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ABSTRACT

In this paper, we are interested in exploring the problem of
full-resolution image segmentation, with the focus placed on
learning full-resolution representations for biomedicine im-
ages. We divide the original resolution image into patches of
different sizes in different stages and then extracte local fea-
tures from large to small patches using efficient and flexible
components in modern convolutional neural networks (CNN).
Meanwhile, a multilayer perceptron (MLP) block intended
for modeling long-range dependencies between patches is de-
signed to compensate for the inherent inductive bias caused
by convolution operations. In addition, we perform multi-
scale fusion and receive representation information from par-
allel paths at each stage, resulting in a rich full-resolution
representation. We evaluate the proposed method on differ-
ent biomedical image segmentation tasks and it achieves a
competitive performance compared to the latest deep learn-
ing segmentation methods. It is hoped that this method will
serve as a useful alternative to biomedical image segmenta-
tion and provide an improved idea for the research based on
full-resolution representation.

Index Terms— Full-resolution representation, Local fea-
ture, Multi-scale fusion, Biomedical image segmentation

1. INTRODUCTION

Biomedical image segmentation plays a key role in computer-
aided diagnosis, which is aimed to extract the regions of in-
terest in an image. With the development of medical imaging
technology, the sample size and diversity of biomedical im-
ages are rapidly increasing so that manual segmentation is
no longer sufficient to meet practical needs. Therefore, it is
important to develop automatic, accurate and robust biomed-
ical image segmentation methods. In the case of semantic
segmentation, state-of-the-art approaches rely on encoder-
decoder architectures. For example, U-Net [1] and others use
encoder networks to learn high-level semantic representa-
tions and decoders for the recovery of lost spatial information
from the high-level representations. DeepLabv3 [2] expands
the receptive field and aggregates multi-scale information
by atrous convolution and pooling operations. Some works
[3, 4] introduce built-in depth variable U-Net ensembles and

redesign skip connections to achieve more flexible feature
fusion. Besides, enhancing the capability of feature rep-
resentation for the encoder and decoder [5] is a means to
improve the performance in segmentation. Another approach
is to utilize a self-attention mechanism to generate more dis-
criminative feature representations and model the long-range
dependencies of input features [6, 7]. TransUNet [8] and U-
Net Transformer [9] learn patches sequence relations through
Transformer. Transformer-based methods usually work well
when trained on large-scale datasets [10], but the number of
images available for training in medical datasets tends to be
relatively small. In summary, reducing the loss of feature
information, fusing multi-scale features and performing well
on small datasets are the key issues that need to be addressed
for biomedical image segmentation.

We propose a new full-resolution representation network
to solve the above-mentioned problems. Compared with those
networks [1, 3, 8, 11] widely used now for biomedical image
segmentation, our network has three benefits: (i) We main-
tain a full resolution representation throughout, thus avoiding
the problem of losing image detail information through down-
sampling. (ii) Unlike the ordinary segmentation networks en-
suring that richer feature information is extracted by increas-
ing the number of channels at each stage, we maintain an
competitive segmentation performance while using the same
number of channels at each stage. (iii) Most existing methods
have the feature fusion schemes that fuse shallow and deep
features (e.g., U-Net and its variants). Differently, we per-
form multi-scale fusion at the same depth (stage) to improve
the full-resolution representation at the different stages.

2. RELATED WORK

In theory, a well-performing segmentation network should try
to keep as much detail as possible in the image while reduc-
ing redundant features. Learning a full-resolution or high-
resolution representation of an image can be a solution. For
example, Li et al. [12] used atrous convolution and residual
concatenation to achieve an end-to-end mapping from image
volume to voxel-level dense segmentation. Mohammed et al.
[13] increased the depth of the network while maintaining
the full-resolution to simulate changes in the receptive field
of down-sampling. The design of multi-branch network can
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Fig. 1. The framework of our proposed method: (a) overview of F2RNet; (b) Feature reconstruction block; (c) MLP block

meet the requirement of feature complementarity in down-
stream tasks, and Qu et al. [11] learned basic semantic in-
formation and non-destructive semantic information through
U-shaped branch and full feature extraction branch.

A simple multi-scale fusion approach is to separately feed
the input features into parallel filters of different kernel sizes
and aggregate the feature maps of different outputs. This
multi-branch approach is widely used by GoogleNet [14]. U-
Net and its variants [3, 15, 16] gradually fuse shallow features
from high to low resolution into deeper features at the same
resolution from low to high resolution.

