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Abstract

Data economics drives Al by optimizing data usage, reduc-
ing costs, and enhancing efficiency. In 3D tumor segmenta-
tion, efficiency is crucial due to the high demand for labor-
intensive manual annotations. Box-supervised segmentation
offers a promising alternative but is constrained by tumor
morphology complexity and boundary ambiguity. In this pa-
per, we propose a novel 3D tumor segmentation model that
integrates both positional and embedding features to facil-
itate inter-task collaboration. We introduce an Anatomical-
Driven Class Activation Map to predefine the complex tumor
morphology prior, which is further refined by our Geometric
Pixel Co-embedding Learner. This learner utilizes contrastive
learning to encode semantic information between center and
edge pixels, enhancing pixel clustering and progressively re-
fining tumor boundary segmentation in a coarse-to-fine man-
ner. Our approach outperforms existing box-supervised meth-
ods in segmentation performance, with extensive experiments
on four tumor datasets demonstrating significant improve-
ments. This work provides a cost-effective and efficient so-
Iution for tumor segmentation, advancing the application of
data economics in medical imaging.

Introduction

A large volume of precise data is essential for effectively
training deep neural networks (DNNs). However, achieving
data economic efficiency by reducing annotation costs of-
fers even greater scientific and technological value in DNN
applications. Tumor segmentation in 3D medical images is
more time-consuming and labor-intensive than computer vi-
sion tasks on natural images, as the precise annotations re-
quired for tumor segmentation are more challenging. Due
to the advent of label-efficient learning (Jin et al. 2023; Yi
et al. 2025), a common approach in natural image research
to reducing the reliance on pixel-level annotations is box-
supervised segmentation. Bounding boxes provide the most
supervision signals compared to other weak labels because
they offer approximate information about the shape and size
of the object. Many methods employ bounding boxes for
coarse supervision and optimize the segmentation results
(Lu, Deng, and Zhang 2024; Tian et al. 2021; Li et al. 2024;
Kulharia et al. 2020).
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Natural Imaging

Figure 1: Tumors vary greatly in size and shape with vague
boundaries, unlike natural objects with regular shapes and
clear edges.

However, as shown in Fig. 1, methods that perform well
on natural images may not apply directly to medical images
due to several factors: 1) organs and tumors vary signifi-
cantly in size and shape; 2) identifying low-contrast tissues
and nonhomogeneous textures in medical images is chal-
lenging, as they only contain grayscale information, unlike
natural images, which include color for additional cues. As
indicated in Fig. 2, existing methods (Du et al. 2023; Zhao
et al. 2024; Zhong et al. 2024; Shao et al. 2025; Li et al.
2022; Wang and Xia 2021; Cheng et al. 2023) can be clas-
sified into three types of pipelines: The first type (Fig. 2 (a))
assigns pseudo-labels for mask supervision; however, these
pseudo-labels may be coarse and unreliable, leading to sig-
nificant performance degradation (Wu et al. 2023). The sec-
ond type (Fig. 2 (b)) relies on pixel pairwise learning, which
is simple and effective but not suitable for grayscale medi-
cal images(Du et al. 2023). The third type (Fig. 2 (c)) uti-
lizes organ templates as explicit priors, combined with pixel
embeddings, to achieve good results. In contrast to organ
segmentation that relies on consistent anatomical structures,
tumor segmentation faces greater challenges due to small le-
sion sizes and highly variable morphological characteristics.
Additionally, existing methods fail to capture inter-task cor-
relations, resulting in isolated branches during the learning
process.

