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Abstract. Obtaining reliable axillary vein access is a critical first step
of a successful Cardiac Implantable Electronic Device (CIED) implanta-
tion. To support puncture-site selection, clinicians rely on Venography,
which visualizes the vein with an iodinated contrast agent. However,
Venography X-ray imaging is invasive, nephrotoxic, and not always feasi-
ble. In its absence, access is performed blindly using external anatomical
landmarks, which carries the risk of pneumothorax, arterial puncture,
and brachial plexus injury. In this study, we investigate how much of
the puncture-relevant information that Venography provides can be re-
covered from a non-contrast X-ray alone. A dataset of 95 patient cases
was assembled, each with paired non-contrast and contrast sequences, as
well as clinician-validated puncture-region boxes. A U-Net was trained
to reconstruct the axillary vein from the mean of the non-contrast se-
quence. In a frozen 30-patient test set, the puncture point derived from
the predicted vein fell inside the Venography-informed puncture region
in 93.3% of patients, including all 17 patients in which the blind land-
mark puncture could have missed it, and reduced the mean distance to
3.79 mm, against 6.88 mm for a population atlas prior and 9.44 mm
for the blind landmark. These retrospective results suggest that non-
contrast X-ray images contain puncture-relevant, patient-specific infor-
mation to approximate Venography-informed puncture guidance and mo-
tivate contrast-free guidance as a direction for prospective investigation.

Keywords: Puncture-site localization · Contrast-free guidance · CIED
implantation · Image-guided intervention.

1 Introduction

Cardiac Rhythm Disorders (CRDs), or arrhythmias, are disturbances in the
heart’s electrical activity that constitute a major global health burden, sig-
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nificantly compromising cardiac output and quality of life [1, 2]. When phar-
macological therapy alone is insufficient, patients rely on Cardiac Implantable
Electronic Devices (CIEDs) such as pacemakers and implantable cardioverter-
defibrillators [3]. Millions of CIEDs are implanted every year, and one of the
most critical steps of the procedure is obtaining reliable venous access. Follow-
ing the 2021 ESC guidelines on cardiac pacing [4], clinicians can reach the heart
through three main routes, and the axillary vein is often the preferred target
due to a higher reported success rate (97.6%) than the cephalic vein (78.2%) [5]
and the close proximity of the subclavian vein to the lung and pleura [6].

Access is established with the modern Seldinger technique [7]. However, both
the standard [8] and the modern variant are performed blindly: the needle is in-
troduced using surface landmarks, typically just inferior to the clavicle at the
junction of its medial and middle thirds, without direct imaging. The complica-
tions of an imprecise blind puncture include, but are not limited to, pneumoth-
orax, inadvertent arterial puncture, and brachial plexus injury [9–11]. These
risks are amplified by the high anatomical variability between patients, making
reliance on static landmarks far from ideal.

To mitigate these dangers, clinicians rely on Venography, an invasive X-ray
imaging procedure that injects an iodinated contrast dye to visualize the vein.
The optimal puncture site lies under the clavicle and within the medial bor-
der of the first rib. Despite its value, Venography is nephrotoxic, can provoke
severe allergic reactions, is time-consuming, and requires an additional intra-
venous line, so patients with renal insufficiency or contrast allergy are often
excluded [12]. When it cannot be used, clinicians revert to external landmarks
and the risks of blind puncture return. Machine learning has been applied ex-
tensively to medical image segmentation [13] with the U-Net [14] reconstructing
anatomies reliably across modalities. Generative models have also been used to
synthesize contrast-enhanced angiography from non-contrast inputs in order to
avoid Iodinated dye [15, 16]. However, no prior work has addressed the localiza-
tion of the axillary vein from a non-contrast X-ray for puncture guidance, which
is the specific gap this study targets.

In this study, we developed a deep-learning workflow to estimate the optimal
puncture region from non-contrast X-ray imaging alone. A segmentation model
localizes the axillary vein from the non-contrast X-ray, and overlaying this pre-
diction onto the non-contrast image lets a clinician select a candidate puncture
region for CIED implantation. We evaluate the predicted puncture region against
the Venography-informed reference on a held-out test set and compare it with the
blind landmark puncture region and a population atlas built from non-contrast
anatomy alone, isolating the patient-specific information the model recovers be-
yond average anatomy. Our retrospective evaluation indicates that the puncture
region derived from our segmentation tool predictions recovers patient-specific
puncture information beyond the atlas, agreeing with the Venography-informed
puncture region in cases where blind puncture could miss.
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Fig. 1. Overview of the proposed workflow. A non-contrast X-ray image is passed
through the segmentation tool (U-Net) to identify the axillary vein; overlaying
the prediction on the plain image lets a clinician select a candidate puncture
region. The yellow box is the puncture region from the plain X-ray; the magenta
box is the puncture region from the prediction overlay.

