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Abstract

Medical image segmentation has seen significant im-
provements with transformer models, which excel in grasp-
ing far-reaching contexts and global contextual informa-
tion. However, the increasing computational demands of
these models, proportional to the squared token count, limit
their depth and resolution capabilities. Most current meth-
ods process D volumetric image data slice-by-slice (called
pseudo 3D), missing crucial inter-slice information and
thus reducing the model’s overall performance. To address
these challenges, we introduce the concept of Deformable
Large Kernel Attention (D-LKA Attention), a streamlined
attention mechanism employing large convolution kernels
to fully appreciate volumetric context. This mechanism op-
erates within a receptive field akin to self-attention while
sidestepping the computational overhead. Additionally, our
proposed attention mechanism benefits from deformable
convolutions to flexibly warp the sampling grid, enabling
the model to adapt appropriately to diverse data patterns.
We designed both 2D and 3D adaptations of the D-LKA At-
tention, with the latter excelling in cross-depth data under-
standing. Together, these components shape our novel hi-
erarchical Vision Transformer architecture, the D-LKA Net.
Evaluations of our model against leading methods on popu-
lar medical segmentation datasets (Synapse, NIH Pancreas,
and Skin lesion) demonstrate its superior performance. Our
code is publicly available at GitHub.

1. Introduction

Medical image segmentation plays a crucial role in
computer-assisted diagnostics, aiding medical profession-
als in analyzing complex medical images. This process not
only reduces the laboriousness of manual tasks and the de-
pendence on medical expertise but also enables faster and

more accurate diagnoses. The automation of segmentation
offers the potential for faster and more accurate diagnos-
tic outcomes, facilitating appropriate treatment strategies
and enabling the execution of image-guided surgical pro-
cedures. Thus, the imperative to create rapid and precise
segmentation algorithms serves as a driving force behind
the motivation for this research.

Since the mid-2010s, Convolutional Neural Networks
(CNNs) have become the preferred technique for many
computer vision applications. Their ability to automatically
extract complex feature representations from raw data with-
out the need for manual feature engineering has generated
significant interest within the medical image analysis com-
munity. Many successful CNN architectures such as U-Net
[43], Fully Convolutional Networks [39], DeepLab [16],
or SegCaps (segmentation capsules) [33] have been devel-
oped. These architectures have achieved great success in
the task of semantic segmentation and have outperformed
state-of-the-art (SOTA) methods previously [3].

The problem of identifying objects at different scales is
a key concern in computer vision research [36]. In CNNs,
the size of a detectable object is closely linked to the recep-
tive field dimensions of the corresponding network layer. If
an object extends beyond the boundaries of this receptive
field, this may lead to under-segmentation outcomes. Con-
versely, using excessively large receptive fields compared to
an object’s actual size can limit recognition, as background
information may exert undue influence on predictions [26].

A promising approach to address this issue involves em-
ploying multiple kernels with distinct sizes in parallel, sim-
ilar to the mechanism of an Inception Block [48]. How-
ever, increasing the kernel sizes to accommodate larger ob-
jects is limited in practice due to the exponential increase
in parameters and computational requirements [26]. Conse-
quently, various strategies, including pyramid pooling tech-
niques [27] and dilated convolutions [58] at varying scales,
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have emerged to capture multi-scale contextual information.

Another intuitive concept entails directly incorporating
multi-scale image pyramids or their associated feature rep-
resentations into the network architecture. Yet, this ap-
proach poses challenges, particularly concerning the feasi-
bility of managing training and inference times [36]. The
use of Encoder-Decoder networks, such as U-Net, has
proven advantageous in this context. Such networks en-
code appearance and location in shallower layers, while
deeper layers capture higher semantic information and con-
text from the broader receptive fields of neurons [35]. Some
methods combine features from different layers or predict
features from layers of different sizes to use information
from multiple scales [10]. Also, forecasting features from
layers of varied scales have emerged, effectively enabling
the integration of insights across multiple scales [36]. How-
ever, most Encoder-Decoder structures face a challenge:
they frequently fail to maintain consistent features across
different scales and mainly use the last decoder layer to gen-
erate segmentation results [3, 26].

