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Abstract—Precise lesion segmentation is essential in computer-
aided diagnosis and treatment. Prevalent deep-learning-based
approaches need high-quality annotations to achieve satisfying
performance. However, blurring effects and infiltration hamper
the accurate delineation of lesions. A common solution is to divide
the annotation process into initial annotation by non-specialized
personnel and subsequent modification by expert physicians,
where the latent correction patterns and non-expert labels are sel-
dom utilized effectively. To explore their helpfulness, we propose
ReReNet, a recurrent refined network for lesion segmentation
that learns from non-expert to expert. It achieves progressively
refined segmentation results through multiple iterations with
tailored discrepancy-aware supervision. During training, as the
iterative process perceives discrepancies between refining and
expert labels, the model gradually grasps the knowledge of
turning the barely correct into the clinically accurate. We validate
ReReNet’s capability on three medical image segmentation (MIS)
datasets, including magnetic resonance (MR) and computed
tomography (CT) modalities. Comparison results indicate that
the proposed approach achieves superior performance by in-
troducing the designed recurrent mechanism and outperforms
mainstream methods, demonstrating the effectiveness of mining
hidden correction patterns by utilizing non-expert information.

Index Terms—Medical imaging, Lesion segmentation, Coarse
to fine, Deep learning

I. INTRODUCTION

Medical image segmentation (MIS), identifying and iso-
lating critical regions like lesions, blood vessels, and tissues
[1], plays a major role in early diagnosis, staging, treatment
planning, and predicting prognosis [2]. Imaging techniques
like computed tomography (CT), magnetic resonance (MR),
etc., offer non-invasive ways to get detailed information about
lesions, including their relationships to surrounding structures
[3], [4]. To automate the delineation process requiring time and
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expertise, numerous techniques are developed and applied to
real-world scenarios [5], [6], among which prevailing deep-
learning-based ones are recognized to identify complex pat-
terns from massive data [1], [7].

However, training a capable model needs abundant high-
quality annotations [8], [9]. For MIS, annotating presents
distinct challenges compared to natural scenes. The inherent
complexity of medical images requires extensive domain ex-
pertise, hindering accurate labeling by untrained individuals
[10]. Conversely, annotating in natural scenes for image seg-
mentation or object detection can be delegated to non-experts,
enabling rapid dataset curation. The difficulty in recognizing
regular targets (buildings, persons, lane lines, etc.) is minimal.
In contrast, medical MR and CT imaging necessitate careful
judgment and confirmation for seasoned technicians to identify
critical regions [11], [12], especially in complex scenarios with
blurred boundaries and intermingled tissues.

A prevalent solution in practice for lesion annotation adopts
a two-step approach [13], as shown in Fig. 1 (a). Firstly, non-
expert annotators with brief training perform coarse labeling,
capturing diagnostically relevant information like location and
size. Secondly, experts, typically senior physicians, review
and correct these coarse annotations. This strategy balances
annotation quality with resource utilization, significantly re-
ducing expert workload and overall costs. However, these
non-expert labels are typically overlooked during the training
of the lesion segmentation model. Indeed, mislabeling occurs
more frequently among non-experts due to the uncertainty of
blurred boundaries and tumor infiltration. Fig. 1 (b) depicts the
discrepancies between non-expert labels and ground truth. We
argue that regardless of their accuracy, modeling the correction
process from unreliable (non-expert) to reliable (expert) labels
can guide the model to explicitly discover refinement patterns
and leverage helpful information in non-expert labels, thereby
achieving more precise and robust lesion segmentation.

Therefore, we propose ReReNet, a recurrent refined frame-
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Fig. 1. The motivation of ReReNet. (a) A common way to generate
ground truth is for a non-expert to delineate the lesion coarsely, followed
by refinement by an expert. ReReNet aims to mimic the refining process by
recurrently pushing the model to output the expert-like mask. (b) On the three
datasets, nearly half of the lesions have a dissimilarity of more than 30% in
lesion area between coarse labels and ground truth.

work for lesion segmentation. To the best of our knowledge,
this is the first study of utilizing non-expert labels to assist
in MIS tasks. Specifically, we treat the non-expert label as
the initial coarse label. The output mask feeds into the model
recurrently as the coarse label of the next refinement stage.
Those iterative processes continually enhance the accuracy
of the segmentation. Further, to address the issue countered
when naively learning with the blunt repetition that the perfor-
mance unexpectedly decreases instead of increases, we design
a discrepancy-aware optimization strategy to calculate the
Discrepancy loss that explicitly considers label differences and
guides the model toward better learning from coarse labels.

