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Abstract. Precise object localization in three-dimensional (3D) medical
imaging is critical for clinical diagnosis, yet voxel-level segmentation re-
mains labor-intensive and sensitive to boundary ambiguity. While object
detection offers a more efficient alternative, current methods heavily rely
on predefined anchors, which require extensive hyperparameter tuning
and exponentially increase computational complexity within 3D search
spaces. In this paper, we propose MedCenterDet, a novel anchor-free,
center-based object detection framework tailored for 3D medical images.
Our approach directly predicts object centers via heatmap regression
and analytically decodes bounding box dimensions using an anisotropic
Gaussian target generation strategy, inherently capturing morphologi-
cal shape priors. To enhance feature discriminative power in dense 3D
volumes, we introduce a counterfactual attention learning (CAL) mod-
ule. By contrasting factual target-structure regions with counterfactual
noise interventions, this module explicitly optimizes attention quality,
forcing the network to focus on clinically relevant patterns. A subsequent
two-stage refinement module leverages multi-scale features to correct spa-
tial misalignments and ensure geometric precision. We comprehensively
evaluated MedCenterDet on two public datasets. Experimental results
demonstrate that our framework achieves state-of-the-art performance
across both benchmarks, while maintaining a significantly lower param-
eter count compared to established methods. The code is available at
https://github.com/WiDayn/MedCenterDet.

Keywords: center-based object detection - medical imaging - deep learn-
ing - anchor-free detection


https://github.com/WiDayn/MedCenterDet

2 Q. Zeng et al.
1 Introduction

In medical image analysis, precise target localization is a prerequisite for numerous
clinical applications. While segmentation provides pixel-level masks, annotating
3D volumes is labor-intensive and suffers from inter-observer variability due to
the infiltrative boundaries of lesions [9,11]. Object detection offers an efficient
alternative by requiring only bounding boxes. Such boxes and center points can
also serve as compact region-of-interest descriptors for downstream segmentation,
classification, and longitudinal follow-up, reducing the search space of subsequent
analysis. However, prevalent anchor-based methods (e.g., nnDetection [3], Me-
dYOLO [19]) rely heavily on predefined anchor hyperparameters. In 3D data,
applying multiple anchors per voxel exponentially increases the search space,
computational burden, and optimization difficulty.

Anchor-free methods eliminate manual tuning [20,4] but face severe conver-
gence and regression challenges within the dense, unstructured 3D search space.
Recent works mitigate this by reintroducing anchor mechanisms [23] or utilizing
restrictive geometric priors (e.g., spheres) [15], which limits their flexibility across
morphologically diverse targets. More recent 3D medical detection studies have
explored transformer-based query refinement for lymph nodes [21], efficient 3D
attention for lung nodule detection [1], and self-training for universal lesion
detection in computed tomography (CT) [7]. These advances highlight the value
of 3D context modeling, but many still rely on task-specific query, attention, or
proposal-mining designs.

To achieve precise localization without the optimization burden of vast search
spaces or rigid priors, we propose MedCenterDet, a novel anchor-free framework.
Inspired by the center-based paradigm [6,25], it directly predicts target centers and
decodes size information via heatmap regression. By restricting feature extraction
to predicted centers, this approach resolves the 3D search space dilemma and
inherently yields clinically valuable center point coordinates.

In summary, our contributions are: (1) We introduce MedCenterDet, an
anchor-free center-based 3D detection framework that effectively mitigates dense
search space challenges without predefined anchors. (2) We propose an anisotropic
Gaussian target generation method to explicitly encode and decode object spatial
extents from heatmaps. (3) We design a CAL module to explicitly optimize
attention quality and heatmap prediction. (4) Extensive experiments demonstrate
that MedCenterDet achieves state-of-the-art (SOTA) results on public 3D datasets
with fewer parameters.

2 Methodology

Feature representation learning To establish a robust feature representation
for 3D object detection, we first employ a 3D backbone network to extract
multi-scale features from the input volume, denoted as Sy through S5. These
symbols denote four pyramid stages with progressively lower spatial resolution
and richer semantics; the corresponding fused feature levels are denoted as No
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through Nj5. To enhance these features and integrate high-level semantics with
low-level details, we directly adopt the channel attention (CA) and selective
feature fusion (SFF) modules from [5], as shown in Fig. 1(f, d).
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Fig.1: Overview of MedCenterDet. The backbone and Stage 1 fuse multi-scale
features with the CA/SFF modules and predict center heatmaps, while the CAL
module regularizes attention with a random attention intervention. The heatmap
decoder generates coarse proposals, and Stage 2 refines their confidence scores
and 3D boxes.

