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Abstract

Clinical infrared thermography provides a non-invasive functional assessment of hemodialysis vascular access
and it is used to visualize superficial venous pathways, detect stenoses and evaluate distal perfusion through cooled-
saline infusion. Building on this clinical framework, an automatic method is introduced to extract the cold-bolus trajectory
from thermal video sequences. The method integrates arm tracking, differential-temperature enhancement, spatial and
SNR-adaptive constraints, border-aware segmentation and branch selection to obtain vessel thermal-footprint width mea-
surements over time. Applied to clinical cold-bolus sequences acquired during preoperative vascular-access assessment,
the pipeline produces anatomically consistent vessel masks and a quantitative width-over-time profile.

1. Introduction

Infrared thermography is increasingly recognized as a non-invasive functional tool for evaluating hemodialysis
vascular access. Since cutaneous temperature is strongly influenced by local blood perfusion, thermal maps provide
indirect yet reliable information on superficial venous anatomy and hemodynamic alterations. In patients with arteriovenous
fistulas (AVFs), thermographic images typically reveal hyperthermic patterns along arterialized veins and hypothermic
regions associated with stenoses or distal ischemia.

A particularly powerful technique is cold-bolus thermography, in which cooled saline is infused distally to the
planned anastomotic site, generating a propagating thermal front that renders superficial veins transiently visible as a
negative ∆T contrast. This approach has been validated as a complement to Doppler ultrasound and digital phlebog-
raphy across all phases of vascular access management [1], from preoperative mapping to postoperative surveillance of
hemodialysis access-induced distal ischemia (HAIDI).

Despite its clinical promise, cold-bolus thermography currently relies exclusively on visual inspection of thermal
sequences. Reproducibility is limited by inter-observer variability, and no quantitative descriptor of vessel morphology or
bolus dynamics is extracted. Motion artefacts, and the time-varying nature of the ∆T contrast further complicate interpre-
tation.

This paper presents an automatic pipeline for vessel segmentation in cold-bolus thermography. The method
processes raw FLIR thermal sequences and produces, for each frame, a binary vessel mask and a quantitative vessel
thermal-footprint width estimate. The contribution is threefold: (i) a hybrid Lucas–Kanade/GMM arm tracker with solidity-
based quality control; (ii) an SNR-adaptive two-level thresholding scheme with a rolling-window spatial prior that handles
the large variability in bolus contrast across subjects and frames; (iii) a distance-transform border exclusion that adapts
dynamically to the arm silhouette at each frame.

The remainder of the paper is organized as follows. Section 2 reviews the clinical background of thermography
in vascular access assessment. Section 3 describes the proposed pipeline in detail. Section 4 presents representative
results, and Sections 5 and 6 provide discussion and conclusions.

2. Clinical Background

This section provides the clinical and technical context for the proposed method. Section 2.1 reviews the role of
infrared thermography in vascular access assessment. Section 2.2 describes the cold-bolus technique and the physiologi-
cal basis of the ∆T signal. Section 2.3 identifies the specific limitations of current qualitative approaches that motivate the
development of an automatic segmentation framework.

2.1 Thermography in vascular access assessment

Clinical thermography is based on the detection of long-wave infrared radiation emitted by tissues at physiological
temperatures. Because skin temperature is strongly influenced by local blood flow, thermographic maps provide indirect
but reliable information on perfusion patterns [2, 3] and have historically been used to assess AVF function and detect flow
abnormalities [4]. In patients with AVFs, thermal images typically show hyperthermic regions along the arterialized vein
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and hypothermic areas in regions affected by stenosis or distal ischemia [5, 6].
Figure 1 shows an example of a thermographic image of the upper limbs, where the limb bearing a distal AVF

exhibits a clear hyperthermic pattern along the arterialized venous segment. Thermographic assessments are performed
using a FLIR A500 thermal camera (resolution 464× 348px, thermal sensitivity <50 mK, spectral range 7.5–14µm, frame
rate up to 30 Hz) after a 30-minute acclimatization period in a temperature-controlled room (approximately 25 °C) [1].

Fig. 1. Static thermographic map of both upper limbs. Warmer regions (yellow–red) correspond to higher perfusion; cooler
areas (blue–purple) indicate reduced distal perfusion.

Thermography has been applied across multiple phases of vascular access management. In the preoperative
phase it provides a panoramic overview of the limb, highlighting perfusion asymmetries that may indicate arterial insuf-
ficiency or venous abnormalities [7]. During intraoperative procedures it offers real-time feedback on perfusion changes
at anastomosis (Fig. 2). In the postoperative phase it enables non-invasive monitoring of fistula maturation, detection of
venous hypertension, and identification of HAIDI [8].

