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Abstract: Objectives: The discovery of complex patterns in contrast medium extravasation on computed
tomography (CT) imaging is critical for improving trauma patient management. Identifying these patterns
enables early detection of complications such as vascular injury, organ rupture, and active hemorrhage,
facilitating timely and targeted interventions that enhance patient outcomes. This study introduces an
advanced imaging analytics approach that integrates nonlinear dynamic analysis and geostatistical methods
to characterize the temporal and spatial evolution of contrast medium extravasation in trauma cases.
Methods: We analyzed CT imaging sequences from trauma patients using fuzzy recurrence dynamics to
uncover hidden structures within contrast dispersion patterns. This methodology quantifies subtle variations
in blood flow, capturing previously unrecognized radiographic signatures associated with hemodynamics.
Recurrence-based metrics were leveragedtoidentify dynamicchangesindicative ofimpending complications,
enhancing the predictive capabilities of trauma imaging. Results: The proposed approach effectively
detected subtle, high-risk extravasationpatterns thatare often overlooked by conventional imagingtechniques.
The integration of nonlinear dynamic analysis and geostatistical modeling provided a more precise
characterization of contrast dispersion, revealing predictive markers of vascular compromise. These findings
support the application of advanced computational techniques for improving trauma imaging and clinical
decision-making. Conclusion: The findings demonstrate the potential of integrating advanced nonlinear
dynamics and network techniques into trauma imaging, offering a new framework for real-time detection,
risk stratification, and predictive modeling of extravasation events. This approach represents a step
toward precision medicine inemergency care, enabling automated, data-driven decision support forclinicians.
By improving diagnostic accuracy and facilitating the early identification of high-risk extravasation
patterns, this study lays the foundation for a paradigm shift in trauma imaging, supporting future clinical
strategies for early therapeutic intervention, ultimately optimizing patient management and outcomes in
critical care settings.
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1. Introduction

Contrast media extravasation [ 1] occurs when intravenously administered contrast agents leak from the vascular
system into surrounding soft tissues, often due to vessel injury or increased vascular permeability. The severity of this
complication varies, ranging from mild discomfort and localized swelling to severe outcomes such as compartment
syndrome, tissue necrosis, and long-term functional impairment [2]. Key factors influencing tissue damage include
the volume and type of contrast agent, injection pressure, and the patient’s underlying health conditions. Despite
being one of the most common adverse events in radiology, contrast extravasation remains understudied,
particularly regarding its dynamic progression and predictive markers [1, 2].
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The ability to detect contrast medium extravasation in computed tomography (CT) imaging is crucial in trauma
patients, as early identification facilitates timely surgical or interventional management, reducing morbidity and
mortality [3, 4]. Advanced CT techniques, including multi-phase imaging and contrast-enhanced scans [5, 6],
improve visualization, allowing clinicians to assess extravasation extent and localize vascular injuries with greater
accuracy. Additionally, differentiating contrast extravasation from hemorrhage is essential, as it directly influences
treatment decisions. The evolving literature underscores the importance of precise imaging protocols and computational
tools for enhancing diagnostic accuracy and clinical decision-making.

Contrast extravasation is often identified by hyperdense areas on CT scans. For instance, [7] defined contrast
extravasation as a hyperdensity with a maximal Hounsfield unit measurement exceeding 90 and/or the disappearance
of the hyperdensity on a repeat CT within 24 hours. This variability in definitions necessitates a standardized
approach to enhance diagnostic accuracy [8]. The detection of extravasation is particularly challenging in specific
surgical interventions, such as kyphoplasty. [9] noted that even minimal extravasation can have significant clinical
implications, yet traditional imaging techniques like fluoroscopy may fail to detect small leakages, necessitating the
use of advanced modalities such as intraoperative CT.

CT also plays a crucial role in assessing anastomotic leaks post-surgery. Studies have shown that mediastinal air
or fluid collections can serve as indicators of anastomotic leakage, with sensitivity varying significantly. [10]
demonstrated that air and fluid collections in the mediastinum had predictive value for assessing anastomotic leakage.
Additionally, [11] found that intraluminal contrast-enhanced CT significantly improves the detection of
gastrointestinal leaks, achieving a diagnostic performance of 96.6%. This highlights the critical role of contrast-
enhanced CT in postoperative assessments, particularly for gastrointestinal tract complications. Differentiating
contrast extravasation from hemorrhage is another essential aspect of CT imaging. Yedavalli and Sammet [12]
discussed the diagnostic challenges posed by hyperdensities on post-procedural imaging in stroke patients, which may
indicate either extravasation or intracranial hemorrhage. This distinction is vital, as it influences clinical management
strategies. The authors advocated for improved imaging protocols to reduce the risk of misdiagnosis and inappropriate
treatment.

Thus, the detection of contrast medium extravasation in CT is a critical aspect of radiological practice, particularly
in trauma assessments and various surgical procedures. Chronological literature highlights evolving methodologies
and diagnostic criteria, underscoring the need for accurate imaging techniques to differentiate extravasation from
other complications [ 13—23].

A deeper understanding of extravasation dynamics can provide novel insights into trauma-related injuries, facilitate
early complication prediction, and support personalized diagnostic and interventional strategies. Identifying complex
extravasation patterns in CT imaging could enable real-time detection of high-risk cases, improving early intervention
and optimizing patient outcomes. Computational approaches incorporating geostatistics [24], nonlinear dynamics and
recurrence-based analysis [25, 26] can offer promising avenues for uncovering hidden structures within contrast
dispersion patterns.