In this paper, we reconsider the class activation map
(CAM) method, a popular technique in weakly supervised
research (Zhou et al. 2016; Chen et al. 2022). Under box
constraints, we introduce an Anatomical-Driven CAM (AD-
CAM) to provide an anatomical prior for characterizing and
localizing tumor structures. Furthermore, the grayscale in-
formation motivates us to experiment with contrastive learn-



(a) Pseudo Label

v Sample Increasing

S

i i 1r
\_Input _____ BackBone_ _ Pscudo Label __/* Label Quality

D N N e e e N

(b) Loss Optimization
v'Simple but Effective

_—
=_—

BackBone Pixel Pairwiée Loss

x Insufficient Info

d )
|
|

Template Prior (¢) Organ Template
v' Pixel Learning
T % No Relationship
O Do Not for Tumor

\
1
1
1
1
1
7

Anatomic Prior '(d) Our Method
/nﬁ ¥ Off-the-shelf Prior

ey @ v Interrelated Learning 1

Geometric v Effective Correlation,

~
\
1
1

Figure 2: The -current box-supervised segmentation
pipelines. The comparison between (a) pseudo-label gen-
eration models, (b) loss-based models, (c) organ template
learning models, and (d) our approach.

ing to encode high-dimensional semantic information for
each pixel, promoting the clustering of pixels from the same
labels. We propose a geometric pixel co-embedding learner
to fix the results from AD-CAM in a coarse-to-fine manner.
As stated in (Zhai et al. 2023; Hu et al. 2024), the center
points of box-shaped masks have the highest probability of
being positive samples, whereas the boundary information
provided by tumor priors is prone to classification errors. In
contrast to previous work (Du et al. 2023; Hu et al. 2021;
Zhai et al. 2023; Hu et al. 2024), we explicitly integrate
the pre-trained contrastive head with the positional infor-
mation provided by tumor priors, focusing solely on train-
ing the similarity between center and boundary points. This
approach not only enhances segmentation performance but
also reduces computational cost. This idea aligns with the
notion that human annotators tend to pay discriminative at-
tention to the center and the boundary regions. We also pro-
pose a novel pretraining strategy for the contrastive head.
It involves supervised contrastive learning using only pos-
itive center samples and pre-determined negative samples
from outside the bounding box. This method similarly re-
duces computational overhead.
Our main contributions are highlighted as follows:

* We propose a 3D tumor segmentation model for box su-
pervision, namely GeoCoBox. It explicitly embeds the
positional information with contrastive features, enabling
intertask collaboration.

* We introduce an Anatomical-Driven Class Activation
Map for predefining the tumor morphology that can pro-
vide an anatomical prior for pixel-wise learning.

* We propose a Geometric Pixel Co-embedding Learner
for refining the tumor boundaries. This method, along
with our proposed contrastive head pretraining strategy,
effectively utilizes the tumor center information, thereby
reducing computational overhead.

* We benchmark our proposed GeoCoBox on four widely
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used public tumor segmentation datasets. The results
demonstrate the effectiveness of our method.

Related Works
Box-supervised Semantic Segmentation

Box-supervised segmentation (Li et al. 2024; Du et al. 2023)
has gained increasing attention in medical image segmenta-
tion due to its simplicity and low annotation cost. It precisely
serves as the fully supervised label for object detection tasks.
Therefore, labels collected for detection can be directly ap-
plied to weakly supervised segmentation tasks. As a weak
label, the bounding box is location-aware and provides a
relatively tight prior, particularly in medical images where
object boundaries are not always clearly defined. In the do-
main of natural images, studies often treat box-supervised
segmentation as a denoising task, where pixels within the
bounding box are considered foreground, and the segmenta-
tion model is trained based on pixel relationships(Hsu et al.
2019; Lan et al. 2021). However, grayscale data in the med-
ical domain often lacks sufficient pixel information in most
medical images. Many studies incorporate additional prior
knowledge to assist with pixel association tasks.

Prior Generation

To reduce annotation costs, box-supervised segmentation
methods typically follow two strategies: pseudo-label gen-
eration and multiple-instance learning (MIL). Early works
such as BoxSup (Dai, He, and Sun 2015) and Box2Seg (Kul-
haria et al. 2020) generate pseudo masks from ground-truth
boxes. More recent MIL-based approaches (Tian et al. 2021;
Cheng et al. 2023; Shao and Fang 2025; Yi et al. 2022) lever-
age box compactness, treating projections along box-aligned
axes as positive or negative samples. However, these meth-
ods struggle in medical imaging due to low contrast and tex-
tural complexity.

