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Abstract. Chest, abdomen, and pelvis (CAP) CT scans are central to cancer man-
agement, enabling disease progression assessment through the Response Evalu-
ation Criteria in Solid Tumors (RECIST), a labor-intensive process manually per-
formed by radiologists. Al-based tools have emerged to reduce this burden, yet
most existing methods target a single organ and provide single-timepoint analy-
sis, which is a major limitation in oncology where whole-body CT examination
at multiple timepoints is required. In this study, we present a unified deep learn-
ing framework for CAP CT scans designed to detect, segment, and track lesions
across all visible organs in a longitudinal manner. Our framework, trained on
over 221,000 manually annotated lesions, achieved a sensitivity of 81.3% on tar-
get lesions as defined by RECIST, evaluated on the public Longitudinal-CT da-
tabase. Regarding tracking performance, we achieved a matching accuracy of
88.7%, demonstrating the framework’s capacity to correctly match lesions de-
tected between baseline and follow-up exams. Altogether, these results indicate
that automated RECIST assessment is within reach. More broadly, our pipeline,
capable of detecting and tracking lesions across CAP CT scans, paves the way
toward novel response biomarkers, such as total lesion burden quantification.

Keywords: Longitudinal lesion tracking, Universal lesion detection, Oncology
CT imaging

1 Introduction

A chest, abdomen and/or pelvis (CAP) CT scan is a pivotal examination in an oncolog-
ical context [1]. Patients diagnosed with cancer will undergo multiple CT scans during
their treatment planning from staging and response assessment to follow-up and prog-
nostication [2].

For over 25 years, Response Evaluation Criteria in Solid Tumor (RECIST) served
as the standard framework for solid tumor measurements [3,4]. RECIST criteria focus
on the selection of up to five representative target lesions, whose diameters are meas-
ured unidimensionally and summed to quantify tumor burden. In clinical practice,
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RECIST is used to assess individual patient response and inform treatment deci-
sions. Interpreting CT scans represents an important workload for radiologists that are
already under pressure due to the growing volume of imaging studies to analyze (5,6,
7]. In the context of oncological imaging, assessing RECIST is time consuming, as
radiologists need to manually select target lesions and measure them [3]. The longitu-
dinal comparison is labor-intensive, as it involves tracking lesions from previous stud-
ies and detecting new ones in order to assess the overall response.

Artificial Intelligence (Al) has the potential to reduce the growing workload in radi-
ology departments by assisting radiologists with image interpretation [8,9]. In recent
years, numerous computer-aided-diagnosis systems for radiology have been approved
by regulatory authorities and multiple studies have shown that dual reading approaches
involving a radiologist and an Al system can reduce diagnostic errors and shorten the
interpretation times [10,11,12]. Nevertheless, most of these Al systems focus on a sin-
gle organ and provide only a single timepoint analysis, such as lung nodule detection
[13], liver lesions detection [14], pancreas lesions detection [15], or lymph node detec-
tion [16]. This is a major limitation in oncology imaging where treatment response is
assessed by examining whole-body CT scans at multiple time points. Recently, a new
public database called Longitudinal-CT, containing 600 whole-body CT studies of pa-
tients with metastatic malignant melanoma, was released by [17]. Tumor lesions were
manually annotated at two timepoints, enabling the development and evaluation of Al
tools for lesion detection, segmentation, and longitudinal tracking in an oncological
context.

To our knowledge, no framework currently exists that can detect lesions across all
organs and track them over time in an oncological context. In this study, we therefore
propose a deep learning framework for CAP CT scans designed to assist radiologists in
managing cancer patients. Our objectives are to detect, segment, and track lesions on
all visible organs of CAP CT scans at different time points. Our key contributions are
the following: (1) a unified detection and segmentation pipeline combining nnDetection
[18] and nnU-Net [19], coupled with a longitudinal tracking module for lesion progres-
sion assessment, trained on over 200,000 manually annotated lesions; (2) a comprehen-
sive evaluation of multi-organ lesion detection and longitudinal tracking on the public
Longitudinal-CT database [17], covering a wide range of lesion types and anatomical
locations.

2 Material
2.1  Training Dataset

We built a retrospective multicenter database comprising 10,887 cancer patients and
12,554 CT scans, with a mean patient age of 61.6 = 19.4 years (4,659 male, 3,972 fe-
male, 2,256 with missing demographic information). Images were acquired on 95 dif-
ferent scanner models from four manufacturers, GE Healthcare (63%), Philips (15%),
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Siemens Healthineers (14%), and Toshiba (6%), ensuring broad scanner diversity. The
dataset covers a wide range of acquisition protocols: body part coverage was predomi-
nantly abdomen-pelvis (50%), followed by thorax (22%) and thorax-abdomen-pelvis
(15%); contrast phase was mostly portal-venous (54%), with unenhanced (16%), arte-
rial (10%), and delayed (4%) phases also represented; and reconstruction kernel was
smooth in the majority of cases (73%), followed by intermediate (13%) and sharp
(13%).