Building on recent research [27] employing geostatistics, artificial intelligence-based nonlinear dynamics, and
recurrence network analysis to identify gender-specific radiographic features in CT scans, this study extends prior
work [28] by investigating nonlinear dynamic features in CT imaging of extravasation in trauma cases. By analyzing
the spatial and temporal evolution of extravasation, the study aims to uncover radiographic patterns that serve as
predictive markers for clinical outcomes. Integrating geostatistical modeling and fuzzy recurrence networks enables a
detailed characterization of contrast dispersion, revealing subtle anomalies indicative of complications such as hemorrhage
or vascular compromise. These insights could enhance diagnostic precision, facilitate early therapeutic interventions,
and improve the accuracy and timeliness of trauma care. Furthermore, this research contributes to developing
advanced computational frameworks that integrate artificial intelligence for automated pattern recognition, paving the
way for more effective and personalized clinical decision-making in emergency radiology.

Recent advances in CT imaging have improved visualization of contrast medium extravasation, but limitations
remain in accurately capturing the dynamic and spatially heterogeneous nature of leakage events. Conventional
approaches, which often rely on threshold-based intensity measurements or simple morphological descriptors, may
miss subtle nonlinear patterns associated with early vascular compromise. These shortcomings motivate the development
of more sophisticated analytical frameworks capable of quantifying complex spatial-temporal behaviors. In this study,
we introduce a novel approach that integrates geostatistical modeling through semivariograms with fuzzy recurrence
dynamics. By doing so, we aim to reveal hidden dispersion structures within CT imaging data, offering a more
sensitive and predictive characterization of extravasation events. This methodology addresses a critical gap in trauma
imaging, paving the way for improved early detection and precision management of high-risk complications.

Although fuzzy recurrence networks (FRNs), a component of fuzzy recurrence dynamics, have been previously
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applied in general imaging analysis [26, 27], their use in the context of trauma imaging to characterize contrast
medium extravasation has not been explored. In this study, FRNs are specifically adapted to model the spatial-
temporal complexity of extravasation patterns in sequential CT imaging. Moreover, we introduce a multimodal
framework that uniquely integrates geostatistical semivariogram analysis with fuzzy recurrence dynamics, enabling a
more comprehensive quantification of both spatial heterogeneity and dynamic recurrence structures. By extracting
fuzzy recurrence-based and graph-theoretic features, this approach aims to identify subtle indicators of vascular
instability, offering new imaging biomarkers for early risk stratification in trauma care.

The main contributions of this study can be summarized as follows. First, we integrate geostatistical
semivariogram modeling with fuzzy recurrence dynamics to simultaneously capture the spatial heterogeneity and
nonlinear temporal structure of contrast medium extravasation patterns, providing a richer characterization than
conventional threshold-based or morphological imaging techniques. Second, we introduce fuzzy recurrence networks and
convolutional eigenvalue extraction as novel means of quantifying the complexity and topological organization of
extravasation behaviors. Third, the proposed framework generates interpretable, physically meaningful imaging
features that have the potential to serve as early biomarkers for predicting vascular instability in trauma cases.
Compared to existing literature, which often relies on static intensity thresholds or deep learning segmentation with limited
interpretability, our method offers a dynamic, explainable, and quantitative approach to trauma imaging analysis,
paving the way for future integration into precision emergency care workflows.

The remainder of this paper is structured as follows: Section 2 details the mathematical foundations of
semivariogram modeling, fuzzy recurrence analysis, and fuzzy recurrence networks used in this study. Section 3
presents the findings, highlighting the nonlinear dynamic patterns of extravasation observed in three trauma cases. Section4
provides a comprehensive discussion of the implications, and Section 5 summarizes the conclusions and potential
impact of the results.

2. Methods

To capture the complex spatial-temporal behavior of contrast medium extravasation, we integrate fuzzy recurrence
analysis and geostatistical modeling into a unified image processing framework. The fuzzy recurrence approach is
motivated by the need to uncover hidden structures and dynamic variability in contrast extravasation that are not
easily visible through conventional analysis. In this study, the computational framework begins with manual extraction
of regions of interest from sequential CT slices, followed by assessment of spatial heterogeneity using semi-
variogram analysis. Subsequently, fuzzy recurrence plots (FRPs) are generated to characterize the nonlinear
dynamicalstructureofcontrastdispersion,and FRNsareconstructedtoreveal thetopologicalpropertiesofrecurrencepatterns.
Quantitative metrics derived from these analyses provide a detailed characterization of the dynamic complexity and
spatial organization of extravasation events, serving as potential imaging biomarkers for early clinical decision support.

2.1. Data Characteristics

The CT imaging data used in this study were acquired from four trauma patients, each presenting with contrast
medium extravasation in a distinct anatomical region. The liver injury case involved a 38-year-old female following a
motorcycle accident. The retroperitoneal hematoma (RPH) case was from a 68-year-old male, a motorcycle driver
involved in a collision with a vehicle. The spleen injury case was a 59-year-old female who sustained trauma from a
fall. The facial fracture and nasal bleeding case involved a 64-year-old male motorcycle driver in a vehicle collision.
Each case included a sequential stack of 5 to 9 CT slices, with extravasation regions manually annotated. Regions of
interest containing extravasation were cropped from each slice and resized to 30 x 30 pixels to standardize input
dimensions while preserving key structural features. This preprocessing enabled consistent application of the
proposed recurrence-based analysis across all cases.

2.2. The Semivariogram Function

In geostatistics [24, 29-31], the semivariogram function quantifies the spatial dependence of a regionalized
variable. Given a spatial domain where measurements of a random field z(i) are taken at different locations i, the
semivariogram function is defined as:

1
Y =3E () -2+ )], (1

where 4 is the separation distance (lag) between two spatial locations, E[-] denotes the expectation operator, and z(i)
and z(i + h) represent values of the spatial variable at locations i and i + &, respectively.