In the medical domain, some studies incorporate anatom-
ical priors to guide learning. For example, (Zhou et al. 2019)
introduces size-aware losses, and (Du et al. 2023) combines
organ templates with point cloud embeddings. Others add
regularization based on organ adjacency or boundary con-
ditions (Ganaye, Sdika, and Benoit-Cattin 2018; Liu et al.
2025). Yet, such priors are often inapplicable to tumors with
high variability.

Contrastive Learning

Contrastive learning learns discriminative representations by
pulling similar samples closer and pushing dissimilar ones
apart without extra annotations (Chen et al. 2020; Wang
et al. 2024). In segmentation, it improves intra-class com-
pactness and inter-class separability (Wu, Zhuang, and Chen
2024; Zhao et al. 2021; Zhang et al. 2025; Zhou et al. 2021),
and is particularly useful for grayscale medical images that
lack strong texture cues (Hu et al. 2021; Alonso et al. 2021).
Existing methods often adopt a two-stage pipeline—first
pretraining with unlabeled or weak labels, then refining
with additional supervision—yet they treat branches inde-
pendently and ignore inter-task synergy. In contrast, we per-
form one-stage pretraining by contrasting edge and center
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Figure 3: The GeoCoBox framework uses 3D-UNet as the backbone. It includes two branches: AD-CAM and GCL. The
AD-CAM branch generates coarse masks and provides edge positions. The GCL branch is employed to compute the similarity
between the center embedding and the edge embeddings provided by the pre-trained contrastive head. The red line indicates that
GCL explicitly integrates the positional information provided by AD-CAM and the embedding information from the contrastive

head.

pixels within box-shaped regions. We further refine results
using predictions from the AD-CAM branch, reducing com-
putation and ensuring label continuity without the need for
handcrafted weight matrices.

GeoCoBox

As shown in Fig. 3, our GeoCoBox consists of two key com-
ponents: AD-CAM and Geometric Co-embedding Learner
(GCL). The framework trains in an end-to-end manner. This
paper focuses on the binary classification task of determin-
ing the presence or absence of tumors, and therefore does
not involve discussions on multi-class tumor classification.

Preliminaries

Given an input image X € RP*XHXW (D H, and W in-
dicate the depth, height, and width, respectively), and the
corresponding GT box annotations B € R**6 (corner coor-
dinates of the upper left and bottom right points of b boxes),
the box-filled mask B € {0,1}”*"*™ s created by as-
signing 1 within B and 0 outside 3. The goal of the pro-
posed framework F is to minimize the loss function L;o14;:
ming Liotar (X, B, F), where the L1, is composed of the
loss function of the AD-CAM and the GCL.

Anatomical-Driven CAM

CAM is typically used in weakly supervised segmenta-
tion tasks to generate finer pseudo masks. The standard
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CAM npipeline initiates with training a classification net-
work, where prediction errors for individual training sam-
ples are quantified using binary cross-entropy loss. Upon
model convergence, the patch x is processed through the net-
work to derive its corresponding map:

ReLU (W f(x))
max (ReLU (W f(x)))’
where W means the convolutional layer for classification,
and f(x) represents the feature maps of the input z. In-
spired by (Chen et al. 2022), which is tailored for weakly-
supervised tasks. We employ two fully connected (FC) lay-

ers for anatomic prior. Specifically, we use the first FC layer
to make the prediction, its logits can be denoted as:

z = FCsoft(f(x)), (2)
we then compute the element-wise multiplication between z
and each channel of f(z) to get the global context feature as

follows:

f(x)=2® f(a), 3)
where f(z) and f™(x) indicate features before and after the
multiplication. The multiplied feature map f™(x) is then fed
to another FC layer to learn the relationship between fore-
ground and background, so we obtain a new prediction for

x:

m= FCseed(fm(x))a (4)
where the F'Clc.q has the same architecture as F'C, ;. Due
to the sum-over-class pooling nature of BCE, each pixel in