All CT scans were reviewed and annotated by a pool of trained radiologists using an
internally developed 3D Slicer module, enabling slice-by-slice 3D segmentation of all
visible lesions, both benign and malignant, with access to the original radiology reports.
In total, 221,346 lesions were manually annotated, with a median of 14 lesions per study
(range: 1-310) and a mean volume of 5.5 + 68.4 mL. Lesions span 13 anatomical re-
gions, with lymph nodes (27%), lung (20%), liver (18%), bone (17%), and kidney
(11%) being the most prevalent.

2.2 Testing Dataset

We evaluate our method on Longitudinal-CT [17], a publicly available dataset of
whole-body CT scans from 300 melanoma patients, each comprising a baseline and a
follow-up acquisition performed on Siemens scanners with portal-venous phase and
smooth kernel reconstruction. In total, 7,182 tumor lesions were manually annotated by
experts, with associated anatomical location, volume, and longitudinal correspondence
information, making it well-suited for joint evaluation of lesion detection and tracking.
Annotation was exhaustive, with every lesion judged malignant by expert readers seg-
mented on all CT volumes regardless of size. Unlike our own protocol, benign lesions
were not segmented in Longitudinal-CT.

3 Methods

3.1  Overall Pipeline

Our framework for universal lesion detection, segmentation, and longitudinal tracking
in CAP CT oncology imaging is illustrated in Figure 1. The pipeline consists of two
modules: (1) a lesion detection and segmentation module operating across multiple or-
gans; and (2) a longitudinal tracking module that establishes lesion correspondences
across multiple timepoints when serial acquisitions are available. Each module is de-
scribed in detail in the following sections.

Detection and Segmentation module at the lesion level. The detection and seg-
mentation module performs detection and segmentation of lesions located in the thorax,
abdomen, and pelvis. Detection is performed with nnDetection [18], a deep learning
framework specifically designed for medical object detection, while segmentation is
performed with nnU-Net, which is also specifically designed for medical images and
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automatically adapts its architecture, preprocessing, training and postprocessing pipe-
lines to a given dataset [19]. The outputs of both models are combined using the en-
sembling method of [20] to reduce false positives: nnU-Net’s voxel-based predictions
and nnDetection’s box-based predictions are fused into a final detection map in which
each lesion is represented as a connected component associated with a single probabil-
ity value. This fusion involves two steps: (i) spatial matching between lesions seg-
mented by nnUnet and those detected by the nnDetection, and (ii) each matched lesion
is assigned the detection probability score from nnDetection.

Overall Pipeline
Lesion Detection and Segmentation Module

Longitudinal Tracking Module

OUTPUT

Fig. 1. Multi-organ framework for universal lesion detection, segmentation, and longitudi-
nal tracking in CAP CT scans. Longitudinal processing pipeline, in which baseline and follow-
up CT scans are independently processed through the same lesion-level detection and segmenta-
tion module, and their respective outputs are subsequently fed into a longitudinal tracking module
to establish lesion-to-lesion correspondences across timepoints.

Longitudinal tracking module. This module is responsible for pairing lesions
across multiple studies in the context of longitudinal processing. The 3D position of
each lesion from the previous study is reconstructed in the current study coordinate
space to best reproduce its relative position with respect to neighboring organs, as seg-
mented by TotalSegmentator. For every reference organ, its centroid, boundaries and
volume are stored. Each lesion is then encoded by storing its distances to the centroids
and boundaries of the reference organs, together with an anatomical label. To estimate
the location of a lesion from the previous study in the current study, the reconstruction
is performed in two stages. First, the displacement vectors of the reference organ cen-
troids between the two studies are used to interpolate a continuous displacement field
using a 3D ordinary Kriging interpolation. This resulting field is then applied to the
location of the previous lesion to estimate its approximate position in the current study.
Second, this position is refined by a local grid search that identifies the location that
best preserves the lesion's original anatomical relationships with the surrounding or-
gans. A distance matrix is then computed between the estimated current positions of
lesions from the previous study and the actual lesion centroids detected in the current
study. Candidate pairs with excessive spatial distance or incompatible anatomical loca-
tions are discarded. The remaining lesions are matched by solving a linear assignment
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problem that minimizes the total matching distance while allowing lesions to remain
unmatched, accounting for newly apearing or disappearing lesions..