The semivariogram is used in this study to assess the spatial variability of intensity values within a CT slice
exhibiting extravasation, where z(i) = I(x,y) represents the intensity of a pixel at coordinates (x,y) in the 2D CT
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image.
For empirical estimation, the semivariogram is computed from a set of spatial observations as:

N(h)

y(h) = > G =2+ b)Y, 2)
i=1

2N(h)

where N(h) is the number of pairs of observations separated by the distance /.
A common theoretical model for the semivariogram is the spherical model:

3h 1(h)3
S 0<h<
y(h) = CO+{2a 2\a } @ 3)

C0+C, h>(l,

where C is the nugget effect, C is the sill (the total variance), and a is the range, beyond which spatial correlation
becomes negligible. The nugget effect refers to the discontinuity at the origin of the semivariogram function. It represents
the small-scale variability or measurement error that cannot be captured by the spatial model. Mathematically, if the
semivariogram y(%) does not approach zero as the lag distance 4 — 0, the semivariogram exhibits a nugget effect.

2.3. Fuzzy Recurrence Plots

A traditional recurrence plot (RP), denoted as R is used to analyze the recurrence behavior of a time series by
detecting when states in a reconstructed phase space are sufficiently close. It is defined as:

Ri,j = H(S_Hxi_xj”) 4)

where x;,x; are state vectors reconstructed from the time series, € is a predefined threshold, 6(-) is the Heaviside step
function, which assigns a value of 1 if the distance is within the threshold and 0 otherwise.

The FRP [25] extends the RP by incorporating fuzzy set theory to represent the degree of recurrence rather than
a binary assignment. This approach enhances the sensitivity of recurrence analysis, making it more robust to capturing
subtle patterns in dynamical systems.

Let z=1(z1,22,---,2r) represent the vectorized pixel intensities of a CT slice, where each element z;
corresponds to the intensity value of a pixel in a one-dimensional representation of the image. To analyze the temporal
and spatial structures within the image, we construct its phase space using time-delay embedding.

The phase space representation of the pixel intensity sequence is constructed using an embedding dimension m
and a time delay 7. The resulting phase space, denoted as S, is given by:

S =(851,82,---,8N), %)
where the number of constructed state vectors is
N=T-(m-r. (6)
Each state vector s; is defined as:
8 = (ZisZivrs ,Zi+(/n—l)‘r)v i=1,---,N. @)

This phase space representation allows the analysis of the underlying dynamical structure in the image by
considering the evolution of pixel intensities in a higher-dimensional space. The FRP, denoted as F, quantifies the
degree of recurrence between state vectors in the phase space and is constructed by applying the fuzzy c-means
(FCM) clustering algorithm [32] and fuzzy relations [33] to the phase space representation S. It is mathematically
defined as

F(i’j):l'[(siasj)s i,jzl,"',N, (8)

where p(s;, s;) represents the degree of similarity between the state vectors s; and s, which is determined using the
following three properties:
1. Self-similarity:

u(sis)=1, i=1,---,N. )
2. FCM-induced symmetry:

usi,ve) =puwe,sy), i=1,---,N; k=1,---,c (10)
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where 0 < u(s;,v;) < 1 represents the real membership value, indicating the degree to which s; belongs to cluster vy.
This membership value is computed using the FCM, as described in [25].
3. Fuzzy relation-based transitivity:

u(s;,s;) = max{min [,u(s,—,vk),y(vk,sj)} } , k=1,--,c; i#] (11)

By leveraging fuzzy recurrence analysis, the FRP provides a nuanced characterization of spatial and temporal
variations in contrast dispersion. This enables the identification of subtle structures in contrast medium extravasation
patterns within CT images. The graded recurrence values help differentiate normal dispersion from pathological
changes, contributing to more accurate diagnostics and predictive modeling.

2.4. Fuzzy Recurrence Quantification

Building upon the principles of recurrence plot quantification [34—37], fuzzy recurrence quantification analysis
[38] extends these concepts by introducing a set of fuzzy recurrence metrics, including fuzzy recurrence rate (fRR),
fuzzy determinism (fDET), fuzzy laminarity (fLAM), fuzzy trapping time (fTT), fuzzy divergence (fDIV), and fuzzy
recurrence entropy (fENT).

An FRP F can be transformed into a binary FRP B using an image segmentation method described in [38].
The information contained in both F and B can be utilized to quantify the fuzzy recurrence properties of a dynamical
system, as outlined below.

The fRR quantifies the overall density of recurrence points in the FRP and is given by

1 N N
FRR=5 > Fuli. ), (12)

i=1 j=1
where

F(@,)), ifF(@,j)=w,
0, otherwise.

F,G,j)= { (13)
where, w represents the threshold for recurrence point selection.

The fDET measures the proportion of recurrence points forming diagonal structures, reflecting the predictability
of system dynamics:

Z:LD “ Lop(Ly)

Lp=L;

fDET = —2 "2 , (14)

where Lj, denotes the diagonal line length, Ly, is the minimum diagonal length, and L, = N —1 represents the
maximum diagonal length of B. The function p(Lp) denotes the probability distribution of diagonal line lengths,
obtained from a histogram with Lj, _ bins.