Fig. 2. Intraoperative thermographic monitoring during AVF creation. Thermal patterns provide real-time feedback on
perfusion changes [1].

Despite these advantages, thermography is inherently limited to superficial structures: long-wave infrared radia-
tion originates from the most superficial dermal layers, so deep or central veins remain invisible. Thermal patterns may
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also be influenced by environmental conditions, patient movement, and camera artefacts, motivating the integration of ther-
mography with computational methods capable of extracting reliable vessel information from dynamic thermal sequences.

2.2 Cold-bolus thermography

Among the extensions of clinical thermography, the infusion of cooled saline as a thermal contrast agent has
proven particularly effective for rendering superficial veins transiently visible. This subsection describes the technique, its
physical basis, and its validated clinical applications.

Infusing saline at approximately 15 °C at 20 ml/min through a 23 G needle cannula placed distally to the planned
anastomotic site generates a transient negative thermal gradient that propagates along the venous pathway, becoming
detectable within approximately 30 seconds of infusion onset, depending on vessel depth. Cold-bolus propagation can be
described qualitatively by the transient heat equation:

∇2T − 1

α

∂T

∂t
= 0, (1)

where α is the thermal diffusivity of tissue. Although biological perfusion introduces additional complexity, Eq. (1) captures
the essential behavior of the cooling front as it travels along the vein.

Cold-bolus thermography has been validated against digital phlebography for superficial veins [9] and has demon-
strated high sensitivity in identifying venous stenoses, accessory drainage pathways, flow diversion phenomena, and early
HAIDI [1]. Dynamic thermal responses during post-occlusive reactive hyperemia (PORH) have also been shown to corre-
late with Doppler-derived resistance indices [10], supporting the physiological significance of the ∆T signal.

Several challenges arise when analyzing cold-bolus sequences automatically: the ∆T contrast is weak before
bolus arrival and attenuates rapidly in deeper veins; wrist and forearm motion introduce spatial misalignment; and thermal
noise may obscure thin vessel branches. These factors make manual interpretation difficult and motivate the automated
pipeline described in Section 3.

2.3 Need for automatic vessel extraction

The clinical evidence reviewed above demonstrates the diagnostic value of cold-bolus thermography, but also
highlights a critical gap: all existing analyses rely on qualitative visual interpretation. This subsection argues for the
necessity of an automatic segmentation framework and defines the requirements it must satisfy.

Automatic segmentation of cold-bolus thermographic sequences remains an open problem [11]. Existing clinical
studies rely on qualitative visual interpretation [1], which limits reproducibility and prevents quantitative characterization of
vessel morphology or bolus dynamics. Existing thermographic vessel-segmentation methods address static imagery [6]
and do not account for the combined challenges of motion compensation, time-varying contrast, and multi-branch venous
topology encountered in dynamic cold-bolus sequences.

3. Proposed Segmentation Method

This section describes the automatic pipeline for vessel segmentation in cold-bolus thermography. The method
is designed to operate on raw FLIR thermal sequences without manual vessel annotation and to address the three main
challenges identified in Section 2: patient motion, time-varying ∆T contrast, and multi-branch venous topology. Vessel-
detection thresholds are derived directly from the baseline noise distribution and from the frame-wise ∆T histogram, re-
ducing dependence on fixed thermal values. The pipeline is presented first as a high-level overview (Section 3.1), followed
by detailed descriptions of each functional stage (Sections 3.2–3.3).

3.1 Pipeline overview

The pipeline takes as input a sequence of calibrated temperature frames (units: ◦C) acquired during cold-bolus
infusion and produces three outputs for each frame: (i) a conservative binary mask of the main vessel trunk, Mtrunk(x, y, t),
(ii) a more permissive binary mask of the cooling venous tree, Mtree(x, y, t), and (iii) a scalar thermal-width estimate w(t)
computed from the main trunk. A composite trajectory map is obtained as the union of the per-frame masks over the bolus
propagation window.

