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Abstract

Laser Speckle Imaging (LSI) is a non-invasive optical technique used to assess biologi-
cal activity by detecting dynamic variations in speckle patterns. These patterns exhibit
statistical symmetry in static regions, while biological activity induces symmetry break-
ing that can be captured through the Graphic Absolute Value of Differences (GAVD),
producing the activity map IGAVD. This work evaluates the effect of four contrast enhance-
ment algorithms: Histogram Equalization (HE), Contrast Limited Adaptive Histogram
Equalization (CLAHE), Multiscale Morphological Contrast Enhancement (MMCE), and
Multiscale Top-Hat Transform with an Open-Close Close-Open (OCCO) filter, applied to
intermediate LSI images, with the final activity map used for quantitative evaluation. Each
method represents a distinct enhancement paradigm: HE and CLAHE are histogram-based
techniques for global and local contrast adjustment, whereas MMCE and OCCO-MTH
are morphological approaches that emphasize structural preservation and local detail
enhancement. The dataset consisted of images of Phaseolus vulgaris (SP) and Lactuca sativa
(SL) seeds. Evaluation was conducted through expert visual inspection and quantitative
analysis using contrast, entropy, spatial frequency (SF), structural similarity index (SSIM),
peak signal-to-noise ratio (PSNR), and contrast improvement ratio (CIR). All metrics were
computed on IGAVD activity maps, which reflect bioactivity through the disruption of
statistical symmetry. Non-parametric statistical tests (Friedman, aligned Friedman, and
Quade) revealed that CLAHE and MMCE significantly improved image quality compared
to the original images (p < 0.05). Among the evaluated algorithms, CLAHE increased
global contrast by approximately 25% and entropy by 6% relative to the original speckle
frames, enhancing the visibility of bioactive regions. MMCE achieved the highest bioac-
tivity contrast ratio (CIR = 0.64), while OCCO-MTH provided the best structural fidelity
(SSIM = 0.91) and noise suppression (PSNR = 30.7 dB). These results demonstrate that
suitable contrast enhancement can substantially improve the interpretability of LSI activ-
ity maps without altering acquisition hardware. This finding is particularly relevant for
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experimental applications aiming to maximize information quality without modifying
acquisition hardware.

Keywords: Laser Speckle Imaging (LSI); speckle patterns; contrast enhancement; Phaseolus
vulgaris (SP); seed Lactuca sativa (SL); GAVD

1. Introduction
LSI is an optical technique based on the formation of a granular interference pattern,

known as speckle, when a coherent light beam strikes a rough surface or a sample with
microscopic structural variations. This pattern is highly sensitive to dynamic changes in the
sample, allowing its use in various scientific and technological applications. When speckle
is used to analyze biological activity, such as cell dynamics, blood circulation, or structural
changes in tissues and plants, the technique is referred to as Laser Speckle Imaging. In these
cases, fluctuations in the speckle pattern reflect biophysical and biochemical processes in
real time, providing information about the metabolic and structural activity of biological
systems [1,2].

In the context of LSI applied to seeds, bioactivity is inferred from the temporal fluctu-
ations of the speckle pattern, which reflect underlying metabolic and structural changes.
The Graphic Absolute Value of the Differences (GAVD) is widely used as an activity map in
biospeckle analysis: regions undergoing active biological processes (e.g., radicle or plumule
development) typically exhibit higher temporal intensity variation than static background
or seed coat. This physical basis supports the use of GAVD as a proxy for bioactivity in
both visual inspection and quantitative evaluation [1,2].

Laser speckle is a granular interference pattern formed when coherent light, such
as that from a laser, is scattered by a rough surface or a heterogeneous medium. In bi-
ological samples, temporal fluctuations in the speckle pattern are primarily caused by
microscopic motion and changes in refractive index, which are linked to metabolic or struc-
tural activity [1,2]. By capturing time-resolved speckle images, it is possible to quantify
these fluctuations and infer bioactivity. In this work, GAVD is used as an activity map
that proxies bioactivity: regions undergoing metabolic or structural change are expected
to exhibit higher temporal intensity variation than static background or seed coat. This
assumption is consistent with prior LSI biospeckle literature and underpins the use of
GAVD for visual and metric evaluation [1].

LSI is a non-invasive technique widely used to inspect the quality and safety of food
products [3,4]. It enables monitoring of slight changes and measuring activity in biological
samples [1]. Moreover, it is used in other fields such as medicine [2]. This technique relies
on the analysis of sequential images of the speckle pattern. For this analysis, both graphical
and numerical methods well established in the literature are employed [5]. Graphical
methods generate an output image from the sequence, which is generally interpreted as
an activity map. Numerical methods are adopted when the goal is to measure the level
of change in a speckle pattern over time, resulting in a numerical value known as the
activity level. They are also based on the creation of an interference pattern produced
by light reflected or scattered from a rough surface. This pattern, known as speckle, is
statistically random and characterized by intensity variations relative to the mean intensity.
The fundamental theory of LSI lies in analyzing these variations to obtain information
about the dynamic and structural properties of different objects and tissues [6,7].