2 Methods

Our workflow for puncture-site guidance from non-contrast X-ray follows three
phases: data preparation, segmentation, and clinical evaluation. We assemble
a dataset of 95 patients with paired non-contrast and contrast sequences and
clinician-validated puncture regions. Each sequence is registered to remove mo-
tion artifacts, and by temporal aggregation we produce a single non-contrast
X-ray input image and an axillary vein mask. A U-Net segmentation tool is then
trained on the non-contrast images using these masks as targets. Finally, we de-
rive a clinically validated candidate puncture region from the predicted vein and
evaluate its agreement with the Venography-informed reference, against both
the blind puncture region and the population atlas. Fig. 1 illustrates the seg-
mentation and puncture-region selection steps.

2.1 Venography Dataset

For this study, we assembled a dataset of 95 patient cases scheduled for CIED
implantation at two hospitals (Teknon Medical Centre, Barcelona, Spain, and
IRCCS Humanitas Research Hospital, Milan, Italy). The study followed the
required ethical procedures and all patients signed informed consent. We froze
30 patients (≈31%) as a held-out test set and used the remaining 65 for training
and validation. Each case comprises two X-ray temporal sequences of images,
with contrast (Venography) and without. Sequences have a different number of
frames across patients and between the contrast and non-contrast acquisitions,
ranging from 20 to 100 frames per sequence. In addition, for each case, there are
two rectangular boxes validated by the clinician that mark plausible puncture
regions. The first box is based only on the first rib and the clavicle, where
puncture could be possible while avoiding complications. The latter is drawn
according to a Venography-informed decision, in the same area but restricted to
where the axillary vein is actually present, effectively making it smaller and more
specific. We refer to the former as the Blind Region of Puncture (Blind-ROP)
and to the latter as the Venography Region of Puncture (Venography-ROP). As
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each ROP represents a region of plausible puncture locations, we take the center
of the box as a candidate safe puncture point.

2.2 X-ray Image Sequence Preprocessing

Each sequence consists of continuous frames from a single X-ray recording. The
contrast sequence was recorded while the dye flowed through the patient’s ax-
illary vein, so that different parts of the vein become visible as the sequence
progresses. To annotate the vein and to compress each sequence into a single
composite image, we must correct two motion artifacts: localized intra-sequence
respiratory motion and inter-sequence positional shift. We minimize both with
rigid Euclidean transformations optimized by Enhanced Correlation Coefficient
(ECC) maximization to a tolerance of ϵ = 10−6 [17]: intra-sequence frames are
first registered to a five-frame mean baseline to reduce motion artifacts, after
which a single global warp between the temporal medians of the two registered
stacks is applied to every non-contrast frame. This achieves sub-pixel transla-
tion, ECC > 0.98, and a Structural Similarity Index [18] of 0.90 ± 0.05 at the
inter-sequence stage.

Let {I(t)non-contrast}Nt=1 and {I(t)contrast}Mt=1 denote the registered non-contrast
and contrast sequences. The input of the segmentation tool is CLAHE-enhanced [19]
temporal mean of the non-contrast sequence, Īnon-contrast = meant(I

(t)
non-contrast).

To localize the vein we compute the maximum absolute frame-to-frame temporal
derivative of each sequence:
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(1)

Then, we subtract the non-contrast map from the contrast map to minimize the
motion shared by both, producing an enhancement map as follows:

E = max(0, Dcontrast −Dnon-contrast) , (2)

which highlights the contrast-enhanced vascular region. E was binarized via hys-
teresis thresholding, with low and high bounds set to the mean of E plus 0.5 and
0.6 standard deviations respectively, followed by morphological opening/closing.
Keeping the largest connected component yielded a binary axillary-vein mask
we used as ground truth for the segmentation. Residual noise was manually cor-
rected by us and all masks were verified under the supervision of the clinician.
The pipeline is illustrated in Fig. 2.

