative measure on its own,
the overlay can support the assessment of mixing characteristics and highlight areas
that warrant further analysis. Such an approach complements the computed mixing
indices by providing spatial context that may be relevant in understanding the mixing
process.

Finally. the temporal evolution of the mixing process is evaluated by calculating
the Lacey mixing index for the two solid phases identified through segmentation. The
segmentation classifies the images into three classes: background, solid phase 1 (black
particles), and solid phase 2 (white particles). Figure 4 shows the Lacey index for each
solid phase over time, reflecting changes in spatial homogeneity during the mixing
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process. This analysis provides an indication of the mixing progression for each phase
independently.

(a) Original temporal evolution of the Lacey
indices.

(b) Moving-averaged temporal evolution to
reduce fluctuations.

Fig. 4: Temporal evolution of the Lacey mixing indices for the two solid phases
segmented from the images. The indices reflect the degree of spatial homogeneity
within each phase over time. (a) Original curves showing frame-by-frame values. (b)
Smoothed curves obtained by applying a moving average filter to emphasize long-term
trends.

The results exhibit two noteworthy behaviors in the computed Lacey indices for the
solid phases. First, the indices do not reach the theoretical maximum value of one, even
after extended mixing. This suggests that a fully homogeneous spatial distribution is
not achieved within the observed timeframe, or that the mixing process maintains some
degree of heterogeneity at the analyzed scale. Such submaximal values are consistent
with typical physical mixing limitations but may also be influenced by factors related
to image processing.

Second, the indices show initial values slightly greater than zero instead of being
strictly zero at the start of the mixing process. Ideally, a freshly segregated system
would yield an index close to zero, reflecting spatially distinct phases with minimal
local mixing. However, this deviation can be partially attributed to artifacts intro-
duced during image segmentation. Noise, partial volume effects, or misclassification
of pixels (especially near phase boundaries) can induce spurious local heterogeneities
or falsely detected dispersed pixels. These factors artificially increase the measured
spatial uniformity, elevating the initial index values.

Therefore, while the Lacey index effectively captures the overall mixing trend,
caution is advised when interpreting absolute values. The quality of segmentation
and the presence of image artifacts significantly influence the quantitative assessment,
and further refinement or validation of the segmentation method may be required to
minimize bias in the index calculation.
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5 Conclusion

This work has presented a quantitative assessment of the mixing process between
two solid phases using the Lacey mixing index computed from segmented image
sequences. The segmentation into three classes—background, solid phase 1, and solid
phase 2—enabled the independent evaluation of spatial homogeneity evolution for
each phase. The temporal analysis of the Lacey indices revealed progressive mixing
trends, although the indices did not reach complete homogeneity within the analyzed
timeframe.

The study also highlighted the sensitivity of the Lacey index to image processing
and segmentation quality. Initial nonzero values of the index emphasize the influence
of segmentation artifacts such as noise and pixel misclassification, which can bias the
interpretation of mixing degree.

Future work should focus on improving segmentation accuracy and exploring com-
plementary metrics to provide a more robust characterization of mixing dynamics.
Additionally, integrating these quantitative image-based indices with physical mix-
ing parameters may enhance the understanding of the underlying mechanisms and
support optimization of mixing operations in multiphase systems.
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