CAM (z) =

(D



CAM may be responsive to multiple classes co-occurring in
the same receptive field. Unlike ReCAM (Chen et al. 2022),
we use Soft Margin (SM) loss and Dice loss to reactivate the
model and generate results, which is more suitable for mask
generation. The SM loss is formulated as:

C
Lsar = gzlogu +exp(—Bli] x 2™[i]),  (5)

where ¢ in BJi] and z™[i] denotes the i-th elements. C in-
dicates the total number of elements. The overall objective
function for the AD-CAM branch is formulated as:

Lap—cam = Lsy + Lpice, (6)
where L pjce is defined as follow:
2|B x z™|
Lpice = =T )
|B| + |2

Geometric Co-embedding Learner

Grayscale medical images alone do not provide sufficient in-
formation for pixel-wise learning, leading to inaccuracies in
the edge information predicted solely by AD-CAM. Follow-
ing prior works (Zhai et al. 2023; Hu et al. 2024), we assume
the box center as a positive seed, as tumors are often anno-
tated with center-focused boxes by radiologists, especially
under 3D patch cropping. We propose GCL to compute the
similarity between center pixels and edge pixels for refining
the tumor edge textures provided by AD-CAM. GCL con-
sists of two components: contrastive head pertaining (Fig.3
(b)) and geometric co-embedding application (Fig.3 (c)).

We build a two-layer point-wise convolution as the con-
trastive head. We obtain the central point pixels from the
initial box-shaped mask to pre-train the contrastive head. As
shown in Fig. 3 (b), we treat the positive anchor set by in-
cluding voxels within a small intensity range  and distance
range 7 around the center, enabling more diverse representa-
tion while maintaining center consistency, where 7 is a hy-
perparameter determined by the scale of the box. Moreover,
to mitigate the potential confusion caused by negative sam-
ples with similar intensities, we filter out those whose in-
tensity differences from the center region fall within §. This
significantly improves the contrastive margin and avoids am-
biguity near box boundaries. Finally, we use supervised lo-
cal contrastive learning to train a two-layer point convolu-
tion head for extracting distinct representations from feature
maps. The local contrastive loss is defined as:

1 1
RPN
(d,h,w)€EQ

Z(dp,hp,wp)ep exp (.fd.,h,w (I) : fd,;,hp,w,J (33)/7—)

E(d,L7h,,L,wn)eN eXp (fd,h,w (37) : fdn,hn,wn (37)/7') ’
(®)
where fq 5., () indicates the pixel feature at the (d, h, w) of
the feature map. € is the set of points in fg ., () that are
used to compute loss. P and N represent the positive and
negative sets of fg 5., (), respectively. T is the temperature

Esupcon =

- log
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constant. Upon completion of the pre-training phase, as il-
lustrated in 3(c), we utilize both the tumor location infor-
mation generated by AD-CAM and the embedded features
extracted from the frozen contrastive head. Specifically, we
designate the centroid of the box-shaped mask as an anchor
point and calculate the similarity loss based on the edge pix-
els identified by AD-CAM. We select all pixels within a dis-
tance of less than 7 from the edges and compute their simi-
larity to the center point. We calculate the cosine similarity
between every chosen pixel fqy_ 5. .. and the centroid fea-
ture fdc,hc7'l1)c:

_ fdc;hm'WC i fde;h87we
Sce = )
[ fac e el 1 fae ne .l

then the probability of the center pixel and chosen pixel be-
ing the same label is:

Prob(edge = 1) = fa, hewe * Fdohewe
+ (1 - fdmhcvwc) : (1 - fde7he7we)7

thus we can define the geometrical-refined loss as follows:

c#e, ©))

(10)

Z 1(s..>0) log Prob(edge =1). (11)

1
Locp = ——
GCL |@| =

This serves as the loss function for the geometric co-
embedding branch. © denotes the set of chosen pixels, and 1
indicates an indicator on each edge to control computation.