The LSI technique can be applied to different fields of science and engineering due
to its versatility and the variety of samples it can analyze. In recent years, numerous
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scientific articles and applications have been published in which objects at both macro and
microscopic scales are analyzed by coupling optical systems to microscopes [8,9].

In the medical field, LSI is widely used for non-invasive monitoring of blood flow.
This method exploits the changing nature of speckle patterns caused by blood movement
in tissues. It is particularly useful for monitoring retinal blood flow and assessing skin
microcirculation. Furthermore, it has proven effective in tracking thermally induced
changes in blood flow and tumor microvessels, providing crucial data for cancer research
and treatment optimization [10,11].

In technological and industrial applications, speckle velocimetry has been used for
objective velocity measurements in autonomous vehicles, thus improving autonomous nav-
igation. Additionally, the statistics of dynamic speckle produced by a rotating diffuser have
been applied to evaluate paint drying processes, demonstrating the industrial applicability
of speckle analysis [12].

In biological and botanical applications, LSI fluctuations have been used as a detection
test in holographic measurement of plant motion and growth, allowing detailed study of
botanical specimen activities [13]. Several studies have proposed analyzing the physical
state of seeds using the biospeckle technique. For example, biospeckle can be used to
evaluate fungal infections in stored seeds [14] and damage during seed germination [15].
Seed vigor assessment is a particularly important application, as the biospeckle technique
can detect viable or non-viable seeds at an early stage [16,17]. The use of biospeckle in
bisected seeds allows detection of areas of high and low seed activity [18]. However, the use
of biospeckle to assess seed vigor is still considered a developing technology and shows
promise for evaluating how initial water content affects germination [19]. The technique
also shows potential for highly accurate seed classification [20]. In this regard, the technique
has not yet been adapted to industrial scale and has only been evaluated in a small number
of species [21].

The main issues in speckle pattern images can be classified into three categories:
saturation, low contrast, and lack of homogeneity. These can be mitigated through digital
image processing techniques [22].

Recent advances in general image enhancement have also explored physics-based and
learning-based models, such as dehazing-inspired frameworks for low-light conditions [23]
and domain adaptation networks for robust low-light enhancement [24], which provide
useful insights for improving contrast and preserving structural details in LSI contexts.

Recent deep-learning approaches such as content–style contrastive networks for un-
derwater image enhancement [25] further demonstrate how domain adaptation and style
control can improve visibility in challenging imaging conditions.

Beyond seed bioactivity analysis, the proposed methodology has broader applicability
in other biological imaging domains such as tissue perfusion [7], plant physiology [13],
and biomedical flow monitoring [6]. By improving speckle contrast and preserving dynamic
patterns, it provides a generalizable framework for visualizing subtle bio-optical activity
across different experimental contexts.

This work presents a methodology to correct and enhance details in the output image
of Laser Speckle Imaging using image processing techniques. Although the contrast
enhancement algorithms applied have been previously developed, their evaluation in the
specific context of dynamic speckle images of seeds represents a relevant and necessary
contribution. This work proposes a systematic analysis strategy that combines image
processing, visual validation, and statistical analysis, with potential applicability to other
experimental configurations.

The main contributions of this work are threefold: (i) it presents a systematic evaluation
of classical and morphological contrast enhancement algorithms applied to Laser Speckle
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Imaging of seeds, (ii) it combines objective metrics and expert visual assessment to validate
enhancement performance, and (iii) it establishes a methodological framework adaptable
to real-time implementation and future learning-based extensions.

2. Material and Methods
This section describes the methodology applied to evaluate the performance of contrast

enhancement algorithms on Laser Speckle Imaging (LSI) data. The study was conducted
using dynamic speckle images of seeds, where the enhancement algorithms were applied
to intermediate speckle frames obtained during the acquisition process. The evaluation
was based on activity maps computed from the processed images, using both objective
image quality metrics and visual validation by experts. Throughout this section, the terms
image enhancement techniques and contrast enhancement algorithms are used in a comple-
mentary manner. The former refers to general processing approaches applied to biospeckle
images, whereas the latter specifically denotes the computational implementations evalu-
ated in this study.