The overall workflow is stage-level sequential: an input volume is encoded by
the backbone, Stage 1 fuses multi-scale features and predicts center heatmaps,
the decoder converts the top-K peaks from each of the C' channels into K x C
coarse proposals, and Stage 2 refines these proposals in parallel.

Drawing inspiration from the counterfactual attention learning framework
proposed by Rao et al. [17], we incorporate a 3D CAL module (Fig. 1(g)) to
explicitly supervise the attention distribution of our model. The CAL module
guides the network to focus on factual target-structure regions by leveraging
counterfactual causality to quantify and optimize attention quality. Specifically,
given the input feature maps F' and the factual attention map A derived via
a 3D convolution layer, we employ an intervention operation do(-) to generate
counterfactual attention maps A by replacing the factual weights with random
noise from a uniform distribution. Following Pearl’s intervention notation, do(A =
A) means that the learned dependency between the input feature and attention
map is cut and the attention map is externally set to random weights. The
final effective heatmap prediction Pcffect  represents the counterfactual-inspired

heatmap
attention regularization of the attention mechanism, defined as the difference
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between the factual prediction and the counterfactual outcome, as shown in
Eq. (1). B
peftect S =H(F©A) —H(Fodo(A=A)), (1)

heatmap

where H(-) denotes the operation of the heatmap head, and ©® represents element-
wise multiplication. By subtracting the counterfactual prediction from the factual
prediction, Pﬁgﬁlap isolates the contribution of the learned attention. Finally, to
force the model to distinguish between meaningful target patterns and random
noise, we optimize the network by minimizing the mean squared error (MSE)
loss between this effective prediction and the ground truth Gaussian heatmap G.
The loss function is defined as shown in Eq. (2). During inference, the trained
attention layer is directly utilized to modulate feature maps, thereby incurring
negligible additional parameters and computational overhead.

2
Lcar = |P§e§g§1ap - Gheatmap ’2 . (2)

Anisotropic heatmap generation and decoding To model 3D geometric
variations, we represent target structures as anisotropic Gaussian distributions
where axial spreads correlate with physical dimensions. For a ground truth box
centered at (cg, ¢y, c;), the target value for voxel (z,y, z) is generated via Eq. (3).
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where (0,,0,,0.) are the object-adaptive standard deviations [12].

To transform the dense heatmap predictions into a sparse set of continuous
geometric parameters, we design a differentiable decoding strategy inspired by
anchor-free detection paradigms [25]. First, we identify coarse integer peaks
v = (z,y,z) using a 3D Max-Pooling operation acting as an non-maximum
suppression (NMS) filter [25,12]. Second, to mitigate quantization errors inherent
to the discrete grid, we recover the sub-voxel center fi by applying a discrete
central difference approximation around the local maximum [24], efficiently
estimating the continuous peak offset as shown in Eq. (4). Third, we estimate
the anisotropic spread & via the weighted second central moment within a local
window W, formulated in Eq. (5). The derived & serves as a high-recall, coarse
geometric prior for the second-stage refinement to crop the target region of
interests (Rols).

H(v+ey) —H(v—ey)
2

fig = vq + clip ( ,—0.5, 0.5) , Vde{x,y,z} (4)

. [ eewH(V ) 1]
Ud_\/ZrexH(errHi’ vd € {x,y, 2} (5)

Here, e4 is the unit vector along axis d, r indexes offsets inside the local window
W, and ry is the d-th component of r.
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Second-stage refinement We employ a second-stage refinement module to
regress the final precise bounding boxes. Leveraging the coarse target centers
[t derived from the decoding process, we project these 3D coordinates onto
the multi-level feature pyramid {Na, N3, Ny, N5} to index corresponding feature
vectors via trilinear interpolation. These multi-scale features are processed by
independent Refinement Heads and subsequently aggregated via a final Conf/Reg
Module (Fig. 1(d)). The total loss Liotar is defined in (Eq. (6)).