Experiments
Datasets

We select four public medical datasets to evaluate the effec-
tiveness of our model. All four datasets are split into training
and test sets at a 4:1 ratio.

e LIDC-IDRI: The LIDC-IDRI(Armato III et al. 2011)
dataset comprises lung cancer screening thoracic CT
scans with marked-up annotated tumors. Following the
previous work(Tang, Zhang, and Xie 2019), we include
only the CT scans that meet the selection criteria of
LUNAI16, resulting in 586 CT scans with a total of 1,131
nodules.

e KiTS19: The KiTS19(Heller et al. 2021) dataset com-
prises 210 abdominal CT volumes with manually delin-
eated kidney and tumor labels. Three expert annotators

annotate each CT scan in the dataset. We only use tumor
labels.

* MSD-Lung & Pancreas: These two datasets are part of
the MSD(Antonelli et al. 2022) collection. MSD-Lung
contains 3D CT scans from 63 patients, which are used
for lung cancer segmentation. MSD-Pancreas focuses on
pancreatic tumor segmentation, including 281 CT scans.

Implementation and Training Details

The networks are implemented using Pytorch 2.1.1, The ex-
periments are performed on two Nvidia GeForce RTX 4090
GPUs with 24 GB. The basic learning rate is 0.01, with a
stochastic gradient descent (SGD) optimizer. GeoCoBox is
trained with a batch size of 32 for 80 epochs; the first 40



Dataset LIDC-IDRI KiTS19 MSD-Lung MSD-Pancreas

Metrics DSC1 HD95] DSC1T HD95] DSCtT HD95| DSCtT HD95|
Fully Supervised 79.97 1.84 65.15 10.40 57.93 7.34 64.91 8.96

~ Box2Mask(Lietal. 2024) 6825 332  63.65 11.16 4806 17.01  60.75  11.61

BoxInst(Tian et al. 2021) 74.02 2.35 64.78 10.70 49.15 16.92 64.26 9.15
BBTP(Wang and Xia 2021) 74.00 2.31 64.94 10.92 49.64 15.68 62.47 9.45
GPCS(Du et al. 2023) 74.59 2.19 64.10 11.72 48.80 15.09 64.01 9.16
RTNet(Lu et al. 2024) 72.15 2.62 62.64 12.15 46.49 17.74 63.62 9.27
GazeMedSeg(Zhong et al. 2024)  73.94 2.16 63.53 11.01 50.35 15.28 63.70 9.30
AGMM(Wu et al. 2023) 71.87 2.53 64.30 10.84 49.60 14.49 61.23 9.52
GeoCoBox (Ours) 76.09 2.05 65.11 10.55 50.99 14.61 64.65 9.07

Table 1: Performance comparison with other state-of-the-art methods. All methods below use 3D UNet as the backbone. We
evaluate the performance using two metrics: DSC (%) and HD95. Bold numbers indicate the best results, while underlined

numbers represent the second-best results.

Dataset LIDC-IDRI KiTS19 MSD-Lung MSD-Pancreas

Metrics DSC1 HD95|, DSCtT HD9|] DSCtT HD9| DSCt HD95|
Fully Supervised 83.54 1.57 63.87 11.36 58.70 9.37 63.94 9.64

~ Box2Mask(Lietal. 2024) 6854 318  61.09 1247 4982 1443 6148  10.16

BoxInst(Tian et al. 2021) 74.45 2.15 62.21 12.41 51.46 13.80 62.70 9.97
BBTP(Wang and Xia 2021) 75.70 2.13 61.72 12.53 50.04 14.75 62.39 9.91
GPCS(Du et al. 2023) 74.32 243 60.29 12.70 51.11 14.44 63.04 10.15
RTNet(Lu et al. 2024) 72.20 2.37 61.54 12.24 48.97 14.97 61.57 9.53
GazeMedSeg(Zhong et al. 2024)  73.05 2.29 60.70 12.49 47.06 15.04 62.49 10.02
AGMM(Wu et al. 2023) 71.21 2.73 57.79 12.52 46.64 15.77 62.45 10.25
GeoCoBox (Ours) 76.22 2.08 62.24 11.97 52.14 13.46 63.82 9.67

Table 2: We replace backbone 3D Unet by 3D Unetr, while maintaining other setting.

epochs train only the AD-CAM branch, and the remaining
epochs also train the GCL branch. The contrastive head is
pre-trained with a batch size of 2 for 50 epochs.