2.1. LSI Image Dataset

The hardware used in the experimental setup for biospeckle image acquisition cor-
responds to the Holmarc HO-ED-INT-15 system, equipped with a He–Ne laser (5 mW,
632.8 nm) as the coherent light source, together with a precision spectral filter that selects
this wavelength with a tolerance of ±0.2 nm. The optical configuration includes a polarizer,
a spatial filter with a 15 µm pinhole, and lenses with a focal length of 25 mm, as well
as a manually adjustable diaphragm with a 1/16 aperture. Additionally, mirrors and an
optical bench with a passive vibration-damping system were used to stabilize the setup
and minimize optical noise during image acquisition.

Image acquisition was performed using a 5 MP digital camera with a charge-coupled
device (CCD) sensor, operated through the OpenCV Python package, enabling real-time
visualization and post-processing of the biospeckle patterns. All components were mounted
on a 1200 × 900 mm optical table with vibration-isolation support, which minimizes external
mechanical disturbances and enhances speckle stability during acquisition.

Figure 1 shows the experimental setup used to obtain laser speckle images. In
Figure 1a, a photograph of the actual setup on an anti-vibration optical table is shown,
while Figure 1b presents a simplified diagram of the system. This includes the laser illumi-
nation source, the sample, a CCD used to capture the images, and a computer responsible
for recording and processing the acquired data.

Currently, there is no standardized configuration for Laser Speckle Imaging (LSI) ac-
quisition, leading to the use of various optical setups depending on available resources and
components. In this study, the experimental setup was mounted on an anti-vibration optical
table to minimize mechanical interference and ensure stability during data acquisition.

Sample illumination was achieved through a spatially filtered laser beam, generated
by focusing the beam through a micrometric aperture using a converging lens. This allowed
for obtaining a Gaussian intensity profile, reducing illumination irregularities and ensuring
uniform excitation of the sample.

Different configurations were tested by varying optical filters and polarizers. The aim
was to identify the setup that yields the best results when combined with image en-
hancement algorithms. Table 1 shows the optical configurations used, whose effects were
evaluated through quantitative metrics.

The dataset used in this study consists of 24 data packs, including 20 of Phaseolus
vulgaris (SP) and 4 of Lactuca sativa (SL), both seed types selected for their different geome-
tries and sizes. Each data pack contains a dynamic speckle sequence of approximately
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500 images, totaling around 12,000 speckle pattern images. The packs were labeled using
a code combining the seed identifier with the corresponding experimental configuration.
All data packs generated in this work are publicly available for research and validation
purposes [26].

a)

b)
Figure 1. (a) Data acquisition using Laser Speckle Imaging. (b) Diagram of the illumination and
imaging system. The lens acts as a spatial filter, generating a Gaussian beam to illuminate the sample.
The schematic also illustrates the optical configuration and data flow from illumination to image
capture, as described in the methodology section.

Table 1. Experimental configurations used to obtain the dataset.

Code Polarizer Spectral Filter

P0_F0 No No
P0_F1 No Yes
P1_F0 Yes No
P1_F1 Yes Yes

Although sufficient for algorithmic evaluation, future datasets will balance species rep-
resentation and incorporate inter-frame registration to ensure consistent motion estimation
and improved comparability across configurations.

Each data pack, denoted as datapack D, is defined as an ordered sequence of images
acquired from a specific sample:

D = {Ii | i ∈ {1, 2, . . . , n}}, (1)

where n represents the total number of images and Ii denotes the i-th image in the sequence.
To illustrate the type of information obtained through the dynamic speckle technique,

an activity map was generated, corresponding to the output image IGAVD produced by
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the Graphic Absolute Value of the Differences (GAVD) method. This procedure identifies
regions with greater or lesser temporal variation in speckle pattern intensity.

The GAVD method is formally defined as [5]:

IGAVD(x, y) = GAVD(D)(x, y) =
1

n− 1

n−1

∑
i=1
|Ii(x, y)− Ii+1(x, y)|. (2)

where IGAVD(x, y) is the value of pixel (x, y) in the output image (activity map) and
GAVD(D) represents the operation applied to the datapack D.

In this work, IGAVD(x, y) is used as an activity map that proxies bioactivity: regions
undergoing metabolic or structural change are expected to exhibit higher temporal intensity
variation than static background or seed coat. This assumption is consistent with prior LSI
biospeckle literature and underpins the use of IGAVD for visual and metric evaluation [5].
In static regions (without activity), the differences are small, and the statistical symmetry of
the background is preserved [27]. In contrast, in active regions (metabolism, germination),
the intensities fluctuate, the statistical symmetry is broken, and the IGAVD(x, y) reflects this
breaking as higher values [5].