The fLAM captures the proportion of recurrence points forming vertical structures, indicative of laminar
(intermittent) states:

ZLVW Lyp(Ly)

Lv=Ly,,

fLAM = — ,
>, Lvpdy)

(15)

where Ly denotes the vertical line length, Ly, is the minimum vertical length, and Ly, is the maximum vertical
length in B. The function p(Ly) represents the probability distribution of vertical line lengths, obtained from a

ma

The fTT represents the average length of vertical line segments in the FRP, providing insight into the duration
of laminar states:

Lax
ZL L Lyp(Ly)

fTT = L: ) (16)
ZLV:LVM p(Ly)

The fDIV is defined as the inverse of the longest diagonal line length, serving as an indicator of system
divergence and instability:
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1
DIV = R 17
fDIV =~ th)
where Lp_ is the maximum diagonal length of B.
Finally, the fENT characterizes the complexity of the system by computing the Shannon entropy of the
distribution of diagonal line lengths in B, providing a measure of dynamical variability:

'max

L

FENT == >~ p(Lp)log, p(Lp). (18)

Lp=Lp,,,

2.5. Fuzzy Recurrence Networks

In this context, the concept of FRNs [39] is employed to construct network topology and compute graph
properties of the extravasation on CT imaging. Utilizing the same fuzzy similarity relations [33], the membership
grades of recurrence or similarity between cluster pairs (v, v,) are defined as follows:

1. Self-similarity:

Hoev) =1, k=1,---,c (19)
2. Symmetry:
Ui, s) =ulsi,ve), k=1,---,¢; i=1,---,N. (20)
3. Transitivity:
pOiv,) = max [minp(vi,s;),u(si,v,)|, i=1,---,N; k#gq. (21)

A defuzzification procedure is applied to transform an FRN into a binary network using the S-cut method:

1 VG =
Gy=1" MV vq) B 22)
0, otherwise
where Gg is a ¢ X ¢ binarized matrix, and 8 € [0, 1] is the chosen threshold.
Finally, the adjacency matrix of an unweighted -cut recurrence network, denoted as A, is defined as
As=Gy-1. (23)

where I is the identity matrix, and Ag can be used to compute the characteristic path length and average clustering
coefficient of the graph [40—41].

2.6. The Largest Recurrence Eigenvalue

The largest recurrence eigenvalue [42], denoted as A, is determined through a structured process involving
convolutional transformations and pooling operations. The procedure is outlined as follows:

1. Initialize the recurrence matrix F of size N X N.

2. Define the filter kernel, activation function (ReLU), pooling size, and stride.

3. Set the final target size as an n X n convolved matrix, denoted as cF.

4, Tterate while N > n:

(a) Apply convolution on F using the ReL U activation function.

(b) Perform max pooling on the resulting convolved matrix cF.

5. Terminate the loop when N < n.

6. Compute A,,x from the final cF.

The rectified linear unit (ReLU), denoted as r(u), is applied element-wise and defined as:

) = {o, u<0 24)

u, u=0

Max pooling is performed to reduce dimensionality while preserving dominant features. Given a pooling size of
0 X &, we define a set of pooling regions as

P:(PI’PZ""’PW)s (25)
where each pooling region in P is represented as
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Pw = (Zw,l s lw2s """ sZw,éxé)- (26)

The max pooling function H,,,, operates on each pooling region as follows:

Hmax(Pw) = léngxxé(zw,l)- (27)
The total number of pooling regions in the convolved matrix cF is determined by the chosen pooling size and
stride, which dictate the step size for traversing cF .

2.7. Computational Complexity

The computational complexity of the proposed framework is primarily determined by five main components.
The calculation of the semivariogram from a 2D CT slice involves (O(N?) operations, where N is the number of
pixels within the region of interest. The construction of the FRP similarly requires (O(N?) pairwise similarity
computations. The FCM algorithm applied during FRP construction typically converges in a number of iterations
proportional to the number of clusters and data points, resulting in an approximate complexity of O(cN) per iteration,
where ¢ is the number of clusters. The construction of the FRN and subsequent S-cut thresholding add an additional
O(c*) complexity, which is relatively minor given ¢ < N. Finally, the largest recurrence eigenvalue extraction,
based on convolution and pooling operations, reduces the FRP dimensionality in logarithmic steps, resulting in a
complexity that is sub-quadratic relative to the original FRP size. Overall, the dominant factors are quadratic in the
number of pixels; however, because the regions of interest are relatively small (resized to 30x 30 pixels in this
study), the practical computational burden remains moderate and can be substantially accelerated with parallel
processing.

3. Results

Figures 1, 2, 3, and 4 illustrate representative CT slices demonstrating contrast extravasation in four different
trauma cases: liver injury, RPH, splenic trauma, and facial trauma, respectively.

(s7) (s8) (s9)

Figure 1. Sequential CT showing extravasation (marked with circles) within the liver, where s1,--+, s9 indicate slice #1,-+-, slice #9.
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<7)

Figure 2. Sequential CT showing extravasation (marked with circles) in a retroperitoneal hematoma, where s1,---, s7

indicate slice #1,---, slice #7.

Figure 3. Sequential CT showing extravasation (marked with circles) within the spleen, where s1,--+, s7 indicate slice
#1, -+, slice #7.
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(s3)

Figure 4. Sequential CT showing extravasation (marked with circles) within the facial trauma, where s1,--+, s5
indicate slice #1,: -, slice #5.

To assess the spatial heterogeneity of extravasation patterns, Figure 5 presents the empirical semivariograms
computed for each trauma case. The semivariograms capture the spatial correlation of intensity variations within the
extravasation regions, providing insight into local tissue disruption and contrast dispersion. Empirical semivariograms
were preferred over theoretical models (e.g., spherical) as they could directly capture the spatial variance of contrast
extravasation from observed CT data without assuming predefined structures. This is crucial for modeling
heterogeneous and anisotropic patterns in medical imaging, where theoretical models may oversimplify spatial
correlations.
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Figure 5. Semi-variograms of extravasation in sequential CT, where the legend indicates CT slice numbers.