Figure 3 provides a schematic overview of the full processing chain. The pipeline comprises six functional stages
executed sequentially for each frame: ROI selection, baseline computation and differential-temperature (∆T ) mapping,
motion compensation, adaptive vessel detection via data-driven adaptive thresholding, spatial continuity enforcement, and
width measurement with outlier rejection. The first stage (ROI selection) requires a single manual operation performed
once per sequence; all subsequent stages are fully automatic. The pipeline exposes only five user-facing parameters
(Table 1); geometric constraints and detection thresholds are derived from the data at each frame and require no manual
tuning. The core and side vessel thresholds are not fixed multiples of the local standard deviation, but are estimated from
the empirical ∆T distribution using baseline noise modelling, Otsu thresholding, and a two-component GMM.
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Fig. 3. Schematic overview of the automatic cold-bolus vessel segmentation pipeline. Six sequential stages process each
raw thermal frame to yield a conservative trunk mask Mtrunk, a venous-tree mask Mtree, and a vessel thermal-footprint width
estimate w(t).

Table 1. User-facing parameters of the pipeline. All geometric constraints and thermal detection thresholds are derived
automatically from the data at each frame.

Parameter Meaning Default
sseg Vessel boundary expansion (0 = conservative, 1 = permissive) 0.50
sbr Collateral branch retention (0 = trunk only, 1 = full venous tree) 0.50
αIIR Temporal smoothing strength (higher = more smoothing, slower response) 0.30
σG Spatial smoothing scale (pixels) 1.0
Nbase Pre-bolus baseline window length auto

3.2 Stages description

Baseline and ∆T computation. Before the cold bolus is injected, the first few seconds of the sequence are free
of vascular signal and serve as a per-pixel thermal reference T0(x, y). Subtracting this baseline from each subsequent
frame yields the differential map

∆T (x, y, t) = T0(x, y)− T (x, y, t), (2)

where positive values indicate pixels that have cooled relative to their pre-bolus state — and therefore candidate vein
locations. The same baseline frames are used to characterise the intrinsic thermal noise of the sequence: the pipeline
estimates the typical noise level from the data itself, so that any detection threshold applied later is automatically scaled
to the actual noise floor of that recording rather than relying on a fixed value set in advance. Raw ∆T frames are then
denoised by a two-stage filter cascade: a temporal IIR smoother that attenuates frame-level noise while preserving slow
bolus dynamics [12]; and a spatial Gaussian filter that reduces pixel-level sensor noise. A short rolling-window temporal
average is maintained in parallel to stabilise the ∆T signal in frames where the bolus contrast is temporarily weak [13].

Motion compensation. Patient motion causes frame-to-frame misalignment that can generate spurious cooling
artefacts unrelated to the bolus. To track the arm robustly, the pipeline combines two complementary strategies at every
frame: a Lucas–Kanade optical-flow estimator [14, 15] that follows smooth continuous motion by warping the previous
arm mask, and a Gaussian mixture model (GMM) [16] that re-segments the arm from scratch based on the temperature
histogram of the current frame. The two results are compared at each step; if they agree, the flow-based result is kept,
otherwise the GMM result takes over. This handover mechanism makes tracking robust to both gradual drift and sudden
repositioning, analogously to appearance-model-based tracking frameworks [17]. In a separate step it is computed, from
the arm silhouette itself, how deep the exclusion zone around the arm boundary should be; this depth adapts automatically
to the actual size and shape of the arm in each frame.

Adaptive detection. The core challenge of vessel detection in cold-bolus sequences is that the thermal contrast
of the vein changes continuously as the bolus propagates, so a fixed detection threshold would either miss the vein in
low-contrast frames or produce false positives in high-contrast ones [18]. Instead, at every frame the pipeline fits a two-
component statistical model (GMM) to the ∆T values inside the arm, separating the background tissue distribution from
the cooled-vein distribution. Otsu’s method provides an independent estimate of the same boundary. The final detection
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threshold τcore is taken as the most conservative of the two data-driven estimates and the baseline noise floor:

τcore(t) = max(τOtsu(t), τGMM(t), τbase) . (3)

Pixels exceeding τcore form the high-confidence vessel nucleus. A second, slightly lower threshold — also derived from
the current frame distribution and controlled by the sensitivity parameter sseg — governs lateral widening: the nucleus
skeleton is expanded perpendicularly to the vessel axis to recover the full vessel width, including the cooling halo around
the vein wall. Collateral branches are retained when their thermal signal is sufficiently close to that of the main trunk, with
the tolerance set by sbr, consistent with topology-aware segmentation approaches [19]. A local second-pass refinement
repeats threshold estimation within a small neighbourhood of the first result as a consistency check.

Postprocessing. Between consecutive frames the detected vessel position is constrained to move by no more
than a distance proportional to the arm width, preventing the tracker from jumping to unrelated cold artefacts. A late-drift
correction monitors whether the vessel centroid has drifted away from its recent median position; if so, the previous frame’s
mask is propagated forward rather than accepting an implausible detection. Isolated blob-like regions — round, compact
cold spots inconsistent with a tubular vessel — are automatically discarded, while elongated components connected to the
main trunk are preserved to capture collateral drainage.