Semantic segmentation is a task that involves predicting
the semantic category for each pixel in an image based on
a predefined label set. This task requires extracting high-
level features while preserving the initial spatial resolution
[37,41]. CNNs are well suited to capture local details and
low-level information, albeit at the expense of overlooking
global context. This gap in handling global information has
been a focus of the vision transformer (ViT) architecture,
which has achieved remarkable success in several computer
vision tasks, including semantic segmentation.

The cornerstone of the ViT is the attention mechanism,
which facilitates the aggregation of information across the
entire input sequence. This capability empowers the net-
work to incorporate long-range contextual cues beyond the
limited receptive field sizes of CNNs [23,47]. However,
this strategy usually limits the ability of ViTs to effectively
model local information [9]. This limitation can impede
their ability to detect local textures, which is crucial for
various diagnostic and prognostic tasks. This lack of local
representation can be attributed to the particular way ViT
models process images. ViT models partition an image into
a sequence of patches and model their dependencies using
self-attention mechanisms. This approach may not be as
effective as the convolution operations employed by CNN
models for extracting local features within receptive fields.
This difference in image processing methods between ViT
and CNN models may explain the superior performance of
CNN models in local feature extraction [6,21]. In recent
years, innovative approaches have been developed to ad-
dress the insufficient representation of local textures within
Transformer models. One such approach involves integrat-
ing CNN and ViT features through complementary methods
to combine their strengths and mitigate any local represen-

tation shortcomings [15]. TransUNet [15] is an early ex-
ample of this approach, incorporating Transformer layers
within the CNN bottleneck to model both local and global
dependencies. HiFormer [28] proposes a solution that com-
bines a Swin Transformer module and a CNN-based en-
coder to generate two multi-scale feature representations
that are integrated via a Double-Level Fusion module. UN-
ETR [25] employs a Transformer-based encoder and a CNN
decoder for 3D medical image segmentation. CoTr [56] and
TransBTS [52] bridge the CNN encoder and decoder with
the Transformer to enhance segmentation performance at
low-resolution stages.

An alternate strategy to enhance local feature represen-
tation is to redesign the self-attention mechanism within
pure Transformer models. In this vein, Swin-Unet [13]
integrates a Swin Transformer [38] block of linear com-
putational complexity within a U-shaped structure as a
multi-scale backbone. MISSFormer [31] employs the Effi-
cient Transformer [55] to address parameter issues in vision
transformers by incorporating a non-invertible downsam-
pling operation on input blocks. D-Former [54] introduces a
pure transformer-based pipeline featuring a double attention
module to capture fine-grained local attention and interac-
tion with diverse units in a dilated manner. Nonetheless,
certain specific limitations remain. These include computa-
tional inefficiency, as evidenced in the TransUNet model,
the heavy dependence on a CNN backbone, as observed
in HiFormer, and the lack of consideration of multi-scale
information. Additionally, current segmentation architec-
tures often take a slice-by-slice approach to process 3D in-
put volumes, inadvertently disregarding potential correla-
tions between neighboring slices. This oversight limits the
comprehensive use of volumetric information, consequently
compromising both localization accuracy and context inte-
gration. Furthermore, it is crucial to recognize that lesions
in the medical domain often exhibit deformations in their
shape. Therefore, any learning algorithm intended for med-
ical image analysis must be endowed with the ability to cap-
ture and comprehend these deformations. Simultaneously,
the algorithm should maintain computational efficiency to
facilitate the processing of 3D volumetric data.

Our contributions: To address the challenges outlined
above, we propose a solution in the form of the Deformable-
LKA module (@), which serves as a fundamental building
block within our network design. This module is explicitly
designed to effectively handle contextual information while
simultaneously preserving local descriptors. This balance
between the two aspects within our architecture enhances
its ability to achieve precise semantic segmentation. No-
tably, our model introduces a dynamic adaptation of recep-
tive fields based on the data, diverging from the conven-
tional fixed filter masks found in traditional convolutional
operations. This adaptive approach allows us to overcome
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the inherent limitations associated with static methods. This
innovative approach extends to the development of both 2D
and 3D versions of the D-LKA Net architecture (). In the
case of the 3D model, the D-LKA mechanism is tailored
to suit a 3D context, thus enabling the seamless exchange
of information across different volumetric slices. (®). Fi-
nally, our contribution is further emphasized by its compu-
tational efficiency. We achieve this through a design that
leans solely on the D-LKA concept, resulting in a remark-
able performance on various segmentation benchmarks that
establish our method as a new SOTA approach.