All these datasets have pixel-wise annotations. We utilize
annotations to obtain the corresponding box annotations. We
only use box annotations during the training stage, while we
evaluate the performance by pixel-wise annotations in the
inference stage. For all annotated tumors, following the pre-
vious studies (Zhai et al. 2023; Zhao et al. 2024), we crop
each tumor region from the entire CT image into a patch of
size 96 x 96 x 96 for training and testing. There is no need
to consider the scenario of missed tumor diagnoses.

Evaluation Metrics

Following previous studies(Du et al. 2023; Hu et al. 2021),
we binarize the segmentation maps using a threshold of 0.5
to obtain binary masks. We use two standard metrics: the
Dice Similarity Coefficient (DSC), expressed as a percent-
age, and the 95% percentile Hausdorff Distance (HD9S).
The DSC measures region similarity, focusing on object
consistency. The HD95 calculates the maximum boundary
distance between the segmentation and the pixel-wise mask.
A higher DSC indicates better overlap with the ground truth
labels, while a lower HDO9S signifies higher segmentation
accuracy.
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Comparison with Other Methods

Quantitative Results As illustrated in Table 1, we first re-
port the quantitative results of four datasets (LIDC-IDRI,
KiTS19, MSD-Lung, and MSD-Pancreas). We compare
GeoCoBox with other seven state-of-the-art methods, which
contain three loss optimization methods in the natural im-
age: Box2Mask(Li et al. 2024), BoxInst(Tian et al. 2021),
BBTP(Wang and Xia 2021); one medical contrastive learn-
ing method: GPCS(Du et al. 2023); and three pseudo-
labeling methods in both natural and medical domains: RT-
Net(Lu et al. 2024), GazeMedSeg(Zhong et al. 2024), and
AGMM(Wu et al. 2023). Our method aims to leverage tu-
mor priors to form auxiliary constraints and fully use ge-
ometric contrastive learning techniques to accurately learn
the embedding relationships between pixels, which offers
an advantage over the previous contrastive learning method.
Moreover, loss optimization approaches may encounter the
issue of low contrast in medical images. When obtaining
pixel relationships before constructing tumor priors, atten-
tion may be diverted to non-edge information. On the other
hand, pseudo-labeling methods may suffer from the problem
of low-quality pseudo-labels during the learning process.
Our method incorporates the strengths of previous works
while minimizing their limitations, achieving the best per-
formance across all four datasets.

To validate the robustness of our method, we replace the
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AD-CAM GCL GCL GCL
Soft Layer Seed Layer DSC{ HD95| 7 DSCtT HD95]) 0 DSCt HD95| Similarity DSCt HD95]
SCE BCE 68.25 323 4 7321 273 10HU 7289 273 SSIM 7410  2.29
SCE Dice 7392 244 8 76.09 2.05 20HU 76.09 2.05 MSE 75.60  2.10
SM Dice 76.09 205 16 7432 242 40HU 7522 296 CosSim  76.09  2.05

Table 3: Ablation experiments on the selection of the loss function for the AD-CAM component, 7 and § in the GCL component,
and the similarity strategy within the GCL component. The experiments are conducted on the LIDC-IDRI dataset.

backbone from 3D U-Net with the also widely used 3D
U-NETR(Hatamizadeh et al. 2022). The results in Table 2
demonstrate that the proposed GeoCoBox outperforms all
compared methods in most tasks, except for the HD95 in
the MSD-Pancreas dataset, where it slightly underperforms
compared to RTNet.

Qualitative Results To further demonstrate the superior-
ity of our method, we present the qualitative comparison
with seven other state-of-the-art weakly-supervised segmen-
tation methods in Fig. 4. It can be observed that the proposed
GeoCoBox can accurately identify subtle boundaries while
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remaining consistent with the complex shape of the GT.