Etotal = Ehcatmap + ‘Cconf + Ereg + Ecal (6)
Here, Lheatmap computes the MSE between the predicted and ground truth
heatmaps, i.e., Lheatmap = || Pheatmap — Gheatmapl|3 for the raw heatmap branch,
whereas L. = ||P§§f§lap — Gheatmap||3 supervises the counterfactual effective

prediction. Lcons employs Focal Loss (n = 2.0) [13] for proposal confidence p;
from the CLS/confidence branch. L,e; optimizes geometric precision using a
combination of Smooth L; [8] and Generalized intersection over union (IoU) Loss
[18], weighted by 10 and 1, respectively. Finally, L., imposes explicit supervision
on the counterfactual attention module (Eq. (2)).

3 Experiments

Data preparation We evaluated our method on two public datasets. From
the brain tumor segmentation (BraT$S) 2021 Task 1 dataset [2,16], we utilized
1,251 fast fluid attenuated inversion recovery (FLAIR) magnetic resonance (MR)
scans. From the Total Segmentator dataset [22], we utilized 1,430 CT scans, from
which we extracted annotations for liver, bladder, and kidneys. We extracted the
minimum 3D bounding box that encompasses all combined masks for BraTsS,
and derived individual boxes for each label in Total Segmentator (merging both
kidneys into a single class). All input volumes for our proposed method employed
conventional 3D data augmentation techniques. For all comparative baselines,
we adhered to their respective recommended data processing pipelines. All
baselines were run with their public implementations and recommended /default
configurations unless a parameter was required to match the same input resolution
and evaluation protocol. A five-fold cross-validation strategy was applied to both
datasets.

Experimental setup and evaluation metrics All experiments were conducted
using a single NVIDIA GeForce RTX 3090 GPU with 24 GB of video memory. The
training batch size was set to 4 for the majority of the models. For the ResNet-50
variant, the batch size was adjusted to 3 to accommodate its higher GPU memory
requirements. For network optimization, we employed the AdamW optimizer
with an initial learning rate of 1 x 1073, To dynamically adjust the learning rate
during training, we utilized the ReduceLROnPlateau scheduler with a reduction
factor of 0.7 and a patience of 25 epochs. The training process was configured
to stop when the learning rate decayed to a minimum threshold of 1 x 1075.
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We adopt the standard common objects in context (COCO)-style metrics [14],
including average precision (AP)s50, AP75, and mAPs0.95. To assess robustness
across object sizes, we stratified instances into three equipopulous categories
based on volume quantiles of the ground truth. Specifically, ground-truth box
volume V = w X h x d was sorted within each dataset and split by the 33.3% and
66.7% quantiles into Bottom, Middle, and Top groups; APsy and average recall
(AR) were then computed on each group using the same COCO-style matching
protocol.

Implementation details For the ground truth generation, the bounding box
dimensions (w, h,d) are mapped to the Gaussian standard deviations via o; =
max(s;/3,3) for s; € {w, h,d}, ensuring the Gaussian response accurately reflects
the object boundary. The multi-class heatmaps are organized as a C-channel
output tensor with a sigmoid activation, where C' represents the number of target
categories. During the decoding phase, a 5 X 5 x 5 Max-Pooling operation serves
as the NMS filter. For the moment-based size estimation in Eq. (5), the local
window W is defined as a 7 x 7 x 7 neighborhood. Finally, we select the Top-K
(K = 10) candidate centers independently from each of the C' channels, resulting
in a total of K x C proposals.

Table 1: Comparison with existing approaches on BraTS 2021 and Total Segmen-
tator. Methods marked with 1 denote variants without the CAL module. Best
results: first , second , third (mean =+ std, best in bold).