2. Method

In this section, we begin by providing an overview of the
methodology. First, we revisit the concept of Large Kernel
Attention (LKA) as introduced by Guo et al. [22]. Then,
we introduce our innovative exploration of the deformable
LKA module. Built up on this, we introduce both 2D and
3D network architectures for segmentation tasks.

2.1. Large Kernel Attention

Large convolution kernels provide a similar receptive
field as the self-attention mechanism. A large convolution
kernel can be constructed with much less parameters and
computation by using a depth-wise convolution, a depth-
wise dilated convolution, and a 1 x 1 convolution. The
equations for the kernel sizes of the depthwise convolution
and the depthwise dilated convolution to construct a K x K
kernel for an input of dimension H x W and channels C'
are:

DW = (2d —1) x (2d — 1), (1)
K K
DW-D = M X LJ , 2

with a kernel size of K and a dilation rate of d. The num-
ber of parameters P (K, d) and floating-point operations
(FLOPs) F (K, d) is calculated by:

P(K,d)C’(ﬁﬂ +(2d1)2+3+0>, 3)

F(K,d)=P(K,d) x HxW. (4)

The number of FLOPs grows linearly with the size of the
input image. The number of parameters increases quadrati-
cally with the number of channels and kernel size. However,
as both are usually so small, they are not restricting factors.

To minimize the number of parameters for a fixed kernel
size K, the derivative of equation 3 with respect to dilation
rate d can be set to zero:

A | A~ 2
iP(K,d) Lto=cC. <8d+2{< 4). 5)
dd &

For example, when the kernel size is K = 21, this results in
d ~ 3.37. Extending the formulas to the three-dimensional
case is straightforward. For an input of size H x W x D and
channels C, then the equations for the number of parameters
Ps, (K, d) and FLOPs F3, (K, d) are:

3
Pgd(K,d):cGﬂ +(2d—1)3+3+0>, (6)

F3d(K7d):P3d(K7d)XHXWXD7 (7N

with kernel size K and dilation d.
2.2. Deformable Large Kernel Attention

The concept of utilizing Large Kernels for medical im-
age segmentation is extended by incorporating Deformable
Convolutions [20]. Deformable Convolutions enable ad-
justing the sampling grid with whole-numbered offsets for
free deformation. An additional convolutional layer learns
The deformation from the feature maps, which creates an
offset field. Learning the deformation based on the features
itself results in an adaptive convolution kernel. This flexi-
ble kernel shape can improve the representation of lesions
or organ deformations, resulting in an enhanced definition
of object boundaries. The convolutional layer responsible
for calculating offsets follows the kernel size and dilation
of its corresponding convolutional layer. Bilinear interpo-
lation is employed to compute pixel values for offsets that
are not found on the image grid. As shown in Figure 2, the
D-LKA module can be formulated as:

Attention = Conv; x1 (Convppw.p(Convppw (F'))),

. , 3
Output = Conv; 1 (Attention ® F') + F,

where the input feature is denoted by F' € RE*H*W and
F' = GELU(Conv(F)). The attention component €
REXHXW iq represented as an attention map, with each
value indicating the relative importance of corresponding
features. The operator ® denotes an element-wise prod-
uct operation. Notably, LKA departs from conventional
attention methods by not requiring additional normaliza-
tion functions such as sigmoid or Softmax. According to
[51], these normalization functions tend to neglect high-
frequency information, thereby decreasing the performance
of self-attention-based methods.

In the 2D version of the approach, the convolution lay-
ers are substituted with deformable convolutions because
deformable convolutions improve the ability to capture ob-
jects characterized by irregular shapes and sizes. Such ob-
jects are commonly found in medical image data, making
this augmentation especially significant.