3.3 Vessel thermal-footprint width measurement

At each frame, the vessel width is measured on the conservative trunk mask using the mask skeleton and its
Euclidean distance transform. Concretely, at every skeletal pixel the local half-width is read from the distance transform,
and the final estimate is the median of these local measurements after discarding the most extreme values:

w(t) = median(x,y)∈St [2Dtrunk(x, y, t)] . (4)

This skeleton-based approach [20] measures the thermal footprint of the main trunk independently of vessel length and
branching, and is therefore more stable than area-based estimates. The raw width series is smoothed with a short me-
dian filter to suppress isolated outliers caused by momentary tracking failures, following the rationale of robust outlier
rejection [21]. The resulting profile represents the apparent thermal width of the vein as seen by the camera; it can be
related to the anatomical vessel diameter when pixel spacing and imaging geometry are calibrated, providing a quantitative
complement to Doppler-derived measurements [22].

4. Results

The pipeline is applied to a representative cold-bolus thermographic sequence of 2551 frames acquired dur-
ing preoperative vascular-access assessment. Results are reported both visually and through an internal quality-control
analysis designed to identify the temporal interval in which the bolus signal remained spatially localized and suitable for
quantitative processing. Figure 4 shows a representative frame within the accepted bolus-propagation window. The cool-
ing front is visible as a negative thermal contrast along the superficial venous pathway, and the conservative trunk mask
remains spatially aligned with the main vessel. The extracted contour captures the dominant venous trunk while avoiding
the warmer arm borders and background regions.

Fig. 4. Representative cold-bolus frame (frame 951/2551) within the quality-controlled analysis window. A: raw thermal
frame. B: baseline-subtracted ∆T map. C: vessel mask overlay with venous-tree contour (cyan), trunk contour (yellow),
and skeleton (blue dots). Thermal width = 10.77 px; SNR-like score = 113.3.
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Figure 5 shows the quality-controlled composite trajectory map, obtained by accumulating only the venous-tree
masks that passed the internal quality-control criteria. This avoids including late frames in which the cooling pattern
becomes diffuse and may lead to mask overgrowth. The resulting trajectory is anatomically consistent with the superficial
venous pathway visible in the thermal sequence and preserves the main trunk together with the thermally supported
collateral branch.

Fig. 5. Quality-controlled (QC) composite cold-bolus trajectory map overlaid on the baseline thermal image. The cyan
area represents the accumulated venous-tree mask, the yellow contour its external boundary, and the blue dotted line the
extracted trajectory skeleton.

Figure 6 reports the thermal-width profile and the corresponding thermal signal quality. The accepted quality-
controlled bolus window extended from frame 93 to frame 1893. Frames outside this interval are retained for visual inspec-
tion but excluded from quantitative width estimation because the late cooling pattern became more diffuse and produced
occasional unstable width values.

Fig. 6. Quality-control (QC) summary of the extracted thermal-width profile. The upper panel reports raw and filtered width
values, with the accepted bolus-analysis window highlighted. The lower panel reports the local thermal signal quality and
the trunk-to-background thermal contrast over time.
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The internal quality-control analysis showed low pre-bolus false-positive activity, with vessel detections in 2 out of
50 baseline frames (4.0%). After bolus arrival, a valid trunk mask is obtained in 87.3% of post-baseline frames, while the
quality-controlled analysis retained 71.6% of post-baseline frames. The first reliable detection occurred at frame 94. Within
the accepted window, spatial tracking is stable, with a median centroid displacement of 0.08 px/frame and a 95th percentile
displacement of 0.42 px/frame. The median apparent thermal width of the main trunk is 10.48 px (instantaneous value at
the representative frame: 10.77 px), with a robust standard deviation of 1.23 px. The median trunk-to-background thermal
contrast is 5.14 ◦C, and the 25th percentile remained 4.77 ◦C, confirming that the segmented region corresponded to a
strong and persistent cooling signal. No trunk-tree inconsistency is observed, indicating that the conservative trunk mask
remained fully contained within the venous-tree mask. The quality-controlled composite trajectory covered an area of 4610
px and had a skeleton length of 171 px. These descriptors provide compact quantitative summaries of the thermographi-
cally visible venous pathway and may support the qualitative interpretation of cold-bolus propagation.