Ablation Study

Effectiveness of the Key Components To verify the ef-
fectiveness of two key components of GeoCoBox, AD-
CAM and GCL, we train three variants of GeoCoBox by
disabling AD-CAM or GCL. We also include a baseline
with the same basic experimental setting as ours, denoted
as Vanilla. The segmentation results on the LIDC-IDRI
dataset are presented in Fig. 5. This suggests that remov-
ing either component leads to a decrease in performance on
both metrics, though the results still outperform the Vanilla



Methods DSCt HD95|
Box2Mask(Li et al. 2024) 50.31 17.42
BoxInst(Tian et al. 2021) 52.69 15.98

BBTP(Wang and Xia 2021) 50.88 17.84
GPCS(Du et al. 2023) 51.24 16.48
RTNet(Lu et al. 2024) 49.87 17.01

GazeMedSeg(Zhong et al. 2024)  47.25 16.05
AGMM(Wau et al. 2023) 50.80 16.74
Ours 54.87 14.35

Table 4: Generalization analysis of the proposed model.

model. This finding is reasonable and indicates that the two
components complement each other in addressing the box-
supervised task.

Hyperparameter and Strategy Selection To further val-
idate the effectiveness of AD-CAM and GCL, we employ
three different loss functions for training the AD-CAM, and
we choose three refining scales 7 and similarity strategies
for GCL. As indicated in Table 3, for AD-CAM, we fol-
low (Chen et al. 2022) using SCE and BCE loss functions in
the first row. We further consider the imbalance between the
foreground and background in medical images. We replace
the BCE loss with Binary Dice loss and replace the SCE
loss with SM loss, which led to smoother tumor prediction
results, thereby achieving an improved performance of 6.7%
DSC and 0.8 HD95. For GCL, using 7 = 8,9 = 20HU, and
the cosine similarity shows the best performance, respec-
tively. Due to the prevalence of small tumors in the LIDC-
IDRI dataset, an excessively large correction scale may in-
corporate more blood vessels with grayscale values simi-
lar to those of the tumors, while an overly small scale may
overly rely on the coarse results provided by the AD-CAM,
leading to decreased segmentation performance. Moreover,
cosine similarity, a commonly used similarity metric in con-
trastive learning, proves more effective than MSE and SSIM
in the medical imaging domain.

Analysis of the Data Robustness We also validate the
robustness of our method on data from different domains.
Specifically, we apply the model trained on the LIDC-IDRI
dataset and then validate it on the MSD-Lung dataset. As
shown in Table 4, our method demonstrates good data gen-
eralization. Notably, the results obtained on the MSD-Lung

GeoCoBox
© 60 w/o ADCAM
[%’ w/o GCL
§ 40 Vanilla
]
=20

DSC HD95

Figure 5: Ablation studies on the proposed components on
the LIDC-IDRI dataset.
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dataset are better than those achieved when training directly
on the MSD-Lung dataset itself.

Model Efficiency We compare the number of parameters,
DSC scores, and training time per epoch among all meth-
ods in Fig. 6. It is worth noting that all methods have less
than a 40-millisecond difference in inference time for one
sample, so we do not compare inference times in this paper.
Although our method requires more parameters than loss
optimization methods used in natural images, it costs fewer
parameters than other medical image methods. Notably, our
method requires fewer parameters than the most similar ap-
proach, GPCS, due to the computational efficiency of GCL,
which only refines the center and boundary points. Addition-
ally, our method achieves the best DSC performance while
being one of the methods with the shortest training time.

Conclusion

In this paper, we propose the GeoCoBox that can achieve
high-quality 3D tumor segmentation with only box annota-
tions. The core idea of GeoCoBox is to explicitly combine
the anatomic prior and geometric pixel embeddings pro-
vided by the two proposed components. With the proposed
modules, we perform well on four public medical datasets
and significantly improve the state-of-the-art. Our method
targets small objects in medical images, aiming to offer in-
sights that could benefit research in other domains as well.
While our approach demonstrates promising results, further
refinement of the contrastive head architecture may yield ad-
ditional performance gains.
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