Attentional modules can model long-range dependencies
and have been widely used in various visual tasks [7, 17, 18].
Before vision transformers (ViT) were proposed, attention
was either used with CNN in conjunction or used to replace
some components of CNN. ViT can also perform image clas-
sification tasks well with a pure transformer training sequence
of image patches directly. Chen et al. [8] encode tokenized
image patches in CNN feature maps as input sequences, and
design TransU-Net with the advantages of both transformer
and U-Net. Extensions of the above work also include [9, 19].

3. METHODOLOGY

An overview of our proposed F2RNet for biomedical image
segmentation is shown in Figure 1 (a). The framework is
mainly composed of three parts, including PatchConv Block,
Feature Reconstruction Block and MLP Block.

3.1. PatchConv Block

The essence of the PatchConv block is to perform a convo-
lution operation on different patches to extract local features
of the image. We denote the input feature map of this mod-
ule by Min ∈ RN×C×H×W , where N is the batch size, C is
the number of channels, H and W are the height and width,

respectively. First split Min into a series of patches of size
(H2i ,

W
2i ) and ( H

3i−1 ,
W

3i−1 ), “i” represents the number of stages
of the module (i ≥ 0). The number of these patches is gradu-
ally increased, and the resolution is 1/2 or 1/3 of the previous
stage (depending on which branch). The operation of split
into patches does not move data in memory and does not per-
form training. It can be done by the following three steps
(the 1st branch is used as an example below): 1) Reshape
Min to (N,C, 2i, H

2i , 2
i, W

2i ); 2) Rearrange the order of the
axes as (N, 2i, 2i, C, H

2i ,
W
2i ); 3) Reshape the above features

to Mp ∈ RN×22i×C× H

2i
×W

2i again. Then, act on Mp with a
set of shared convolutions with residual connections, which
can be expressed as:

Mconv =
[
Mn

p + Conv(Mn
p , C,K,D, P )

]
(1)

where Mconv ∈ RN×22iC× H

2i
×W

2i , n ∈ [0, 1, ..., 22i], [...]
indicates connected along the channel direction, C is the num-
ber of output channels of convolution, K is the convolution
kernel size (default is 3), D is the dilation rate, which dou-
bles as the number of cycles increases, and P is the number
of pixels to be filled. Finally, use layer normalization to nor-
malize Mconv to get Mout ∈ RN×22iC× H

2i
×W

2i , The reason
we do not use traditional batch normalization here is that it
will destroy the overall information of the image, resulting in
reduced segmentation accuracy.

3.2. Feature Reconstrucation and MLP Block

The Feature reconstruction block (FRB) is designed to fuse
the features of two branches and integrate semantic infor-
mation at different scales. Figure 1(b) is a schematic dia-
gram of the mutual conversion of two branches. When in
the same stage, the tensors of the two branches are M i

one ∈
RN×22iC× H

2i
×W

2i and M i
two ∈ RN×32(i−1)C× H

3i−1 × W

3i−1 re-
spectively. For ease of fusion, we first convert the shapes of
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M i
one and M i

two to M i
one−→two and M i

two−→one in the op-
posite order of the previous steps. Then, the four tensors are
added element-wise, namely M i

out1 = M i
one + M i

two−→one

and M i
out2 = M i

two +M i
one−→two. As the stage gets deeper,

the resolution of each image patch is gradually smaller and
the local features are further refined, which are in line with
human visual perception of images. Compared with shallow
and deep feature fusion methods, our method can obtain more
complementary information.

MLP block is shown in Figure 1(c), the resolution of orig-
inal input images is (H,W ) and the resolution of each patch
is (HP , W

P ) (P denotes the number of patches in the length or
width direction), the number of these patches is P 2 and each
patch projection dimension is C.

The MLP block consists mainly of two multi-layer per-
ceptron layers and non-linear layers. The first MLP layer acts
on the spatially compressed patches and is used to learn the
connection information between the projection channels of
the different patches. Specifically, we first aggregate the spa-
tial information of the input tensor Min ∈ RN×H

P ×W
P ×P 2C

using a spatial average pooling (SAP), and the pooled tensor
is Msap ∈ RN×1×1×P 2C . After that, the Msap is fed into the
linear layer with the following transformation (”Trans 1”):

MTrans1 = Permute (Up(Msap)) (2)

Which Up means that the patches in Msap are up-sampled
according to the pixel distribution of the original image, i.e.,
RN×1×1×P 2C −→ RN×P×P×C and then the tensor is re-
shaped to obtain MTrans1 of shape (NP 2, C).