3.2 Experiments

Training of the detection and segmentation module at the lesion level. Both nnU-
Net and nnDetection were trained on our training dataset described in Section 2.1 com-
prising 12,554 CAP CT scans with 221,346 manually annotated lesions, split into
12,157 training images and 397 validation images. For the segmentation and detection
tasks, both models were trained using an anisotropic resampling strategy that fixes the
in-plane resolution while adapting the z-spacing. The segmentation model (nnU-Net
ResEnc, ~850M parameters) used a patch size of [96, 128, 128], a learning rate of le-
3, and a batch size of 2 over 80,000 epochs. The detection model (nnDetection, ~70M
parameters) used a patch size of [64, 96, 96], a learning rate of 5e-3, and a batch size
of 16 over 2000 epochs.

33 Evaluation

Detection Metrics. Lesion detection performance was evaluated using Free-Response
Receiver Operating Characteristic (FROC) analysis, first globally and then stratified by
anatomical region (adrenal gland, bone, kidney, liver, lung, lymph node, other abdo-
men, other thorax, skin, and unknown), RECIST category (target, measurable, and non-
measurable lesions, with measurable lesions defined per RECIST as >10 mm in longest
axis or >15 mm in short axis for lymph nodes), lesion size (defined by longest-axis
diameter as tiny, <5 mm; small, 5-10 mm; medium, 10-30 mm; and large, >30 mm),
and timepoint (baseline or follow-up). FROC curves were complemented by the oper-
ating point at a detection threshold of 0.5, reporting the corresponding sensitivity and
false-positive rate per scan. False-positive rates were reported only for stratifications
allowing assignment of predicted lesions to the corresponding subgroup. This was di-
rectly available for lesion size and measurable status, whereas anatomical region as-
signment relied on TotalSegmentator predictions [21] and was therefore limited to the
classes supported by the model. False-positive rates could not be reported for target and
non-target categories because these labels were available only for ground-truth lesions.

Segmentation Metrics. Segmentation performance was evaluated using the lesion-
level Dice Similarity Coefficient (DSC) between each ground-truth lesion and its
matched prediction. Two metrics were reported: (i) overall DSC, assigning a DSC of 0
to missed lesions (false negatives) to account for detection failures, and (ii) matched-
lesion DSC, computed only for successfully detected lesions to assess segmentation
quality independently of detection performance. Both metrics were aggregated at the
study level and summarized as mean + standard deviation. Stratified analyses were per-
formed according to anatomical region (lung, lymph node, liver, skin, bone), lesion size
(tiny, small, medium, large), RECIST category (target, measurable, non-measurable),
and study cohort.
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Tracking Metrics. Longitudinal lesion association was further assessed using
matching accuracy, defined as the proportion of baseline lesion pairs (ground truth—
prediction) successfully matched to the corresponding lesion at follow-up. A lesion was
considered successfully associated if its ground-truth identity was preserved at follow-
up through either a one-to-one correspondence or a merge/split relationship, as speci-
fied by the dataset annotations.

4 Results

On the Longitudinal-CT database, our framework achieved a mean lesion detection
sensitivity per study of 61.3%, with a mean overall DSC of 48.5 + 23.7 and a matched-
lesion DSC of 74.0 + 12.4. The model produced on average 24.1 + 13.2 false positives
per study (median 22.0, IQR: 16.0-29.0) and 4.57 + 7.5 false negatives per study (me-
dian 2.0, IQR: 0.0-5.8). Results stratified by anatomical region, lesion size, RECIST
category and timepoint are detailed in Table 1.

Table. 1. Detection and segmentation performance stratified by anatomical region, lesion
size, RECIST category and timepoint. Detection performance is reported as sensitivity (%) at
the FROC operating point of maximum number of false positives, along with the corresponding
number of false positives per volume (FP/volume). Segmentation performance is reported as
overall DSC (assigning a score of 0 to missed lesions) and matched-lesion DSC (computed only
on correctly detected lesions), expressed as mean =+ standard deviation.