Method ‘ Para ‘ BraT$ 2021 ‘ Total Seg.
‘ ‘ APso AP7s  mAPs0.95| APso AP75 mAPs50.95

nnDetection [3] 19.4M| 79.3£2.0 33.7£2.5 37.2+£2.3|35.5£1.0 17.5£2.5 18.3£1.5
RetinaNet [10] 51.1M|86.5+1.5 45.5+2.1 46.1+1.4|52.6+1.2 25.7+2.4 24.3+1.5
Focused Dec. [23]| 43.4M|80.1+£1.8 34.7+£1.7 32.94+2.0|68.5+1.1 37.4+1.6 38.4+1.8
MedYOLO-S [19]| 15.7M|85.9+1.7 42.9+2.3 43.2+1.7(48.2+1.6 24.5+1.3 25.6+0.5
-M [19] 49.6M| 80.5+2.4 33.5£2.2 34.8£1.8|46.2+0.6 24.2+1.7 25.2£1.3
-L [19] 113.5M| 0.1£0.5 0.00+0.0 0.00+£0.0 |64.3+1.3 29.9+£1.0 32.7£0.7

Ours-EffNet-S* 2.4M| 88.24+2.6 41.5+1.6 39.9£2.2|37.9+£2.2 12.7£2.1 16.5+1.7
Ours-EffNet-LT 3.4M|90.3£2.0 50.0£1.2 45.3+0.9|42.8£2.0 27.0£2.0 24.3£1.7
Ours-Res18' 39.7M| 90.3+£0.6 50.6£2.4 50.6+1.9|75.1£2.7 45.44+0.8 42.1+1.6
Ours-Res507 135.7M|90.1£1.6 52.94+1.1 51.04+0.5|76.4£0.6 45.94+2.0 43.14+0.7

Ours-EffNet-S | 2.4M|90.0+£1.9 51.7+£2.1 47.2+1.1|47.3+2.2 16.3+1.6 21.5+1.3
Ours-EffNet-L | 3.4M|90.6£1.7 55.940.751.44+0.7/78.3£1.3 40.8+1.2 41.3+1.4
Ours-Res18 39.7M|89.842.4 54.84+1.6 49.8+2.5|76.4+1.6 47.0+1.2 42.6+1.6
Ours-Res50 135.7M[90.9+£1.8 54.5+2.0 51.1+0.7 | 78.3+1.3 47.7£1.243.8+1.9
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Comparison with existing methods and ablation study We compare our
approach against several representative 3D medical object detection frameworks:
nnDetection [3], RetinaNet [10], Focused Dec. [23], and the MedYOLO series
[19]. As shown in Table 1, our method consistently outperforms the baseline
approaches across both benchmarks.

On the BraTS 2021 dataset, our lightweight variant, EffNet-L, achieves the
highest performance, slightly surpassing even our heavier ResNet-50 counterpart.
This suggests that for tasks with relatively homogeneous targets, the compact
EffNet-L provides sufficient model capacity while mitigating the risk of overfitting
associated with over-parameterized models. Consistent with [19], the MedYOLO-
L failed to converge on this dataset, suggesting that large-scale models may
be missing pertinent information. On the Total Segmentator dataset, which
involves high anatomical diversity and dense multi-class targets, scaling up to
the ResNet-50 backbone yields superior accuracy.

Table 2: Scale-stratified performance (APs; and AR) on BraTS 2021 and Total
Segmentator by ground-truth volume tertiles. Best results are highlighted as
first , second , and third .

Bottom Middle Top
APso AR APso AR APso AR

BraTS§S 2021 [2]

nnDetection [3] | 74.1+£3.5 76.5+4.1 | 83.1£1.3 82.4+1.7|80.6+1.8 81.1+2.2
Retina Net [10] |81.0+2.9 83.54+3.5|90.2+0.9 89.6+1.2|87.6+1.4 88.24+1.8
Focused Dec. [23]| 75.3+3.1 77.94+3.9 | 84.2+1.5 83.8+1.7|81.7+2.0 82.1+2.2
MedYOLO-S [19]| 78.24+3.0 80.7+3.6 | 88.0+1.1 87.6+1.5|85.1+1.7 85.7+1.9
-M [19] 75.1+£3.7 77.4+4.3 |84.1£1.4 83.7+1.6|82.1£1.8 82.4+2.1
-L [19] 0.00+0.0 0.00+£0.0 | 0.30+0.8 0.50+£0.9 | 0.00+0.0 0.00+£0.0