However, extending the concept of deformable LKA
to the 3D domain presents certain challenges. The pri-
mary constraint arises from the additional convolution layer
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Figure 1. Proposed network architecture of the 2D D-LKA model on the left and the 3D D-LKA model on the right.

needed for offset generation. In contrast to the 2D case,
this layer cannot be executed in a depth-wise manner due
to the nature of input and output channels. In the 3D con-
text, input channels correspond to features, and the output
channels enlarge to 3 - k£ x k x k, with a kernel size of
k. The intricate nature of large kernels leads to an expan-
sion of channel count along the third dimension, causing
a substantial rise in parameters and FLOPs. Consequently,
an alternative approach is implemented for the 3D scenario.
A sole deformable convolution layer is introduced into the
existing LKA framework, following the depth-wise convo-
lutions. This strategic design adaptation aims to mitigate
the challenges posed by the extension to three dimensions.

2.3.2D D-LKA Net

The architecture of the 2D network is illustrated in Fig-
ure 1. The first variant uses a MaxViT [49] as the encoder
component for efficient feature extraction, while the sec-
ond variant incorporates deformable LKA layers for more
refined, superior segmentation.

In a more formal description, the encoder generates four
hierarchical output representations. A convolutional stem
first reduces the dimensions of the input image to % X % X
C. Subsequently, feature extraction is carried out through
four stages of MaxViT blocks, each followed by downsam-
pling layers. As the process advances to the decoder, four
stages of D-LKA layers are implemented, each stage en-
compassing two D-LKA blocks. Patch-expanding layers
are then applied to achieve resolution upsampling while also
decreasing channel dimensions. Finally, a linear layer is re-

1

Conv2D
\ %
Conv2D

f

Deform-DW-D Conv2D

f

Deform-DW Conv2D

Ti

GELU

A
Conv2D

—_——

Figure 2. Architecture of the deformable LKA module.

sponsible for generating the ultimate output. The structure
of the 2D D-LKA block comprises LayerNorm, deformable
LKA, and a Multi-Layer Perceptron (MLP). The integration
of residual connections ensures effective feature propaga-
tion, even across deeper layers. This arrangement can be
mathematically represented as:

1 = D-LKA-Atin(LN () + Tin, )

ZTout = MLP(LN(21)) + 21, (10)
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MLP = Conv (GeLU(Convg(Convy(x)))), (11)

with input features x;,, layer normalization LN, de-
formable LKA attention D-LK A-Attn, depthwise convo-
lution C'onvg, linear layers Conv; and GeLU activation
function GeLU.

2.4. 3D D-LKA Net

The 3D network architecture, depicted in Figure 1, is
structured hierarchically using an encoder-decoder design.
Initially, a patch embedding layer reduces the input image
dimensions from (H x W x D) to (£ x ¥ x £). Within the
encoder, a sequence of three D-LKA stages is employed,
each containing three D-LKA blocks. After each stage, a
downsampling step reduces spatial resolution by half while
doubling the channel dimension. The central bottleneck
includes another set of two D-LKA blocks. The decoder
structure is symmetric to that of the encoder. In order to
double the feature resolution while reducing channel count,
transpose convolutions are utilized. Each decoder stage em-
ploys three D-LKA blocks to promote long-range feature
dependencies. The final segmentation output is produced
by a 3 x 3 x 3 convolutional layer, succeededbyal x 1 x 1
convolutional layer to match class-specific channel require-
ments. To establish a direct connection between the in-
put image and the segmentation output, a skip connection
is formed using convolutions. Additional skip connections
perform a fusion of features from other stages based on sim-
ple addition. The ultimate segmentation map is produced
through a combination of 3 x 3 x 3and 1 x 1 x 1 convolu-
tional layers.