In Figure 2, a grayscale image sequence corresponding to the P1_F1 experimental
configuration is shown (Figure 2a), along with the activity map IGAVD obtained from that
sequence (Figure 2b). The values indicated in the color bar are expressed in arbitrary units
(a.u.), since no physical calibration of the intensity was performed.

Figure 2. Laser speckle images of SL. (a) Illustration of the frame sequence corresponding to the P1_F1
experimental configuration (with polarizer and spectral filter enabled). (b) IGAVD image (activity
map) generated by the GAVD method. The color scale represents intensity in arbitrary units (a.u.).
The figure illustrates the image acquisition output and the corresponding activity map.

In Figure 3, the background (BG) should not exhibit bright speckle patterns, as it
theoretically corresponds to static structures with no surface variations.

In Figure 3a, corresponding to SP, areas of expected activity or intensity can be ob-
served, especially in regions of new tissue growth, such as the radicle and the plumule.
In the seed coat, lower activity is expected due to the growth processes involved.

In Figure 3b, corresponding to SL, the background (BG) again shows low intensity,
while regions covered by the seed coat present minimal intensity. In contrast, the new
growth areas, referred to as the plumule, exhibit the highest expected biological activity
and intensity.
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Across the figures, the optical configuration and data flow are represented schemati-
cally, and the regions of interest (ROI), corresponding to the radicle, plumule, and back-
ground, are indicated and discussed in the text for biological interpretation.

Figure 3. Example of activity maps IGAVD for two data types: (a) SP and (b) SL. In both cases,
the background (BG) shows low intensity, while new growth regions, such as the radicle and the
plumule, exhibit higher biological activity. The labeled regions of interest (ROI)—radicle, plumule,
seed coat, and background—illustrate areas of differing biological activity and are used for visual
validation of enhancement performance.

2.2. Image Enhancement Techniques

Histogram-based algorithms are very popular. A classical algorithm is Histogram
Equalization (HE) [28], which is easy to implement and improves overall contrast [29,30],
and is also used as preprocessing in recognition systems [31]. Another well-known algo-
rithm is Contrast-Limited Adaptive Histogram Equalization (CLAHE) [32], which performs
local enhancements on different types of images.

In [33], contrast enhancement algorithms such as CLAHE were applied to ultrasound
speckle images to improve the accuracy of the speckle image velocimetry (SIV) measure-
ment method. They concluded that combining the SIV method with a contrast enhancement
algorithm allows for the quantification of instantaneous information on the velocity field of
blood flow without introducing exogenous tracers. Furthermore, the use of enhancement
techniques minimizes errors found in ultrasound SIV measurement.

In [34], the resolution of speckle images acquired with mobile phone cameras was
improved using contrast enhancement techniques. They proposed a combination of two-
dimensional discrete wavelet transform, image interpolation, and a morphological opera-
tion to improve speckle image resolution and enhance blood flow image visualization.

There are also algorithms based on mathematical morphology. These are relatively re-
cent and have proven to be efficient for improving the visual quality of different types of im-
ages [35,36], enhancing contrast [37–41], removing noise from images [42,43], among other
applications [44–47].

The image enhancement algorithms used in this work were: HE, CLAHE, Multiscale
Morphological Contrast Enhancement (MMCE) [39], and the Multiscale Top-Hat Transform
with OCCO filter (OCCO-MTH) [41].

The selection of CLAHE, HE, MMCE, and OCCO-MTH was based on their relevance
and complementarity for contrast enhancement in laser speckle images. CLAHE and HE
are histogram-based techniques: HE performs a global equalization of the entire image,
while CLAHE applies adaptive equalization at a local level, enabling contrast enhancement
in specific regions and reducing noise over-amplification. On the other hand, MMCE
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and OCCO-MTH are morphological methods that allow fine detail enhancement while
preserving relevant structures in speckle images. This combination enables evaluating the
performance of traditional histogram-based approaches and morphological approaches in
the same experimental dataset, identifying strengths and limitations of each according to
different image quality metrics.

The algorithms were developed using Python 3.7 and OpenCV 4.5.0, and executed on
a laptop with Windows 10 Home, an Intel Core i7 8750 h processor, 16 GB RAM, and an
Nvidia GTX 1060 M GPU. The parameters used in each algorithm were empirically selected
based on prior literature and visual optimization tests. For CLAHE, a tile size of [8× 8]
and a clip limit of 2.5 were employed to enhance local contrast while minimizing over-
amplification. MMCE used an initial square structuring element of 3× 3 pixels with n = 3
iterations, balancing edge preservation and detail enhancement. OCCO-MTH was applied
with the same structuring element and iteration count, and a contrast adjustment weight of
ω = 1, ensuring consistency across morphological operations.