Detection Segmentation

Sensitivity FPivolume ~ Overall DSC ~ Matched-

lesion DSC
(max) (max) (mean + std) (mean + std)

Global 61.3 24.1 48.5+23.7 740+ 12.4

Lung 70.1 7.80 543 +37.2 77.5+13.2

Anatomical Lymph Node 60.9 - 38.9+38.5 63.8+29.0
Region Liver 83.4 8.97 55.6+£30.8 66.7£19.8
Skin 354 - 27.1+£38.9 76.4+224

Bone 50.2 48.4 31.3+36.2 62.3+25.8

Large 85.5 1.6 59.1+35.3 69.2+27.7

Lesion Size Medium 72.6 10.4 51.0+37.6 70.3+£24.3
Small 58.5 13.0 43.0 +38.6 73.5+17.4

Tiny 34.9 11.7 254+359 72.6+15.8

Target 81.3 - 63.3+34.1 779 +17.1

RECIST Measurable 71.7 13.9 48.0+37.7 67.0+26.6
Monsurabl 48.5 21.6 35.4+38.4 729+ 174

easurable
Baseline 60.4 22.0 43.1 +389 71.4+22.1

Timepoint Follow-up 62.5 26.2 44.7+£38.7 71.5+21.7
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Detection Performance. Sensitivity was highest for liver lesions (83.4%), followed
by lung lesions (70.1%) and lymph nodes (60.9%), while bone (50.2%) and skin
(35.4%) lesions remained challenging. Sensitivity decreased substantially with lesion
size, ranging from 85.5% for large lesions to 34.9% for tiny lesions, with medium and
small lesions achieving sensitivities of 72.6% and 58.5%, respectively. For RECIST
categories, sensitivity reached 81.3% for target lesions, 71.7% for measurable lesions,
and 48.5% for non-measurable lesions. Sensitivity was comparable at baseline (60.4%)
and follow-up (62.5%). The mean number of false positives per scan remained substan-
tial (24.1), largely driven by bone lesions (FP/volume max: 48.4). The corresponding
FROC curves illustrating lesion-level detection performance across anatomical regions
and lesion size categories are presented in Fig. 2.
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Fig. 2. FROC curves illustrating lesion-level detection sensitivity as a function of the aver-

age number of false positives per scan, stratified by anatomical region (left) and lesion size

(right).

Segmentation Performance. Stratified analyses showed that overall DSC varied
substantially according to lesion characteristics. Performance was highest for liver and
lung lesions (55.6% and 54.3%, respectively), large lesions (59.1%), and target lesions
(63.3%), whereas lower overall DSC were observed for skin (27.1%), bone (31.3%),
lymph node (38.9%), tiny lesions (25.4%), and non-measurable lesions (35.4%). In
contrast, matched-lesion DSC remained consistently high across all subgroups, ranging
from 62.3% to 77.9%, with the highest values observed for target (77.9%), lung
(77.5%), and skin lesions (76.4%), and the lowest for lymph node (63.8%) and bone
lesions (62.3%). Segmentation performance was similar between the two timepoints
for both matched-lesion DSC (71.4% vs. 71.5%) and overall DSC (43.1% vs. 44.7%).
Representative examples of true-positive and false-positive detections are shown in Fig.
3.
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Fig. 3. Example outputs generated by our multi-organ framework for universal lesion de-
tection and segmentation in CAP CT scans. The first row shows to true positive lesions in the
lung, liver, skin and bone (left to right). The second row highlights examples of false positive
detections.

Tracking Performance. Our pipeline achieved a matching accuracy of 88.7%
(839/946): among the 946 ground-truth lesion pairs correctly detected at both baseline
and follow-up, 839 were correctly matched.

5 Discussion and Conclusion

We presented a unified framework for lesion detection, segmentation, and tracking in
whole-body CT scans, evaluated on the Longitudinal-CT public database. Our results
demonstrate promising performance for automated lesion detection and tracking, pav-
ing the way toward Al-assisted RECIST assessment and broader oncological response
evaluation. Nevertheless, our method exhibits limitations in challenging anatomical re-
gions, particularly for bone and skin lesions, as well as for small lesions (5-10 mm),
which remain difficult to detect reliably. We also observe substantial number of false
positive detections per scan (>20). This range is consistent with results reported by [17]
on Longitudinal-CT (27.8 + 18.7 false positives per study) confirming that limiting
false positive detection remains an open challenge. Part of this false positive may stem
from a discrepancy between the training and evaluation definitions of a lesion: our pipe-
line was trained to detect all visible lesions, including benign findings such as cysts,
ground-glass opacities and non-pathological lymph node, whereas the Longitudinal-CT
ground truth only contains malignant lesions. This may require additional filtering steps
to classify lesions malignancy and represents an important direction for future work.

Beyond RECIST automation, we believe this work opens a broader perspective for
oncology response assessment. Current clinical practice restricts RECIST evaluation to
a maximum of five target lesions, which poorly captures the spatial and biological het-
erogeneity of metastatic disease. A fully automated system capable of tracking the en-
tire detectable tumor burden across timepoints would enable more comprehensive tu-
mor response assessments.
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