The 3D D-LKA block includes layer normalization fol-
lowed by D-LKA Attention, with residual connections ap-
plied. The subsequent section employs a 3 X 3 X 3 convo-
lutional layer, followed by a 1 x 1 x 1 convolutional layer,
both accompanied by residual connections. This entire pro-
cess can be summarized as follows:

x1 = DAttn(LN (24,)) + Tin, (12)

Zout = Convy (Convs(x1)) + 1, (13)

with input features x;,, layer normalization LN, de-
formable LKA D Attn, convolutional layer Conwv;, and
output features x,,;. Convs refers to a feed forward net-
work, with two convolutional layers and activation func-
tions.

3. Experiments

3.1. Experimental Setup

We have implemented both 2D and 3D models using
the PyTorch framework and performed training on a sin-
gle RTX 3090 GPU. For the 2D method, a batch size of 20
was used, along with Stochastic Gradient Descent (SGD)

employing a base learning rate of 0.05, a momentum of 0.9,
and a weight decay of 0.0001. The training process con-
sisted of 400 epochs, employing a combination of cross-
entropy and Dice loss, represented as follows:

Liotal = 0.6 - Laice + 0.4 Lee. (14)

Consistent with [15], identical data augmentation tech-
niques were applied. For the 3D model, a batch size of 2
was chosen, and stochastic gradient descent was employed
with a base learning rate of 0.01 and a weight decay of
3e~5. The input images were in the form of patches sized
128 x 128 x 64. The training process consisted of 1000
epochs, with 250 patches utilized per epoch. Data augmen-
tation techniques consistent with nnFormer [59] and UN-
ETR++ [460] were employed.

3.2. Datasets

Synapse Multi-Organ Segmentation: First, we evaluate
the performance of our method using the well-established
synapse multi-organ segmentation dataset [ 14]. This dataset
consists of 30 cases with a total of 3779 axial abdominal
clinical CT images. Each CT volume comprises a range
of 85 to 198 slices, each with dimensions of 512 x 512
pixels. The voxel spatial resolution varies in the range of
([0.54 ~ 0.54] x [0.98 ~ 0.98] x [2.5 ~ 5.0]) mm3. Our
evaluation follows the setting presented in [15, 46] for 2D
and 3D versions.

Skin Lesion Segmentation: Our comprehensive exper-
iments also extend to skin lesion segmentation datasets.
Specifically, we leverage the ISIC 2017 dataset [19], which
contains 2000 dermoscopic images for training, 150 for val-
idation, and 600 for testing. Furthermore, we adopt the divi-
sion scheme described in previous literature [1, 2, 5] for the
ISIC 2018 dataset [18]. Additionally, the PH? dataset [40]
is used as a dermoscopic image repository designed for both
segmentation and classification tasks. This dataset con-
sists of 200 dermoscopic images containing 160 nevi and
40 melanomas.

NIH Pancreas Segmentation: The publicly available NIH
Pancreas dataset consists of 82 contrast-enhanced 3D ab-
dominal CT volumes, each accompanied by manual anno-
tations [44]. In our configuration, we use 62 samples for
training and reserve the remaining samples for testing.

3.3. Quantitative and Qualitative Results

3.3.1 2D results

Synapse Dataset: In Table |, we present a comprehensive
comparison of the leading performances achieved by other
SOTA techniques in contrast to our proposed approach.
The results in terms of the Dice Similarity Coefficient
(DSC) reveal that D-LKA Net exhibits superiority over the
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Table 1. Comparison results of the proposed method evaluated on the Synapse dataset. Blue indicates the best result, and red displays the
second-best. Parameters are reported in millions (M) and FLOPS in billions (G). DSC is presented for abdominal organs spleen (Spl), right
kidney (RKid), left kidney (LKid), gallbladder (Gal), liver (Liv), stomach (Sto), aorta (Aor), and pancreas (Pan).