The novelty of this work lies in the systematic and comparative application of these
enhancement algorithms at the frame-by-frame level prior to GAVD computation. This
configuration enables quantitative evaluation of the impact of contrast enhancement on
dynamic activity mapping, which, to our knowledge, has not been previously reported in
LSI biospeckle analysis.

2.3. Applied Methodology

The methodology consists of the following steps: given a datapack (D), for each image
(Ii) in the pack, a computational implementation of contrast enhancement (AM) is applied;
then, the GAVD graphical method is applied to the set of modified images to finally obtain
the activity map (IGAVD). A general scheme of the procedure is shown in Algorithm 1 (The
dataset used in this study is available at https://zenodo.org/records/10976513, accessed
on 13 September 2025, while the source code and implementation scripts are available
at https://github.com/Joel132/contrast-improvement-biospecke-images, accessed on 13
September 2025).

Algorithm 1 Methodology for Laser Speckle Image Processing.

Require: Data pack D = {I1, I2, . . . , In}, Enhancement Algorithm AM
Ensure: Resulting activity map image IGAVD

1: Initialize list of enhanced images D′ ← ∅
2: for each image Ii in D do
3: Apply enhancement algorithm: I′i ← AM(Ii)
4: Add I′i to D′

5: end for
6: Compute activity map: IGAVD ← GAVD(D′)
7: return IGAVD

To further improve robustness, future implementations can include optional back-
ground masking and inter-frame alignment modules. These additions would minimize
motion-induced artifacts and ensure that temporal variations in GAVD truly represent
biological activity rather than acquisition drift.

The specific computational implementation used for contrast enhancement, denoted
AM, was applied individually to each image in the sequence to investigate its effect on
the Graphic AVD method. In this way, it emulates capturing each image with higher-
quality hardware.

Applying contrast enhancement to each image before computing the activity map
allows simulating improvements in the image acquisition hardware and preserving subtle

https://zenodo.org/records/10976513
https://github.com/Joel132/contrast-improvement-biospecke-images
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dynamic variations that might otherwise be lost. This approach ensures that the benefits of
enhancement propagate appropriately during GAVD computation.

The adopted methodology does not focus on developing new algorithms but on
critically evaluating existing techniques to improve the sensitivity of dynamic analysis
using GAVD. This approach allows comparing practical alternatives from a concrete and
reproducible experimental perspective.

Although this study compares four algorithms, the proposed framework can be easily
extended to other enhancement techniques, allowing systematic cross-method evaluation
under unified metrics.

2.4. Evaluation Metrics

Six metrics were used to objectively evaluate the results; these image processing
metrics were applied to the images IGAVD:

• Contrast (C) [48], provides the overall contrast of the output laser speckle image. It is
defined as:

C(I) =

√
∑M−1

u=0 ∑N−1
v=0 (BM(I)− I(u, v))2

M× N
, (3)

where M× N are the dimensions of the image I, I(u, v) is the grayscale intensity at
pixel (u, v), and BM(I) is the mean brightness of the image, given by:

BM(I) =
L−1

∑
k=0

p(k)× k, (4)

where L is the number of grayscale levels (256 in this case) and p(k) is the probability
of occurrence of level k in the image. The contrast value of the resulting image must
be higher than that of the original image to be considered an improvement.

• Entropy (E) [37,49], measures the richness of detail in the resulting image:

E(I) = −
L−1

∑
k=0

p(k)log2(p(k)). (5)

Higher entropy indicates greater richness of detail.
• Structural Similarity Index (SSIM) [50], measures structural similarity between two im-

ages. Calculated in blocks, given two image windows Iu and Tv, SSIM is expressed as:

SSIM(Iu, Tv) =
(2µIu µTv + C1)(2σIuTv + C2)

(µ2
Iu
+ µ2

Tv
+ C1)(σ

2
Iu
+ σ2

Tv
+ C2)

, SSIM ∈ [0, 1], (6)

where µIu and µTv are average intensities, σ2
Iu

and σ2
Tv

are intensity variances, σIuTv is
covariance, and C1 = K1L2, C2 = K2L2 are constants for stabilization.