Figures 6 and 7 depict the computed FRPs and FRNs derived from the extracted extravasation regions. The
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FRPs were constructed using an embedding dimension of m = 3, a time delay of 7 = 1, and a clustering parameter
set to 12 fuzzy clusters. These parameters were chosen to ensure a robust representation of recurrence structures
within the data. The FRNs were subsequently generated using a recurrence threshold of 0.2, ensuring discriminative
network connectivities.

bt

&

s

(a) Liver (b) RPH

V»r 4
SR N
PN I

(c) Spleen (d) Face

Figure 7. Fuzzy recurrence networks of extravasation in sequential CT.
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For the quantification of recurrence dynamics, fuzzy recurrence measures were computed with a minimum
diagonal and vertical line length of 5 to maintain statistical relevance. Table | summarizes the extracted fuzzy recurrence
metrics (fRR, fDET, fLAM, fTT, DIV, and fENT) for each trauma case, offering a comparative analysis of recurrence
-based complexity within different extravasation patterns.

Table1 Fuzzy recurrence measures of extravasation in sequential CT

Trauma Amax fRR fDET fLAM fTT DIV fENT
Liver 6.082 1.524e-04 0.471 0.452 3.407 0.001 1.623
RPH 5.456 5.415e-04 0.144 0.662 2.494 0.001 1.153
Spleen 5.779 0.002 0.464 0.673 3.970 0.002 1.760
Face 6.639 0.001 0.305 0.515 2.292 0.002 1.616

Additionally, Table 2 presents two key graph-theoretic properties derived from the FRNSs, providing further
insights into the topological characteristics of the extravasation structures. These network-based features enable a
complementary interpretation of the recurrence dynamics, enhancing the overall understanding of the underlying
spatial-temporal patterns in trauma-related contrast extravasation.

Table2 Graph properties of extravasation in sequential CT

Liver RPH Spleen Face
Average clustering coefficient 0.570 0.720 0.780 0.828
Characteristic path length 1.490 1.319 1.167 1.097

The obtained results demonstrate that different trauma types exhibit distinctive recurrence and spatial signatures,
reflecting their underlying anatomical and pathophysiological characteristics. Liver injury, for example, showed
relatively structured and homogeneous recurrence patterns, consistent with the liver’s organized vascular architecture.
In contrast, RPH exhibited fragmented recurrence structures and broader spatial variability, aligning with the complex,
multi-compartmental nature of the retroperitoneal space. Spleen injury displayed intermediate behavior, combining
areas of regular recurrence with localized disruptions, while facial trauma revealed the most irregular and chaotic
recurrence dynamics, reflecting the face’s dense and intricate vascular network. These findings suggest that the
extracted fuzzy recurrence measures and network properties are not only capable of distinguishing between different
injury types but may also serve as quantitative imaging biomarkers that relate directly to the severity and complexity
of trauma-induced vascular injury.

4. Discussion

The semivariograms of contrast extravasation in liver injury, RPH, spleen injury, and facial trauma reveal
distinct spatial variance patterns that reflect differences in contrast dispersion across anatomical regions. In the liver
case, the semivariogram exhibits a relatively smooth increase before reaching a well-defined sill (the point at which
the spatial variance levels off), suggesting a structured and homogeneous diffusion of contrast medium within the
extravasation region. This pattern indicates a consistent spatial correlation of intensity values, likely due to the liver’s
highly vascularized tissue and the relatively predictable nature of contrast leakage.

In contrast, the semivariogram for the RPH presents a more gradual rise with a less distinct sill, indicating a
broader spatial correlation with diffuse contrast dispersion. The increased variability at larger lag distances suggests
heterogeneous bleeding patterns, which may be attributed to the complex anatomical structures within the
retroperitoneal space and the presence of multiple tissue compartments that influence contrast movement.

The spleen injury semivariogram displays an intermediate pattern, with a steeper initial rise followed by a
moderate leveling off. This suggests a more localized dispersion of contrast with some degree of heterogeneity,
potentially influenced by the spleen’s trabecular architecture and its susceptibility to irregular bleeding patterns.
Compared to the liver, the semivariogram for the spleen demonstrates a slightly lower spatial correlation range,
indicating more localized variations in contrast intensity.

The facial trauma case exhibits the most irregular semivariogram, characterized by an elevated nugget effect
and fluctuations throughout the range. This behavior suggests significant microscale heterogeneity and noise, likely
due to the intricate vascular network and complex anatomical structures in the face. Unlike the other cases, where
contrast dispersion follows a more continuous pattern, the facial trauma semivariogram reflects abrupt intensity
variations, possibly due to small-scale vessel ruptures and variable tissue density.

Comparing these semivariograms, it is evident that the liver and spleen injuries demonstrate more structured
contrast dispersion, whereas the RPH exhibits a broader, less defined pattern. Facial trauma, in contrast, displays the
highest degree of spatial variability, highlighting the complexity of extravasation patterns in this region. These differences
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underscore the importance of spatial variance analysis in characterizing trauma-related contrast leakage and improving
diagnostic interpretation in diverse anatomical contexts.

The FRPs provide a visual representation of contrast extravasation recurrence patterns across different trauma
cases, capturing both spatial and temporal complexity. In the liver injury case, the FRP shows an organized pattern
with relatively more uniform diagonal structures, indicating higher predictability and temporal coherence in contrast
diffusion. This suggests that contrast leakage in the liver follows a consistent pattern, likely influenced by its uniform
vascularization.

In contrast, the FRP for the RPH displays a fragmented structure with irregular recurrence points. This
fragmentation indicates heterogeneous and unpredictable contrast dispersion, likely due to the complex and
compartmentalized retroperitoneal space, where multiple tissue layers and fluid compartments disrupt the continuity
of recurrence patterns.