2.3 Axillary Vein Segmentation

Given the small size of our training set (65 patients), we use a plain U-Net with
a ResNet-34 [20] encoder pretrained on ImageNet [21], which exploits transfer
learning [22]. The mean vein occupies only 5.84% (±1.31) of the image, giving a
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Fig. 2. Illustration of the preprocessing workflow: intra and inter sequence reg-
istration, enhancement map generation and the final input and output of the
segmentation tool.

heavy class imbalance, which we handle at the loss level with an equally weighted
Dice [23] and Binary Cross-Entropy (BCE) loss, L = 0.5LDice+0.5LBCE. We ap-
ply only a ±5% intensity jitter and deliberately omit spatial augmentation, since
the patients are consistently positioned during acquisition and the vein masks
therefore occupy similar, predictable locations that the network can exploit. The
network is optimized with AdamW [24] under a cosine-annealing schedule and
trained with 5-fold cross-validation, retaining the best-validation-Dice check-
point per fold. All test-set predictions are produced by the ensemble of the five
retained checkpoints. Their probability maps are averaged and the mean map is
binarized at 0.5.

2.4 Evaluation Experiments

Atlas baseline. As a non-learned reference we built a probabilistic vein atlas [25]
from the 65 training patients. Each patient is mapped into a canonical 512×384
frame by a similarity transform that aligns the two manually annotated by us
clavicle landmarks (medial and lateral) onto fixed positions. The clavicle is used
because it both bounds the puncture region and is clearly visible on every plain
X-ray. The per-pixel vein frequency peaks at P = 0.877 under the clavicle and
decays outward, which confirms the conserved anatomy near the puncture site.
A binary atlas overlay is produced by thresholding the atlas at P = 0.3 and
mapping it back into each test patient’s image space using only that patient’s
clavicle landmarks, i.e., using non-contrast information alone. The atlas thus
reflects the upper bound achievable from a fixed, population-averaged anatomical
prior, isolating the contribution of the learned model beyond average anatomical
structure.

Puncture-site agreement. Four boxes are defined per patient under one identi-
cal annotation protocol, differing only in their information source: Blind-ROP,
Venography-ROP, the Predicted Region of Puncture (Predicted-ROP), and the
Atlas Region of Puncture (Atlas-ROP). Predicted-ROP and Atlas-ROP are
drawn following the same framework as Venography-ROP, but instead of real
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(a) (b)

Fig. 3. Puncture-site localization metrics. (a) Patient coverage by IoU threshold
across methods: a higher curve means more patients reach that overlap level. (b)
2D spatial centroid error, with solid dots showing the mean X/Y shift and dashed
ellipses one standard deviation of the covariance relative to the true puncture
site.

contrast they use the prediction of the model or the atlas overlaid on the plain
X-ray. Agreement of a candidate box B with the reference V (Venography-ROP)
is their IoU. To express how much of the contrast-informed benefit a candidate
recovers relative to the blind baseline, we define

Recovery =
IoU(B, V )− IoU(Blind, V )

1− IoU(Blind, V )
, (3)

where 0 matches the blind guess and 1 reproduces the Venography-informed box
exactly. We also report centroid containment, whether the candidate’s center lies
inside V , and the clinically interpretable physical centroid error, the centroid-
to-centroid distance in millimeters obtained from each patient’s DICOM pixel
spacing. All metrics are computed on the held-out test set (n = 30), which played
no role in training, atlas construction, or model selection.

3 Results

3.1 Puncture-Site Localization

Anatomical agreement. As reported in Table 1, the Predicted-ROP center fell
inside the Venography-ROP in 28 of 30 patients (93.3%), against 13 of 30 (43.3%)
for Blind-ROP and 19 of 30 (63.3%) for the atlas. More importantly, among the
17 patients in which the blind center fell outside the Venography region, the
predicted center fell inside in all 17. The predicted puncture point was correct in
the cases where landmark selection could have missed the Venography-informed
region.
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Table 1. Puncture-region box agreement with the Venography-ROP on the 30
test patients. Best value per row in bold.

Metric Blind-ROP Atlas-ROP Predicted-ROP

IoU with Venography-ROP 0.23 0.34 0.52
Recovery — 0.14 0.35
Centroid inside Venography-ROP 43.3% 63.3% 93.3%
Centroid error (mm) 9.44 6.88 3.79

Physical distance. The predicted center lies on average 3.79± 2.37mm from the
Venography-informed center, against 6.88 ± 4.25mm for the atlas and 9.44 ±
4.53mm for the blind landmark (Fig. 3b). The reduction in spread is as notable
as the reduction in mean: the predicted error ellipse is tightly clustered around
the reference, whereas the blind error is both larger and far more variable, partic-
ularly along the vertical axis. In 25 of 30 patients the distance to the reference
decreased, by 7.4mm on average. In the remaining 5, where Blind-ROP was
closer, it increased by only 3.2mm.