Ours-EffNet-S | 84.1+2.1 86.8+2.6 | 94.5+1.3 93.9+0.9 | 91.0£2.0 90.6+2.3
Ours-EffNet-L |84.1+1.6 86.8+£1.3 | 94.6+1.4 96.3£2.0{92.9+1.5 91.8+1.8
Ours-Res18 84.842.7 92.84+2.4|89.6+1.9 96.3+0.6| 88.9+1.0 83.5£1.7
Ours-Res50 85.7+2.5 91.6£1.3 |96.4+2.1 95.1£1.4 | 88.5+0.7 91.8+1.5

Method

Total Segmentator [22]

nnDetection [3] | 17.5+4.2 32.6+4.9 | 42.841.9 48.04+2.2 | 37.7£2.1 42.5+£2.5
Retina Net [10] |27.743.9 42.9+4.5 | 60.1£1.5 62.7£2.0 | 55.5+1.8 60.8+2.4
Focused Dec. [23]| 34.84+3.6 57.7+4.2 | 76.2+1.2 80.4+1.6 | 71.1+£1.8 77.94+2.1
MedYOLO-S [19]| 24.24+4.3 37.845.0 | 55.2+1.7 60.1£2.2 | 51.1+2.1 56.5+1.8
-M [19] 22.94+4.6 35.6+5.1 | 53.24+1.7 58.2+2.3 | 49.44+2.1 54.842.7
-L [19] 32.2+4.5 49.9£5.0 | 74.0+£1.5 80.7£2.0 | 68.2+£2.0 75.0£2.5

Ours-EffNet-S | 23.24+3.8 39.54+4.5 | 54.1+1.6 60.9+1.9 | 50.3+2.0 57.7+2.3
Ours-EffNet-L | 38.7+1.9 64.5+1.1 |85.7+0.5 91.5£1.5| 79.8+£0.5 92.8+1.6
Ours-Res18 36.1+£2.5 67.5£1.2 | 83.4+2.5 90.5£0.6 | 82.1+£0.4 93.2+0.4
Ours-Res50 39.9+£2.6 68.0+2.6| 80.5+£2.9 87.0+2.0 (82.9+£1.0 92.8+2.1
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Fig. 2: Qualitative comparison of different detection methods on the Total Segmen-
tator [22] (top two rows) and BraT$ 2021 [2]| (bottom two rows) datasets. Ground
truth and predicted bounding boxes are denoted in green and red, respectively.
The last column visualizes our first-stage heatmap predictions alongside the
subsequently decoded Rols (blue boxes). These multi-channel heatmaps explicitly
indicate the predicted centers for kidney, bladder, and liver for the former
dataset, and brain tumors for the latter.

Table 2 reveals MedCenterDet’s distinct superiority in detecting relatively
smaller structures. On the Total Segmentator dataset, our models demonstrate
a substantial margin of improvement over baseline methods in both precision
and average recall for relatively smaller objects. This fine-grained precision is
structurally driven by the proposed CAL module. As evidenced by the ablation
study in Table 1, integrating CAL yields dramatic performance leaps, particularly
in enhancing the discriminative power of our lightweight configurations. For our
highly compact EffNet-L, CAL provides crucial explicit guidance that prevents
the limited-capacity network from being overwhelmed by complex 3D background
noise, driving a massive performance surge. Conversely, the over-parameterized
ResNet-50 inherently possesses sufficient representational capacity to implicitly
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learn robust, noise-resistant features. As a result, the explicit regularization
provided by CAL yields diminishing returns on the heavier backbone.

Visual comparisons in Fig. 2 further demonstrate the localization precision of
our approach. Across both datasets, MedCenterDet yields predicted bounding
boxes that consistently achieve the highest mean IoU against the ground truth;
the last column illustrates that the heatmap effectively localizes the target
centers, from which Rols are directly decoded to constrain and guide the final
high-precision bounding box regression.

4 Conclusion

In this paper, we propose MedCenterDet, an anchor-free 3D medical object
detection framework designed to overcome the computational overhead and rigid
hyperparameter dependency of traditional anchor-based methods. By directly
predicting object centers and dimensions via anisotropic Gaussian heatmap
regression, and introducing a CAL module to suppress background noise, our
method effectively enhances the discriminative power of target-structure features
for precise, multi-scale two-stage bounding box calibration. Future work will
explore the framework’s effectiveness in resolving highly dense or overlapping
targets, alongside its generalizability across broader clinical imaging modalities.
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