• Contrast Improvement Ratio (CIR) [49,51], measures local contrast improvement in
the processed image:

CIR(I, IE) =
∑(u,v)∈D |w(u, v)− w̃(u, v)|2

∑(u,v)∈D w(u, v)2 , (7)

where w is local contrast of the original image I, w̃ is local contrast of the enhanced
image IE, and D is the domain. w is defined as:

ω(u, v) =
|ρ− ι|
|ρ + ι| , (8)
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where ρ is the central pixel and ι is the mean of its 3 × 3 neighborhood.
• Spatial Frequency (SF) [49,52], quantifies spatial detail in the image:

SF(I) =
√

RF(I)2 + CF(I)2, (9)

where:

RF(I) =

√√√√ 1
M× N

M−1

∑
u=1

N−1

∑
v=0

(I(u, v)− I(u− 1, v))2, (10)

CF(I) =

√√√√ 1
M× N

M−1

∑
u=0

N−1

∑
v=1

(I(u, v)− I(u, v− 1))2. (11)

• Peak Signal-to-Noise Ratio (PSNR) [39,53], quantifies distortion introduced
during enhancement:

PSNR(I, IE) = 10× log10
(L− 1)2

MSE(I, IE)
, (12)

where the mean squared error (MSE) is:

MSE(I, IE) =
1

M× N

M−1

∑
u=0

N−1

∑
v=0

(I(u, v)− IE(u, v))2. (13)

The selected metrics were chosen to quantify both perceptual and structural im-
provements directly associated with the detection of biological activity. Contrast and
entropy highlight the visibility of active regions; SSIM and PSNR measure structural fi-
delity to preserve speckle dynamics; while SF and CIR assess the spatial sharpness and
local contrast essential for distinguishing active versus static areas. Together, these metrics
support the objective of improving LSI-based bioactivity visualization without altering
acquisition hardware.

Additional metrics such as the Contrast-to-Noise Ratio (CNR) for active versus back-
ground regions and task-level indicators (e.g., ROC-AUC or PR-AUC) can be integrated in
future analyses to better quantify discriminative capability.

2.5. Visual Validation and Perspective

The goal of the visual validation is to evaluate how enhancement algorithms affect
the output images of dynamic speckle from a specialist’s perspective. For this purpose,
24 datapacks were collected and processed using HE, CLAHE, MMCE, and OCCO-MTH.
The output images of each technique for each datapack were presented to a group of three
specialists for qualitative evaluation. The processed images were evaluated against the
original output images of the datapacks . For each processed image, a score was assigned
according to the following scale: 0 (worse than the original), 1 (no variation), and 2 (better
than the original). Therefore, 4 algorithms were applied to 24 output images, yielding a
total of 96 images evaluated per specialist. Finally, the average was calculated to obtain a
single result per datapack for each algorithm.

We clarified how the chosen image quality metrics relate to bioactivity detection.
Specifically, in biospeckle analysis, contrast and entropy are linked to the visibility of
dynamic regions, which in turn are proxies for bioactivity. Higher contrast-to-background
ratios and entropy values in IGAVD maps can improve the discernibility of metabolically
active areas (e.g., radicle or plumule) without amplifying static background artifacts [2,18].
Evaluators were instructed to focus on whether biologically active regions (e.g., radi-



Symmetry 2025, 17, 2029 11 of 18

cle/plumule) became more discernible in IGAVD without artificial amplification of the static
background, consistent with the expected dynamics of biospeckle

Although the number of evaluators was limited to three and a simple three-point scale
was used, the consistency and statistical significance of the results were later validated
using non-parametric tests (Friedman, Aligned Friedman, and Quade), as described in the
following section. This reinforces the reliability of the visual evaluation results.

3. Results and Discussion
In order to validate the proposed methodology, two main objectives were established:

• Quantify the performance of the proposed methodology in terms of improving the
activity map images generated by the GAVD method, based on the application of
different contrast enhancement algorithms. To quantify the numerical results obtained,
six objective metrics were applied to the output images IGAVD.

• Analyze the visual impact of the contrast enhancement algorithms. This analysis was
carried out through a visual evaluation conducted by specialists, who examined a
representative sample of the obtained results.

3.1. Numerical Results

According to the methodology described in Section 2.3, quantitative metrics were
calculated on the IGAVD images resulting from applying the GAVD graphical method to
each set of images previously enhanced with different contrast enhancement algorithms.
This procedure makes it possible to evaluate the impact of enhancement on the final result
of dynamic analysis.

Quantitative evaluation was performed on a total of 24 laser speckle images processed
with each of the algorithms. Table 2 presents the average values of six metrics: contrast,
entropy, spatial frequency (SF), structural similarity index (SSIM), peak signal-to-noise ratio
(PSNR), and contrast improvement ratio (CIR).

The row corresponding to the original image (Original) serves as a reference for inter-
preting the enhancement effects produced by each algorithm. SSIM, PSNR, and CIR metrics
are not computed for the original image, as they are based on comparisons with itself.

Table 2. Quantitative metrics for contrast enhancement algorithms applied to speckle images,
averaged over all experimental configurations.