5. Discussion

This work presents an automatic segmentation framework for cold-bolus thermography applied to the preoper-
ative assessment of hemodialysis vascular access. Building on the clinical framework described in [1], the proposed
method translates a qualitative dynamic thermographic examination into a reproducible quantitative analysis of venous tra-
jectory and apparent thermal width. From a clinical perspective, cold-bolus thermography is valuable because it provides
a non-invasive and panoramic visualization of superficial venous pathways using cooled saline as a functional contrast
agent; as reported in [1], this approach can complement Doppler ultrasound and digital phlebography by helping to identify
the course of candidate veins, collateral drainage pathways, stenotic interruptions, and perfusion alterations relevant to
vascular-access planning and surveillance. The automatic pipeline proposed here addresses one of the current limitations
of this technique—the dependence on visual interpretation of thermal videos—through a six-stage architecture designed
to mitigate the main technical sources of variability encountered in cold-bolus sequences. The hybrid LK/GMM arm tracker
handles both smooth continuous motion and sudden repositioning: the LK stage provides efficient frame-to-frame align-
ment, while the GMM re-segmentation offers a frame-independent fallback when the flow estimate drifts, a complementary
design analogous to appearance-model-based tracking frameworks [17]. The two-stage ∆T filtering separates temporal
frame noise, spatial sensor noise, and spike artefacts, following established practice in infrared sequence processing [12],
while the thresholding stage reduces empirical tuning by estimating vessel thresholds from the frame-wise ∆T distribution
and from the baseline noise model rather than relying on fixed thermal thresholds. Finally, the distance-transform border
exclusion suppresses systematic edge artefacts while adapting to the actual arm geometry at each frame.

The quality-control analysis is essential for separating the clinically interpretable bolus-propagation interval from
late frames affected by diffuse cooling. Within the accepted window, the low centroid drift, high thermal contrast, and
absence of trunk-tree inconsistencies indicate that the detected mask is spatially stable, thermally supported, and topo-
logically coherent. The apparent thermal-width profile should not be interpreted as a direct anatomical vessel diameter
unless pixel spacing, viewing geometry, and vessel depth are calibrated. However, it provides a reproducible descriptor
of the thermal footprint of the main venous trunk and may complement Doppler-derived diameter measurements when
appropriate calibration is available [22].

Several limitations should be acknowledged. Although the pipeline reduces the most important fixed thermal
thresholds, it remains a classical rule-based segmentation framework with technical guardrails for tracking, shape selec-
tion, temporal smoothing, and drift correction. The current validation is an internal quality-control analysis rather than
a ground-truth segmentation benchmark. Ground-truth annotation of dynamic cold-bolus sequences is inherently chal-
lenging: the vessel boundary in the ∆T domain shifts continuously with bolus propagation, and manual frame-by-frame
delineation would reintroduce the inter-observer variability that the proposed framework aims to overcome. Comparison
against phlebographic and Doppler reference data therefore represents a more meaningful validation target, and future
prospective studies should pursue this direction. Furthermore, the method is inherently limited to superficial vessels, con-
sistent with the physical constraints of infrared thermography. The manual ROI selection step introduces residual operator
dependency, and future versions should include automatic limb detection. Finally, although the current implementation sep-
arates trunk and tree masks, it does not yet produce an explicit graph representation of venous topology; a graph-based
centreline extraction approach [23] could provide this information.

6. Conclusion

This study demonstrates the feasibility of automatic vessel extraction from cold-bolus infrared thermography
sequences acquired during preoperative vascular-access assessment. The proposed pipeline combines hybrid Lucas–
Kanade/GMM arm tracking, distance-transform border exclusion, two-stage differential-temperature filtering, data-driven
adaptive thresholding based on baseline noise and frame-wise Otsu/GMM modelling, topology-aware branch handling,
and robust width measurement on the main venous trunk.

The results support the role of thermography as a non-invasive, panoramic, and functional complement to existing
diagnostic tools in vascular access management [1]. By automatically extracting the cold-bolus trajectory and a thermal-
width profile, the method introduces quantitative descriptors that can help document superficial venous pathways, collateral
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drainage, and potential flow interruptions—features that are currently evaluated mainly through visual inspection. Rather
than replacing Doppler ultrasound or phlebography, this approach enhances the clinical utility of cold-bolus thermography by
making its interpretation more reproducible and suitable for post-processing. Future developments will focus on prospective
validation against phlebographic and ultrasound reference data, quantitative benchmarking of segmentation accuracy,
graph-based analysis of venous branching, and the possible integration of deep-learning-based vessel enhancement [24]
to improve sensitivity in low-contrast frames.
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