The above transformation remains cost-free, and the in-
put and output of MLP layer remain the same. Compared
with direct linear mapping on the original input images or
features, the required computation of our method is reduced
from HWC2 to P 2C2. Lastly, we utilize the inverse opera-
tion of ”Trans 1” to restore features after the nonlinear layer
(ReLU) and fuse restored features with the input features.

The second MLP layer acts on the patches after channel
compression and is used to learn the long-range relationships
between patches. As described above, the channel informa-
tion of the input tensor is first aggregated using channel aver-
age pooling (CAP), i.e., Mcap ∈ RN×H

P ×W
P ×P 2

. And then
Mcap is reshaped into a tensor of (P 2, HW

P 2 ) (i.e., ”Trans 2”
operation), each line of which contains all the information of
one patch.

The second MLP layer receives inputs of different sizes
at different stages, but the computational parameters remain
the same (ignoring bias). As the stage gets deeper, this layer
receives more image patches, this design is similar to the
traditional pyramid structure, but we always learn the full-
resolution representation of the image. Finally, we use the
skip connection to conduct the Hadamard product for the re-
sults of the ReLU layer and the input features to obtain the
output features of the MLP block.

3.3. F2RNet Architecture

The main body of our F2RNet contains four stages with two
parallel sub-networks, where the 1-st stage extracts features
from the input image using a convolution with the kernel of
7×7 and a PatchConv block. Starting from the 2-nd stage, we
apply PatchConv block, Feature reconstruction block (FRB)
and MLP block for multi-scale feature fusion of parallel paths
and the generation of rich full-resolution representations.

We have built the base model F2RNet-B, and the pa-
rameter settings of this model are similar to ResNet-based
backbone network. Furthermore, F2RNet-T, F2RNet-S and
F2RNet-L are presented, as the complexity of these instances
increases, so does performance. The architectural parameters
of these model variants include:

F2RNet− T : C = 32, L = [1, 1, 1, 1]
F2RNet− S : C = 32, L = [1, 2, 2, 2]
F2RNet−B : C = 64, L = [1, 1, 2, 2]
F2RNet− L : C = 96, L = [1, 1, 1, 2]
Where C is the number of feature channels in the first

stage, which remains constant throughout the network. L rep-
resents the number of cycles in different stage.

4. EXPERIMENTS

We conduct experiments on three public biomedical im-
age segmentation datasets to verify the effectiveness of our
method. The three datasets are the Kaggle 2018 data science
bowl (referenced to as Nuclei) [7], Retinal Images vessel Tree
Extraction (RITE) [20] and GLAnd Segmentation (GLAS)
[20] datasets, and their image counts are 670, 160 and 165
respectively (The training resolution of F2RNet is 216 x 216,
others are 224 × 224). To make our experimental results
more convincing, we conduct all experiments using 5-fold
cross-validation.

4.1. Implementation Details

We implement the Pytorch based method by training on
NVIDIA Tesla V100 GPU. During training, we uses the
Adam optimizer, the learning rate is fixed at 1e-4, the batch
size is set to 16, and the Crossentropy loss function is adopted
at the end of the network. When the validation loss is stable
and there is no significant change within 30 epochs, an early
stopping mechanism is used to stop training. The training data
is augmented by applying random rotations (±25°), random
horizontal, vertical shifts (15%), and random flips (horizontal
and vertical). All comparative experiments are performed
under the same operating environment, hyper-parameters,
training set and validation set.

4.2. Comparison with State-of-the-arts

We compare the proposed F2RNet with eight state-of-the-
art methods (U-Net [1], U-Net++ [3], ResUNet [5], R2UNet
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Table 1. Comparison results with state-of-the-art methods on
three datasets.

Method Nuclei GLAS RITE
IoU Dice IoU Dice IoU Dice

U-Net 84.20 91.42 85.28 92.04 68.08 81.02
U-Net++ 84.54 91.64 86.12 92.56 66.80 80.08
ResUNet 85.48 92.18 85.88 92.38 69.82 82.20
R2UNet 85.76 92.18 85.90 92.52 68.38 81.06
BiONet 85.22 92.06 85.44 91.90 65.06 78.82

ResGANet 85.50 91.82 85.10 91.66 66.20 79.38
TransUNet 85.18 92.02 86.52 92.86 68.58 81.34
SwinUNet 84.76 91.76 83.08 90.74 67.80 80.82
F2RNet-T 85.24 91.60 84.86 91.50 69.84 82.04
F2RNet-S 85.66 91.88 85.88 92.14 70.30 82.38
F2RNet-B 86.08 92.14 86.56 92.48 70.42 82.46
F2RNet-L 86.29 92.26 87.12 92.88 70.30 82.38

[16], BiONet [15], ResGANet [21], TransUNet [8] and Swi-
nUNet [22]) on three datasets. We adopt the two most com-
monly used evaluation metrics in semantic segmentation (i.e.,
IoU and Dice) to evaluate above methods.