The spleen injury case presents an intermediate recurrence pattern, combining both dense and sparse regions.
While the recurrence structure is more stable than that of the RPH, it still shows localized variations in contrast
dispersion. The spleen's trabecular architecture and susceptibility to irregular bleeding possibly contribute to this semi-
organized pattern, where contrast leakage maintains some level of coherence but exhibits localized disruptions.

Facial trauma displays the most irregular FRP, characterized by fragmented recurrence structures and a lack of
continuous diagonal patterns. This suggests significant spatial and temporal heterogeneity in contrast dispersion, likely
due to the intricate vascular network and variable tissue densities in the face. The discontinuous recurrence points
reflect the abrupt nature of contrast leakage in facial trauma, where small vessel ruptures lead to unpredictable
extravasation dynamics.

Comparing the cases, the liver injury exhibits the most structured recurrence, indicative of stable contrast diffusion.
The RPH and spleen injury cases show moderate recurrence organization, reflecting varying levels of spatial
heterogeneity. Facial trauma, on the other hand, presents the most chaotic pattern, highlighting the complex and
unpredictable nature of extravasation in this region. These findings demonstrate the utility of FRPs in differentiating
contrast dispersion behaviors across anatomical sites and provide insights into the underlying mechanisms of trauma-
induced vascular injury.

The fuzzy recurrence measures serve as a useful tool for quantifying and characterizing various aspects of the
recurrence dynamics of extravasation in the liver injury, RPH, spleen injury, and facial trauma. These measures,
which include the A, ), fRR, fDET, fLAM, fTT, DIV, and fENT, offer insights into the different patterns and
behaviors of recurrence in extravasation associated with respective trauma types, revealing both the underlying
complexity of the dynamic systems.

In the case of liver injury, its (Ay.x) is the highest among the four trauma types, at 6.082. This high value
suggests that the recurrence dynamics of liver injury is relatively more distinct, compared to the other cases. The fRR
is quite low at 1.524e-04, indicating sparse recurrence events, which can be interpreted as the presence of less
frequent but highly structured recurrence points. The fDET value of 0.471 further emphasizes that while some degree
of determinism is present, the system is not completely predictable, reflecting the potential for some irregular behavior
in the recurrence pattern. The fLAM value of 0.452 suggests moderate levels of laminarity, indicating that while there
is some predictability in the recurrence structure, it is not overwhelmingly regular. The fTT value of 3.407 indicates
moderate trapping behavior, suggesting that once recurrence points are visited, they tend to stay within certain regions
of the state space for a moderate amount of time before moving to a different area. The very low fDIV value of 0.001
supports the notion that the system's behavior remains relatively stable, with minimal divergence from the established
recurrence patterns. The fENT value of 1.623 is relatively high, indicating a moderate degree of randomness and
complexity in the recurrence dynamics of liver injury, despite its overall periodic structure.

For the RPH, the A,.) is slightly lower at 5.456, signaling a somewhat less distinct recurrence structure
compared to the liver injury. The higher fRR of 5.415e-04 suggests that recurrence points occur more frequently,
which may indicate a more chaotic recurrence process with less predictability. The fDET value of 0.144, which is the
lowest among the cases, further supports this interpretation by indicating a system that behaves more chaotically and
is less deterministic. The fL AM value of 0.662 is higher than that of liver injury, suggesting that the recurrence structure
of the RPH exhibits more regularity and predictability in certain regions, even if the overall system is less
deterministic. The fTT of 2.494 indicates shorter periods of trapping compared to the liver injury, suggesting that
recurrence points in the RPH tend to transition more quickly across the state space. The low fDIV value of 0.001 and
the relatively low fENT value of 1.153 reflect a less complex system, which is more homogenous in nature. This
could be consistent with the disrupted and heterogeneous recurrence patterns seen in hematomas, which are typically
characterized by chaotic and irregular dynamics.

In the case of the spleen injury, the A, is intermediate, at 5.779, suggesting a moderate level of recurrence
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complexity. The fRR of 0.002, higher than both the liver and RPH, suggests more frequent recurrence events,
potentially reflecting more regular recurrence patterns that are less chaotic. The fDET value of 0.464 highlights that
significant levels of determinism are present, suggesting a system that is relatively predictable, although still somewhat
flexible. The fLAM value of 0.673 is the highest among the trauma types, indicating that the spleen injury exhibits a
high level of regularity and predictability in its recurrence patterns. The fTT of 3.970 is the highest of all the cases,
reflecting pronounced trapping behavior where recurrence points stay within certain areas for a longer period before
transitioning. The higher fDIV value of 0.002 and the highest fENT value of 1.760, in comparison to the other trauma
types, indicate a system that is highly complex and variable, with both structured and erratic dynamics coexisting in
the recurrence process.

Facial trauma, characterized by a complex and irregular recurrence pattern, exhibits the highest A, at 6.639.
This value suggests that the recurrence dynamics are highly complex and structured, perhaps reflecting more intricate
and multifaceted patterns of extravasation compared to the other trauma cases. The fRR for facial trauma is 0.001,
which indicates a relatively sparse recurrence of events, yet the higher complexity in terms of A, suggests that these
sparse events are more concentrated and exhibit greater structure. The fDET of 0.305 and fLAM of 0.515 indicate
moderate levels of predictability and structure within the recurrence patterns, though not to the extent observed in the
spleen injury case. The fTT of 2.292 reflects the relatively short durations that recurrence points tend to stay within
certain regions, suggesting a more dynamic and less stable recurrence process compared to the spleen injury. The
fDIV value of 0.002 suggests that while the system is somewhat stable, there are still significant deviations from the
typical behavior. The fENT of 1.616 further suggests that the recurrence dynamics of facial trauma are marked by a
moderate level of randomness, indicating both predictable and erratic features in the recurrence structure.