Algorithm Contrast Entropy SF SSIM PSNR CIR

CLAHE 36.88 6.12 9.35 0.847 24.69 0.104
HE 26.03 5.77 9.62 0.618 21.99 0.020
MMCE 34.32 5.87 12.44 0.813 27.45 0.640
OCCO-MTH 32.79 5.88 9.30 0.906 30.71 0.287
Original 29.51 5.76 7.82 – – –

Based on Table 2, the following can be inferred:

• The CLAHE algorithm showed the best performance in terms of overall contrast and
detail richness, reaching the highest values of 36.88 for contrast and 6.12 for entropy.

• The MMCE algorithm stood out for its ability to preserve spatial information and
improve local contrast. This is reflected in its highest values for SF (12.44) and CIR
(0.640) . Although MMCE improved certain aspects of image contrast, it also tended
to amplify background noise, which may hinder the identification of subtle bioactivity
patterns. This effect suggests that future work could explore background suppression
techniques or region-specific contrast control strategies to mitigate such artifacts while
preserving relevant speckle structures.
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• The OCCO-MTH algorithm achieved the best results in terms of structural similarity
preservation and lowest introduced distortion, with the highest SSIM value (0.906)
and highest PSNR (30.71) among the analyzed methods.

• The original image, without enhancement techniques applied, showed a contrast value
of 29.51 and an entropy of 5.76, serving as a reference to evaluate the effects generated
by the algorithms. SSIM, PSNR, and CIR metrics were not computed for this condition,
as they are based on comparisons with the original image.

Figure 4 shows the boxplots for the evaluated metrics. The overall Contrast and En-
tropy metrics present similar dispersion among all methods, suggesting relatively uniform
behavior in terms of detail richness and tonal variability (Figure 4a,b).

Figure 4. Boxplots of the metrics in Table 2. (a) Contrast, (b) Entropy, (c) SF, (d) SSIM, (e) PSNR, and
(f) CIR.

The SF metric shows greater dispersion for MMCE, with a slight advantage over the
other algorithms, reinforcing its ability to highlight spatial details in processed images
(Figure 4c).

In the case of SSIM, the MMCE, OCCO-MTH, and CLAHE algorithms present consis-
tently high values with little dispersion, indicating good structural preservation in most
cases. In contrast, HE shows lower values, suggesting less ability to preserve original
structures in some images (Figure 4d).

Regarding PSNR, the observed values indicate that HE tends to introduce more
distortion compared to the original image than the other methods (Figure 4e).
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Finally, the CIR metric, morphological algorithms, especially MMCE, show greater
dispersion, indicating that in several cases they achieve significant local contrast improve-
ments, albeit with higher variability between images (Figure 4f).

3.2. Visual Analysis
3.2.1. Statistical Analysis

The sample statistic was the mean of the visual evaluations of the four algorithms,
plus the original image I, which represents an ideal method that does not modify the
image. The normality test (Shapiro-Wilk) and the equality of variance test (Levene) were
statistically significant (p < 0.05 in both cases), confirming that a parametric test could not
be applied. In view of this, the non-parametric Friedman, Aligned Friedman, and Quade
tests were used to verify that there is a significant difference between the medians of the
samples. The statistical analysis was performed using a tool developed in [54].

Given the current sample size, non-parametric tests were selected. Future stud-
ies with larger datasets will include effect size estimation (e.g., Kendall’s W), multiple-
comparison correction (BH-FDR), and inter-rater agreement measures (Fleiss’ κ) to ensure
statistical robustness.

The Friedman, Aligned Friedman, and Quade tests were all statistically significant
(p < 0.05). Table 3 shows that only CLAHE and MMCE obtained statistically significant
values compared to the original images. Therefore, it is concluded that both MMCE and
CLAHE significantly improve the original image.

Table 3. Non-parametric statistical test of the specialists’ evaluation.

Algorithms Sample Mean Std. Dev. Ranking (Friedman) p-Value (Shaffer) vs. I

I 24 1.000 0.000 3.713 -
HE 24 0.250 0.504 4.665 0.101

CLAHE 24 1.403 0.742 2.035 0.042
MMCE 24 1.569 0.347 2.089 0.007

OCCO-MTH 24 1.417 0.408 2.497 0.055

3.2.2. Visual Evaluation

Figures 5 and 6 show examples of activity maps IGAVD obtained for SP and SL images.
These maps correspond to the final output of the process described in the Section 2, in which
the contrast enhancement algorithms were previously applied to the intermediate images.

Figure 5. IGAVD of an SP sample captured with the P1_F0 configuration. (a) Original output image,
(b) Image enhanced with HE, (c) Image enhanced with CLAHE, (d) Image enhanced with MMCE,
and (e) Image enhanced with OCCO-MTH.