We assess the performance and validate the effectiveness of
ReReNet on three datasets, NPC-MR (in-house), LIDC-IDRI
[14], and SegRap2023 [15]. Compared with other mainstream
MIS methods, ReReNet performs better by mimicking the
correction process conducted by expert physicians from grad-
ually refined coarse labels. Taking a naive U-Net [16] as the
cornerstone, the modified version (ReReNet) attains a higher
DSC by 4.36%, 1.17%, and 1.11%, respectively. Furthermore,
we conduct segmentation experiments at different label ratios
during training on the NPC-MR dataset. With only 10% of
labels, ReReNet achieves the performance of the baseline
model trained on 50% of labels. This substantial reduction
in reliance on high-standard annotations highlights ReReNet’s
potential in MIS.

The main contributions of our work are summarized below:

e« We propose ReReNet, a novel learning framework to
harness non-expert labels that may have been previously
overlooked and to refine segmentation results recurrently.

o We develop a discrepancy-aware optimization strategy,
perceiving the discrepancies with expert labels as the
process iterates. This strategy of calculating the loss

2087

guides the network model to focus on these discrepancies.

o« We conduct extensive experiments on three lesion seg-
mentation datasets, of which the numerical and visual
results illustrate that the proposed ReReNet delivers
higher segmentation accuracy and alleviates the label
demand compared to typical methods. Ablation studies
also prove the efficacy of the recurrent mechanism and
the discrepancy-aware supervision.

II. RELATED WORK

In the past decade, the boosted computational capacity
encouraged the development of numerous deep learning-based
automatic MIS algorithms. After fully convolutional networks
(FCNs) [17], the emergence of the simple yet effective U-
Net [16] established the U-shaped architecture as a de facto
model in medical image analysis in either 2D [18], [19] or 3D
[20], [21]. Recently, transformer has been introduced into MIS,
such as UNETR [22], TransUNet [23], and Swin-Unet [24],
etc. Several essential phenomenons in Medical images that
raise the difficulty of accurately segmenting the tumor lesion
are blurred lesion boundaries and noises [10]. To overcome
the issue, some methods adopt the coarse-to-fine paradigm
[25]-[28]. The first stage generates an approximate region, and
the second stage refines this region using more sophisticated
models. CFU-Net [29] introduces an additional decoding path
at the feature level, using the coarse part to guide the decoding
of the refined part. [30] utilizes semantic information from
feature maps of different layers to refine the boundaries of
coarse masks, thereby enhancing segmentation performance.

However, few of the above methods have attempted to
leverage non-expert annotations to surmount the uncertainty
caused by blurred and intermingled lesion regions. Using
coarse labels, we innovatively formulate the recurrent refined
network to model the coarse-to-fine pattern from non-expert
labels to expert labels, thereby realizing accurate lesion seg-
mentation.

III. METHOD

This paper presents a novel learning framework to harness
abundant coarse label information previously underutilized
and introduces a discrepancy-aware optimization strategy to
enhance this learning paradigm. We first formulate the problem
of segmenting the lesion or organ region and clarify the mathe-
matical notations. Next, we delve into the specific concept and
methodology of the framework. Based on that, we describe
the dedicated optimization strategy tailored to this scenario.
Fig. 2 demonstrates the detail of the proposed ReReNet and
the Discrepancy loss.