Having discussed, the fuzzy recurrence measures reveal distinct differences in the dynamics of extravasation
across liver injury, retroperitoneal hematoma, spleen injury, and facial trauma. Liver injury shows the most periodic
and structured dynamics, with moderate complexity and moderate predictability. RPH, by contrast, exhibits more
chaotic behavior, with less determinism and a higher level of randomness. The spleen injury case is characterized by
high regularity and predictability, with pronounced trapping behavior, reflecting a highly structured but still complex
system. Facial trauma, with the highest A, presents a highly complex and dynamic recurrence structure, marked by
moderate levels of predictability but also significant randomness, indicating the intricate and multifaceted nature of
extravasation in this trauma type.

The FRNs (Figure 7) presented for four different anatomical regions (liver, RPH, spleen, and facial trauma)
exhibit distinct topological characteristics, reflecting underlying structural and dynamical differences in extravasation
patterns. By analyzing the average clustering coefficients and characteristic path lengths of the four networks (Table 2),
meaningful insights into their connectivity and information flow properties can be inferred.

The average clustering coefficient (ACC) is a measure of how well nodes in a network tend to cluster together,
providing insights into the degree of local connectivity. Among the four networks, the facial trauma extravasation
network demonstrates the highest ACC (0.828), followed by the spleen (0.780) and RPH (0.720) networks, while the
liver injury extravasation network has the lowest ACC (0.570). This suggests that the face network exhibits the most
strongly interconnected local structures, forming tightly-knit clusters. The high clustering in the face and spleen
networks indicates that their recurrence structures are more locally coherent, potentially reflecting a more predictable
pattern of extravasation dynamics in these regions. In contrast, the liver network's lower clustering suggests a more
loosely connected topology, indicating a more dispersed or less predictable recurrence structure. The characteristic
path length (CPL) is a measure of the average shortest path between nodes, reflecting the efficiency of information
flow across the network. The face network again stands out with the shortest CPL (1.097), suggesting that it has a
highly interconnected structure that allows for rapid communication across nodes. The spleen (1.167) and RPH
(1.319) networks follow closely, while the liver network has the longest CPL (1.490), implying a less efficient global
structure with longer connections between distant nodes.

The observed differences in network topology suggest that extravasation dynamics vary significantly across
anatomical regions. The high clustering and short path length of the face and spleen networks indicate a more
small-world-like structure [40], which is often associated with a balance between local clustering and global
efficiency. These characteristics suggest that extravasation in these regions follows a structured and highly
interconnected pattern, potentially due to consistent vascular architecture or localized extravasation phenomena. In
contrast, the liver network's lower clustering and longer path length suggest a more fragmented or less organized
recurrence structure. This may indicate that extravasation in the liver is more spatially dispersed, with less predictable
local clustering and longer-range connections required to integrate information across the network. The RPH network,
with intermediate values for both metrics, may represent a transition between these two extremes, exhibiting moderate
clustering while maintaining relatively efficient path lengths.
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To address the need for quantitative evaluation of early therapeutic intervention based on our proposed method,
we propose several relevant performance indicators for future clinical validation. First, the sensitivity and specificity
of high-risk extravasation pattern detection can be measured by comparing fuzzy recurrence analysis results against
expert radiological assessments. Second, time-to-detection metrics can be established by comparing the timing of
abnormal pattern recognition between our computational approach and conventional imaging interpretation. Third,
the correlation with clinical complications can be assessed by linking recurrence-derived features, such as high fENT
or low fDET, with outcomes such as hemorrhage, vascular compromise, or tissue necrosis. Fourth, predictive modeling
accuracy can be evaluated using recurrence and network features as inputs for classifiers, with performance assessed
by the area under the receiver operating characteristic curve. Finally, spatial variability metrics obtained from
semivariogram analysis could serve as early imaging biomarkers for identifying unstable extravasation patterns.
These indicators provide a structured framework for future studies aiming to validate the clinical effectiveness of
fuzzy recurrence dynamics in facilitating early therapeutic intervention.

While FRNs have been utilized in prior imaging studies, the present work extends their application to a novel
clinical context. Specifically, we apply FRNs to model the evolving spatial-temporal patterns of contrast medium
extravasation in trauma cases, an area where conventional imaging analysis methods are often insufficient. The
integration of geostatistical modeling with fuzzy recurrence dynamics, along with the adaptation of convolutional
eigenvalue extraction for summarizing recurrence structures, constitutes a methodological innovation aimed at
enhancing early risk detection capabilities. This combined framework provides a richer and more clinically relevant
characterization of extravasation behaviors compared to existing techniques.

Recent advances in CT imaging for trauma assessment have improved the detection and characterization of
contrast medium extravasation [2]. Multiphase CT techniques, by acquiring images at multiple time points, enhance
the identification of active bleeding but still largely rely on manual visual interpretation of intensity changes and are
limited in quantifying dynamic dispersion complexity. Similarly, deep learning approaches, such as convolutional
neural networks, have been applied for automated segmentation of hemorrhagic lesions [43], yet often function as
black-box classifiers without explicit modeling of the underlying spatial-temporal dynamics. In contrast, the proposed
framework integrates geostatistical modeling and fuzzy recurrence dynamics to provide an interpretable, quantitative
characterization of both spatial heterogeneity and nonlinear recurrence structures within extravasation patterns. By
focusing on dynamic complexity rather than static intensity or morphology alone, our method offers complementary
insights that could enhance early risk stratification and inform therapeutic decision-making. This represents a distinct
contribution relative to the latest CT imaging methods, emphasizing interpretability, dynamic modeling, and potential
clinical applicability in emergency care settings.”