We can observe from Table 1. that the performance of
F2RNet improves as the model size gets larger generally. It
is worth noting that our method is trained from scratch with-
out relying on any pre-trained models, which indicates that
our method is less dependent on the amount of data. On the
RITE dataset, F2RNet-B obtained the best performance. The
reason for the inferior performance of F2RNet-L on this data
may be due to the small size of the dataset and the sparse
target. Smaller models are already able to learn important
features needed to segment objects. The IoU of our method is
3.64%-4.22% higher than that of the attention-based method
ResGANet. Moreover, these experimental results illustrate
the advantages of our framework in extracting sparse fea-
tures compared to previous methods. The IoU and Dice of
F2RNet-L on the GLAS dataset are 87.12% and 92.88%, re-
spectively, which are better than current Transformer-based
methods. These results demonstrate the good generalization
ability of our method, and also illustrate the potential of full-
resolution representations in the field of semantic segmenta-
tion.

4.3. Analytical Study

To comprehensively evaluate the proposed F2RNet frame-
work, we conduct multiple ablation studies, including ab-
lation studies of MLP blocks, ablation studies of different
branches and feature fusion.

On the influence of MLP block. As mentioned pre-
viously, MLP blocks can improve the detail of semantic
segmentation by modeling long-range dependencies between
patches. Table 2. shows the segmentation results on the Nu-
clei and RITE datasets, and we can see that the addition of the
MLP block to F2RNet generally leads to better segmentation

Table 2. Ablation studies of MLP block on Nuclei and RITE
datasets.

Method Nuclei RITE
IoU Dice IoU Dice

F2RNet-T 86.30 (↑0.74) 92.71 (↑0.15) 68.31 (↑0.61) 80.96 (↑0.37)
F2RNet-S 86.61 (↑0.63) 92.80 (↑0.15) 68.30 (↑1.16) 80.91 (↑0.84)
F2RNet-B 87.02 (↑0.65) 93.03 (↑0.26) 69.72 (↑0.71) 81.90 (↑0.70)
F2RNet-L 87.30 (↑0.76) 93.11 (↑0.38) 69.44 (↑1.15) 81.77 (↑0.95)

performance. Even on smaller datasets like RITE, there is
still a consistent improvement. These experimental results
reinforce our initial intuition for designing the MLP, and we
believe that training the MLP block on a larger dataset is
likely to have better performance.

Table 3. Results of the ablation study on the GLAS dataset.
Branch 1 Branch 2 Fusion IoU (%) Dice (%)√

87.21 93.10√
86.83 92.84√ √
88.29 93.62√ √ √
88.97 94.19

On the influence of different branches and feature fu-
sion. Our method performs multiscale fusion between two
different branches at the same depth aiming to improve the
full-resolution representation of the different stages. We used
F2RNet-B as a benchmark on the GLAS dataset to verify
whether different branches and feature fusions affect segmen-
tation performance. It can be observed from Table 3. that
”Branch 1”, which divides image patches with even numbers,
has better overall performance than ”Branch 2”, which di-
vides patches with odd numbers, but ”Branch 2” obtains the
highest precision index. The 3-rd row shows the experimen-
tal results for two branches without feature interaction and
fusion. Using two branches to extract features can improve
IoU by 1.0% to 1.4%. The best experimental results are ob-
tained when the two branches and feature fusion operations
are used together. This also demonstrates that the improve-
ments we have made in the model are beneficial in improving
medical image segmentation performance.

5. CONCLUSION

We explore full-resolution representations for biomedical im-
age segmentation in this work. First, grouped convolutions in
spatial dimensions are utilized to act on pyramid-structured
patches for learning local features of images. Then, we pro-
pose an MLP block based on a multi-layer perceptual archi-
tecture to enhance the long-range dependencies between dif-
ferent patches. Finally, rich full-resolution representations are
generated by multi-scale feature fusion at the same depth.
The experimental results demonstrate the superiority of our
proposed method over the current ConvNet and Transformer-
based approaches.
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