Figure 7 shows an SP image processed with the CLAHE algorithm, one of the two
methods (along with MMCE) that, according to statistical analysis, showed significant
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improvements over the original image. The active region is reflected with good contrast,
maintaining its shape unaltered compared to the original. In the background, average
intensities remain uniform.

Figure 6. IGAVD of an SL sample captured with the P1_F1 configuration. (a) Original output image,
(b) Image enhanced with HE, (c) Image enhanced with CLAHE, (d) Image enhanced with MMCE,
(e) Image enhanced with OCCO-MTH.

Figure 7. IGAVD of an SP sample captured with the P1_F0 configuration. (a) Original output image,
(b) Image enhanced with CLAHE.

Figure 8 shows an SL image processed with the MMCE algorithm. This sample, unlike
SP, has a more distant capture, resulting in smaller grain size. As in the previous case,
the active region is more visible and with better contrast, while the inactive part preserves
the original image’s intensity. In the background, noise is amplified and less intense grains
become visible, especially in the central region.

Figure 8. IGAVD of an SL sample captured with the P1_F1 configuration. (a) Original output image,
(b) Image enhanced with MMCE.
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3.2.3. Computational Efficiency and Practical Implications

The evaluated algorithms exhibited efficient execution using conventional computing
resources, demonstrating that the proposed methodology can be applied without the
need for specialized hardware. Although morphological approaches such as MMCE and
OCCO-MTH required slightly longer processing times due to their multiscale operations,
all methods remain suitable for offline and near-real-time analysis. This efficiency reinforces
the feasibility of integrating the framework into low-cost LSI systems for automated seed
viability and bioactivity monitoring. Future benchmarking will include quantitative timing
(ms per frame) across CPU/GPU configurations.

4. Conclusions
This work evaluated and compared several contrast enhancement algorithms applied

frame by frame to intermediate images obtained via the Laser Speckle Imaging (LSI)
technique, prior to computing activity maps (IGAVD) using the Graphic Absolute Value of
Differences (GAVD) method. The enhancement methods analyzed included HE, CLAHE,
MMCE, and OCCO-MTH, using the original image as reference. From the enhanced frames,
the corresponding IGAVD activity maps were generated and assessed through both objective
metrics and expert visual evaluation. IGAVD was employed as a proxy for bioactivity under
the assumption supported by biospeckle literature that regions undergoing metabolic or
structural changes exhibit higher temporal intensity variation than static background or
seed coat. Objective metric results showed that:

• CLAHE achieved the highest global contrast and entropy, improving the visibility of
biologically active regions.

• MMCE excelled in local contrast and edge enhancement, improving the definition of
active regions in IGAVD.

• OCCO-MTH provided the best structural preservation and lowest distortion, main-
taining the underlying speckle pattern.

Non-parametric statistical analysis of expert visual evaluations (p < 0.05) identified
CLAHE and MMCE as the only methods that significantly enhanced the perception of
active regions in the original IGAVD without introducing background artifacts.

Although no new algorithms were proposed, the results indicate that appropriate
selection and implementation of enhancement methods can markedly improve the detec-
tion of subtle dynamic patterns in speckle-based activity maps, optimizing interpretation
without altering acquisition hardware.

Overall, the findings highlight the methodological value of applying suitable contrast
enhancement techniques to Laser Speckle Imaging for improving bioactivity interpretation.
The proposed framework contributes to more reliable visualization of dynamic patterns
and establishes a foundation for subsequent advances in quantitative biospeckle analysis.

5. Limitations and Future Work
Although this study provides a systematic evaluation of classical and morphological

enhancement algorithms for Laser Speckle Imaging, it presents certain limitations. The ex-
perimental validation was limited to two species (Phaseolus vulgaris and Lactuca sativa)
under controlled laboratory conditions, which may restrict the generalization of the results.

Future work will focus on expanding the analysis to a broader range of biological
samples and acquisition setups, incorporating temporal speckle statistics and adaptive
learning-based methods to optimize enhancement dynamically. Future experiments will
explore alternative pipelines such as post-enhancement after GAVD and background-
masked MMCE to quantify how the enhancement stage influences bioactivity sensitivity.
Future work will also integrate biological endpoints (e.g., germination and vigor) to directly
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correlate enhanced activity indices with biological performance. Subsequent research will
correlate IGAVD metrics (e.g., CNR median, IGAVD95) with germination and vigor indices
to establish a biological bridge. Moreover, a decision matrix based on computational cost
and enhancement performance will be developed to guide algorithm selection for specific
applications. Additionally, computational efficiency and real-time applicability will be
investigated to enable integration of this methodology into low-cost systems for automated
seed viability assessment and plant physiology monitoring.
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