Methods | Params (M) FLOPs (G) | Spl  RKid LKid Gal Liv Sto  Aor Pan | Average

| DSCt HD95 |
TransUNet [15] 96.07 88.91 8508 77.02 81.87 63.16 94.08 75.62 8723 55.86 | 7749  31.69
Swin-UNet [1 1] 27.17 6.16 90.66 79.61 8328 66.53 9429 76.60 8547 5658 | 79.13  21.55
LeViT-UNet-384 [57] 52.17 2555 | 88.86 8025 84.61 6223 93.11 7276 8733 59.07 | 78.53  16.84
MISSFormer [37] 42.46 9.89 91.92 8200 8521 68.65 9441 80.81 8699 65.67 | 81.96 1820
ScaleFormer [30] 111.6 4893 | 89.40 8331 8636 7497 9512 80.14 8873 64.85 | 82.86  16.81
HiFormer-B [29] 25.51 8.045 9099 7977 8523 6523 94.61 81.08 8621 59.52 | 80.39  14.70
DAEFormer [4] 48.07 2789 | 91.82 8239 87.66 71.65 9508 8077 87.84 6393 | 82.63  16.39
TransDeepLab [7] 21.14 16.31 89.00 79.88 84.08 69.16 93.53 7840 86.04 61.19 | 80.16  21.25
PVT-CASCADE [4] 35.28 6.40 90.1 8037 8223 7059 9408 83.69 83.01 6443 | 81.06 2023
LKA Baseline 85.82 1362 | 9145 8193 8493 7105 94.87 8371 8748 6676 | 82.77  17.42
2D D-LKA Net 101.64 19.92 | 9122 8492 8838 7379 94.88 84.94 8834 67.71 | 8427  20.04

previously established SOTA methods. Specifically, it out-
performs ScaleFormer [30] by 1.41%, DAEFormer [4] by
1.64%, and by even larger margins when compared to other
approaches. Notably, significant improvements are seen in
the segmentation of specific anatomical regions such as the
right kidney, left kidney, stomach, and pancreas. Notably,
the pancreas achieves a significantly improved segmenta-
tion result, showing an impressive 2.04% improvement over
the second-best performing method. Given that the segmen-
tation of smaller abdominal organs, such as the gallbladder
or pancreas, has historically been a challenge for existing
SOTA approaches, this notable performance improvement
represents a significant step forward in achieving more ac-
curate segmentation results. A qualitative comparison of
different methods is shown in Figure 3. Compared to DAE-
Former [4], our approach results in less misclassifications
for the stomach. While Unet [43] and Swin-UNet [12]
sometimes classify distant tissue as parts of the liver; gall-
bladder or stomach, our approach reduces the misclassifi-
cations and better represents the shape of the organs.

Swin UNet

DAEFormer D-LKA-Former Ground Truth

- Aor l:l Gal - LKid l:l RKid - Liv l:l Pan l:l Spl l:l Sto

Figure 3. Qualitative comparison of the results from UNet [43],
Swin UNet [12], DAEFormer [4] and D-LKA Net.

Skin Lesion Segmentation Results: The comparative out-
comes for skin lesion segmentation benchmarks, includ-

ing ISIC 2017, ISIC 2018, and PHQ, in contrast to lead-
ing methods, are detailed in Table 2. Notably, our D-LKA
Net consistently outperforms its competitors across various
evaluation metrics. This consistent superiority observed
across different datasets underscores D-LKA Net’s robust
generalization capabilities.

A qualitative comparison of the results is presented in
Figure 4. In comparison to the baseline method, D-LKA
Net better follows the complex outline of the lesions. In
contrast to Swin-UNet and HiFormer-B, which tend to over-
or under-segment certain areas, our approach achieves a
more accurate segmentation.

Input Image Ground Truth Swm UNe! HlFormer B

LKA Baseline

D-LKA-| Former

Figure 4. 2D visualizations on the ISIC 2018 [18] dataset.

3.3.2 3D results

Synapse Dataset: We compare our 3D approach with pre-
vious SOTA methods on the Synapse dataset. The results
are presented in Table 3. We achieve a 0.27% improvement
in DSC over the previous SOTA methods UNETR++ [46].
Compared to nnFormer [59], an improvement of 0.92% is
achieved. For the HD95 metric, D-LKA Net reaches the
second-best result. In comparison to UNETR++, a small
performance increase is observed for spleen, left kidney and
aorta. A significant increase is reported of right kidney and
the small organs gallbladder and pancreas. An increase in
the segmentation performance of these small organs is es-
pecially important.
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Table 2. Performance comparison of the proposed method against the SOTA approaches on skin lesion segmentation benchmarks.