Overlap and recovery. The Predicted-ROP reaches a mean IoU of 0.52 with the
Venography-ROP, more than double the blind baseline (0.23) and well above
the atlas (0.34), and it recovers 0.35 of the blind-to-Venography gap on average,
more than twice the atlas (0.14). In addition, paired comparison of per-patient
ROP IoU confirms the advantage is not driven by average anatomy: the model
exceeds the atlas in 23 of 30 patients (77%), a statistically significant difference
(paired t-test, t = 3.50, p = 0.0015). The coverage curves in Fig. 3a show that the
predicted box lies above both baselines at every IoU threshold, so the advantage
is consistent across the test set rather than carried by a few patients.

3.2 Segmentation Quality

As the puncture-site guidance is derived directly from the predicted segmen-
tation, its accuracy conditions the reliability of the guidance. We measure re-
construction quality by the Dice overlap between the predicted and actual vein
masks restricted only to the area above the first rib and an Electrophysiology
(EP) region around the overlap of the first rib and the clavicle, namely, around
the puncture region. For both regions, the predictions reach a Dice of 0.79. The
distal part of the axillary vein is not clinically relevant to CIED implantation.
The cases in Fig. 4 show that even if the distal part is not correctly identified,
the predictions and the ground truth converge where it is clinically relevant.
We further observed that the validation and test Dice scores differed by at most
0.07 in both regions, showing similar performance to unseen patients rather than
overfitting on a dataset of this size.
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Fig. 4. Representative cases. From left to right: input image, axillary vein mask,
non-contrast X-ray image with prediction overlay and vein mask outline, pixel-
wise comparison of prediction and vein mask. The orange box is the blind EP-
relevant region, the magenta box is the Predicted-ROP, and the orange-filled
region is the first rib.

4 Discussion and Conclusion

In this study, our results indicate that a non-contrast X-ray imaging sequence
contains puncture-relevant patient-specific information to guide the clinician to-
wards the Venography-informed puncture site. On the clinical evaluation metrics,
the predicted vein yields accurate guidance: the point derived from it fell inside
the Venography-informed region in 93% of the tested patients against 43% for
the blind landmark, at less than half the mean distance and with a tighter, more
predictable spread. The most important cases are the ones the blind puncture
could have missed. In all 17 patients whose blind landmark puncture site fell
outside the Venography-informed region, the predicted site landed inside it, pro-
viding guidance precisely where blind puncture was most likely to fail. Notably,
this guidance does not require complete vein reconstruction. Recovering a thin
vessel in full is intrinsically difficult, but distal error does not affect the selected
point, so a partial segmentation suffices. The atlas baseline lets us attribute this
improvement to patient-specific image features rather than to anatomy alone.
Built from non-contrast landmarks only, the atlas acts as a more informed blind
puncture, and the conserved position of the vein makes it a strong prior rather
than a weak baseline. Yet, the prediction outperformed the atlas in per-patient
overlap and also showed lower mean physical error (3.79 vs 6.88 mm), recovering
patient-specific variation that a fixed population prior cannot capture.



Puncture Guidance from Non-Contrast X-Ray 9

A few boundaries frame what this study can claim. Firstly, the evaluation is
retrospective. We compare puncture-site annotations on already-collected images
rather than guiding a live puncture, so the results are bound to our 30-patient
test set. Venography-informed boxes, although verified by more than two clini-
cians, may vary between experts. The whole-image Dice plateau near 0.60 indi-
cates that the current model and dataset cannot fully reconstruct the distal vein.
Finally, the results come from a single trained segmentation network, and even
though the X-ray imaging sequences originate from different capturing set-ups,
extended adaptability still needs to be confirmed, especially in prospective set-
ting. However, these same boundaries point to a clear path forward. The most
immediate is scale: a larger dataset would tighten the localization estimates.
Given the paired sequences already in hand, a second direction is to synthesize
contrast frames from non-contrast inputs with generative models, which would
open the same evaluation to far larger cohorts needing only plain X-rays.

In summary, in a retrospective evaluation, a non-contrast X-ray-based predicted-
vein workflow produced puncture-site guidance closer to the Venography-informed
reference region than blind landmark-based localization, and closer than a pop-
ulation anatomical prior placed from the same non-contrast information. This
supports the feasibility of recovering puncture-relevant information from non-
contrast X-ray and identifies contrast-free puncture-site guidance as a direction
to be confirmed prospectively.

Disclosure of Interests. The authors have no competing interests to declare that
are relevant to the content of this article.
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