In summary, this study offers several advantages, including its ability to quantify and characterize the recurrence
dynamics of extravasation across various trauma types using spatial statistics and fuzzy recurrence analysis. The
approach provides valuable insights into the complex and varied recurrence patterns, revealing distinct differences
between liver injury, RPH, spleen injury, and facial trauma. By applying these measures, the study highlights the
different levels of determinism, complexity, and predictability in each trauma type, offering a deeper understanding of
the underlying mechanisms of extravasation.

However, there are some limitations to consider. The interpretation of fuzzy recurrence measures relies heavily
on the quality and resolution of the input data, which in this case, are sequential CT scans. Variations in scan quality
or imaging resolution could influence the recurrence dynamics. Additionally, while the study provides a detailed
analysis of recurrence behaviors, it does not explore the clinical implications of these findings in terms of treatment or
patient outcomes. Another potential drawback is the need for further validation of the fuzzy recurrence measures,
especially in clinical settings, to ensure their generalizability and effectiveness across different populations and trauma
types.

Future research could focus on refining the fuzzy recurrence methodology to incorporate more diverse and
higher-resolution data, such as MRI or PET scans, to enhance the precision of the measures. Furthermore, there is an
opportunity to integrate the recurrence analysis with clinical data to better understand the real-world significance of
these dynamics in trauma management and recovery. Exploring the relationship between the recurrence measures and
patient outcomes, such as recovery time or the risk of complications, would provide valuable insights into how these
dynamics might influence clinical decision-making. Lastly, expanding the study to include a larger cohort of trauma
cases could help to validate and refine the findings, providing more robust conclusions that could inform future medical
interventions.

While the proposed method demonstrates significant advantages over traditional imaging analysis techniques,
several limitations should be noted. Existing methods often lack the sensitivity to detect subtle or nonlinear variations
in extravasation patterns, leading to delayed or missed identification of critical vascular injuries. In contrast, the fuzzy
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recurrence framework introduced here provides enhanced sensitivity and dynamic characterization. However, it
depends heavily on the quality and consistency of imaging data, and its clinical applicability requires further validation
with larger patient cohorts and direct correlation to therapeutic outcomes. Future work should focus on addressing
these limitations by integrating clinical outcome data, and exploring the generalizability of the framework across
different imaging modalities and trauma types.

Several challenges were encountered during the course of this study. First, the variability of contrast medium
extravasation patterns across different anatomical sites introduced significant heterogeneity, complicating the
standardization of extracted recurrence and spatial features. This variability necessitated careful parameter tuning and
highlighted the need for adaptable analytical frameworks. Second, the resolution and quality variability inherent in
sequential CT scans posed challenges for reliably capturing subtle dispersion dynamics, as lower-resolution images
can reduce the sensitivity of fuzzy recurrence quantification. Third, the computational burden associated with
constructing fuzzy recurrence plots, which involves quadratic complexity with respect to the number of pixels,
becomes increasingly significant when scaling to larger regions of interest or full-slice analyses, although parallel
computing can mitigate this issue. Finally, the lack of immediate access to prospective clinical outcome data limited
our ability to directly validate the predictive power of the extracted imaging biomarkers for early therapeutic
intervention. Addressing these challenges will be essential in future work to optimize and clinically validate the
proposed methodology.

Furthermore, while the present study demonstrates the potential of fuzzy recurrence dynamics in sensitively
detecting subtle extravasation patterns, direct clinical validation linking these imaging findings to actual early
therapeutic interventions has not yet been performed. Future prospective studies will be necessary to establish how early
detection based on fuzzy recurrence features impacts treatment decisions, timing of interventions, and patient
outcomes. The current results should therefore be interpreted as providing a computational foundation that supports,
but does not yet confirm, clinical improvements in early intervention.

5. Conclusion

This study offers a comprehensive, data-driven analysis of extravasation patterns in various trauma cases,
revealing significant spatial and textural characteristics that vary across different organs. These findings reflect the
distinct physiological and pathological dynamics of each trauma type, underscoring the complexity and variability
inherent in their recurrence behaviors. The study highlights the value of integrating advanced geostatistical and
non-linear dynamics methods with CT imaging to provide a deeper, more nuanced understanding of these patterns.
By quantifying spatial variability and texture patterns, this approach not only enhances diagnostic precision but also
contributes to the early detection of pathological deviations, potentially allowing for more timely and accurate
interventions.

The core idea behind the proposed methodology lies in combining spatial and dynamic analysis to comprehensively
characterize contrast medium extravasation patterns. Geostatistical semivariogram modeling captures spatial
heterogeneity by quantifying how intensity variations are correlated across distances within extravasation regions. In
parallel, fuzzy recurrence dynamics provide a sensitive tool for detecting nonlinear temporal structures and subtle
recurrent behaviors in contrast dispersion, which may not be visible through traditional intensity-based analysis. By
integrating these two analytical approaches, the method offers a richer depiction of both the spatial distribution and
the dynamical evolution of contrast medium leakage. This dual characterization is particularly critical for identifying
high-risk extravasation events, where early structural instability may precede overt clinical deterioration.

The methodology presented here has broad implications for medical imaging, offering valuable insights into
spatial analysis that extend beyond the trauma cases examined. As a result, it holds considerable promise for advancing
the field of medical diagnostics, particularly in the realm of personalized therapeutic strategies. The ability to identify
and analyze complex recurrence dynamics can be applied to various medical conditions, improving the accuracy of
early diagnosis and informing tailored treatment plans. Furthermore, this study paves the way for future research to
expand on these techniques, incorporating other imaging modalities and clinical data to further refine the analysis and
enhance its clinical applicability.
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