Method ISIC 2017 ISIC 2018 PH?

ethods DSC SE SP ACC | DSC SE SP ACC | DSC SE  SP  ACC
U-Net [43] 81.59 81.72 96.80 91.64 | 8545 88.00 9697 94.04 | 89.36 91.25 95.88 92.33
Att-UNet [45] 80.82 7998 97.76 91.45 | 85.66 86.74 98.63 93.76 | 90.03 92.05 96.40 92.76
DAGAN [34] 84.25 83.63 97.16 93.04 | 88.07 90.72 9588 93.24 | 92.01 83.20 96.40 94.25
TransUNet [15] 81.23 82.63 9577 92.07 | 8499 85.78 96.53 94.52 | 88.40 90.63 94.27 92.00
MCGU-Net [2] 89.27 85.02 98.55 9570 | 89.50 84.80 98.60 95.50 | 92.63 83.22 97.14 9537
MedT [50] 80.37 80.64 9546 9090 | 83.89 82.52 9637 93.58 | 91.22 84.72 96.57 94.16
FAT-Net [53] 85.00 8392 97.25 9326 | 89.03 91.00 9699 95.78 | 9440 94.41 9741 97.03
TMU-Net [8] 91.64 9128 97.89 96.60 | 90.59 90.38 97.46 96.03 | 94.14 9395 9756 96.47
Swin-Unet [11] 91.83 9142 9798 97.01 | 89.46 90.56 97.98 96.45 | 9449 94.10 95.64 96.78
DeepLabv3+ (CNN) [17] | 91.62 87.33 99.21 9691 | 8820 85.60 97.70 95.10 | 92.02 88.18 98.32 95.03
HiFormer-B [28] 9253 9155 9840 97.02 | 91.02 91.19 9755 96.21 | 94.60 9420 97.72 96.61
LKA (Baseline) 9229 9192 9824 97.04 | 91.18 89.84 98.02 9632 | 94.09 93.12 97.59 96.12
2D D-LKA Net 92.54 9327 9793 97.05 | 91.77 91.64 97.73 96.47 | 9490 9430 97.75 96.59

Table 3. Results on the Synapse dataset using 3D models. Blue indicates the best result, and red displays the second-best.
Methods | Params (M) FLOPs (G) | Spl  RKid LKid Gal Liv Sto  Aor  Pan | Average
\ \ | DSC1 HD95 |

UNETR [25] 92.49 75.76 85.00 84.52 85.60 5630 94.57 7046 89.80 6047 | 78.35 18.59
Swin-UNETR [24] 62.83 384.2 9537 86.26 86.99 66.54 9572 77.01 91.12 68.80 | 83.48 10.55
nnFormer [59] 150.5 213.4 90.51 86.25 86.57 70.17 96.84 86.83 92.04 83.35 | 86.57 10.63
UNETR++ [46] 42.96 47.98 95.77 87.18 87.54 71.25 96.42 86.01 9252 81.10 | 87.22 7.53
LKA Baseline 28.94 48.79 90.49 87.54 87.57 63.81 9696 84.89 9322 8246 | 85.87 14.35
D-LKA Net 42.35 66.96 95.88 88.50 87.64 72.14 96.25 85.03 92.87 81.64 | 87.49 9.57

In terms of parameters, we have the lowest number of pa-
rameters with only 42.35 M while still achieving excellent
segmentation performance. The number of FLOPs is 66.96
G, the second lowest. Only UNETR++ has less FLOPs.
Compared to SOTA approaches like Swin-UNETR and nn-
Former, we need only about 17% and 31% of the computa-
tions while achieving a better performance.

Figure 5 shows qualitative results on the Synapse dataset.
In comparison to the nnFormer, we better capture the aorta
as a whole and don’t confuse other tissue as the organ. In
comparison to UNETR++, we better segment the pancreas,
whereas UNETR++ tends to under-segment. Also, our ap-
proach segments the liver and stomach more accurately than
UNETR++, which tends to over-segment these organs.

Pancreas Dataset: The results of the NIH Pancreas dataset
are presented in Table 4. Our approach achieves the best
performance in all four metrics. In comparison to the clos-
est competitor UNETR++, an increase of 0.63% in DSC,
0.82% in Jaccard, and a decrease of 1.04 in HD95 and 0.26
in ASD can be noted. D-LKA Net also has the lowest num-
ber of Parameters, with 62.07 M.

Figure 6 shows a qualitative comparison of different ap-
proaches. UNETR fails to segment the Pancreas as a single
object. UNETR++ has smaller artifacts in the segmentation

Table 4. Results on the Pancreas dataset. The dice score, Jaccard
index, HD95, and ASD are reported.

Methods ‘ Params (M) FLOPs (G) ‘ DSC 1 Jaccardt HD95] ASDJ|

UNETR [25] 92.45 63.53 77.42 63.95 15.07 5.09
UNETR++ [46] 96.77 102.44 80.59 68.08 8.63 225
D-LKA Net ‘ 62.07 166.63 ‘ 81.22 68.90 7.59 199

result. Our approach follows the highly irregular shape of
the organ better than the other approaches.

3.4. Ablations Studies

Robustness. To enhance the robustness of our evalua-
tion and to analyze statistical significance, we undertake
5 training runs for each method on the Synapse 2D ver-
sion. This practice not only ensures a more comprehen-
sive assessment but also enables us to visualize the varia-
tions in performance (Please refer to the supplementary file
for the visualizations). In our evaluation, we observed a
stable increase in performance for the aorta, gallbladder,
left and right kidney, liver, pancreas, and stomach, where
the median performance is higher than other SOTA meth-
ods. Solely the spleen segmentation performance is slightly
worse. Furthermore, significant performance improvements
are achieved for the gallbladder, pancreas, and stomach.
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Figure 5. Qualitative results on the Synapse dataset. The boxes mark regions of failure.
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Figure 6. Qualitative results on the Pancreas Dataset.

Deformable LKA Influence. We continue our ablation
study by determining the effectiveness of D-LKA. For this
purpose, we construct a network employing 3D LKA with-
out a deformable layer and another version using 3D LKA
with an extra convolutional layer instead of the deformable
one. The results of this analysis are presented in Table 5.
Introducing the additional 3D convolutional layer results
in a notable improvement in the performance of 0.99% in
DSC when compared to the 3D LKA baseline. However,
this modification also increases the number of parameters
within the network. Replacing the 3D convolutional layer
with a deformable convolutional layer leads to an additional
performance boost, as indicated by a 0.63% increase in
DSC. This alteration, similar to the previous one, also intro-
duces more parameters and FLOPs into the network. Since
the network’s size remains relatively small, the increase in
these metrics is acceptable.

Skip Connections. Lastly, we assess the effect of the skip
connections on the segmentation process. The results are
shown in Table 6. We remove all skip connections and grad-
ually add them to the network, starting with the highest-

Table 5. Results for the experiments of the influence of the de-
formable convolution layer with the Synapse Dataset.

Methods | Params FLOPs | DSC1 HD95 |
3D LKA 2894 4879 | 8587 1435
3D LKA + 3D conv. 3773 58.64 | 86.86  12.69
3D LKA + 3D deform. conv. | 42.35 6696 | 8749  9.57

level skip connection. The results yield that skip connec-
tions are crucial for obtaining optimal segmentation per-
formance. Additionally, we highlight that the highest-level
skip connection is vital for achieving the best segmentation
result, improving the DSC performance by 0.42%.

Table 6. Results for the experiments of the influence of the number
of skip connections with the Synapse Dataset.

Metrics | 0 1 2 3 4

DSC 1 ‘84‘78 8599 86.56 87.07 87.49
HD95¢‘11‘18 1221 1489 925 957

4. Conclusion

In this paper, we propose a novel Deformable LKA mod-
ule. This attention mechanism enables the network to learn
a deformation grid for accessing more relevant informa-
tion than conventional attention strategies. Furthermore, the
LKA mechanism can aggregate global information similar
to that of self-attention to overcome the local restrictions
of CNN mechanisms. Further, we present a 3D version of
our proposed network, which includes cross-slice feature
extraction with SOTA results.
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