A. ReReNet Framework

Inspired by the coarse-to-fine thought, we design a recurrent
and progressive learning architecture that utilizes coarse labels
to assist in segmentation. Non-expert labels are treated as the
initial coarse labels. The output masks are fed into the model
recurrently as the coarse labels of the next refinement stage,
continually enhancing the segmented results.
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Fig. 2. The scheme of the proposed ReReNet. (a) The overall data flow of the recurrent process from stage k — 2 to stage k is depicted. The output mask
of one stage is reused as the input of the next stage. (b) The discrepancy-aware optimization strategy is demonstrated. The discrepancy is obtained by the

coarse label and ground truth to weight the loss.

Considering the input space X (i.e., the image space), each
image comprises a set of pixels IV, where N = H x W.In a
standard semantic segmentation setup, given an image z € X,
our objective is to learn a mapping that assigns a label y; €
Y to each pixel z;, representing its semantic category. The
mapping is achieved by a learnable encoder-decoder model fjy,
predicting the probability of mapping from the image space
X to the label space ). The output segmentation mask is
§ = {argmax.cy p¢}Y |, where p$ is the model’s predicted
probability of pixel x; belonging to category c. Hence, § =
fo(x).

In the training and inference phase of ReReNet, the final
segmentation mask is obtained through multiple stages, as
shown in Fig. 2 (a). We divide this process into K stages.
During training, at each stage k, the output mask ¢!
from the previous stage is input into the network, aiding in
producing a more refined segmentation outcome, which is
denoted as:

gF = 57 (@, 9. (1)

The parameters of the model fé“_l are updated by calculating
the loss between §* and y to obtain fg for the subsequent
stage. Upon the completion of training, we have the final
model f;. It is noted that the recurrent mechanism is also
employed in inference, where the mask from the previous stage
concatenates with the raw image to input into the model. After
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iterating /C times, the whole process is finished and generates
the final segmentation result §* = f;(z, 9%~ 1).

For a given image x, during the segmentation process, the
image = and the initial coarse label (non-expert label) " are
concatenated and merged along the feature channel to serve as
the input into the model. ReReNet outputs the segmentation
mask 7. Subsequently, the discrepancy between ' and the
ground truth y is obtained for the loss calculation, and the
network’s parameters are updated through gradient descent.
This step is defined as stage 1, whose output ¢! is utilized as
the coarse label for the next stage. The process is repeated X
times to complete the training of one batch, and the inference
process follows the same procedure.

B. Discrepancy-Aware Optimization Strategy

Upon the ReReNet, we also propose a discrepancy-aware
optimization strategy to optimize the model’s training. Main-
stream approaches commonly use the Dice loss for network
optimization. Due to the varying sizes of target regions, it
is more robust against class imbalance issues and may offer
greater stability during training. The general form of the Dice
loss is as follows:

N ~

2 Zizl YilYi
N N .7
Zi:1 Yi + Zi:l Yi

However, solely using the Dice loss overlooks the valuable
information on the coarse label. To effectively utilize this

gDice(Z}) y) =1- 2
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information, we introduce a discrepancy-aware optimization
strategy, i.e., a loss function, enhancing the network’s percep-
tion of the discrepancy.

The following describes the difference-aware optimization
strategy and its implementation. As shown in the discrepancy-
aware module in Fig. 2 (b). As understood from the ReReNet
framework paradigm, the inputs to the network are x, 3%,
where x represents the original input image, and %! is the
coarse label from the previous stage. The network output
is ¥, the current stage’s output mask. The discrepancy is
defined as discrepancy = XOR(9*~!,y), representing the
portions incorrectly classified by the model in the previous
stage, containing the false positive (FP) and false negative
(FN). For these mis-segmentation regions, a corresponding
weight map is built for parameters’ optimization, manifested
as a loss function. The weight w is used for calculating the
loss, where A is the weight factor.

w=XOR(#* ', y) * A+ 1, 3)

based on the weight map, the Discrepancy loss can be derived
as:
N
gDiscrepanCy (@kila gk:’ y) = - Z(wz * (yl . log(g)f)
i
+(1 = yi) - log(1 = 3))).
Incorporating both ¢pice and £piscrepancy. the overall net-
work optimization loss for the ReReNet can be expressed as:

“4)

UG 9%, y) = a - Ipice(,y)

+(1 - a) . gDiscrepancy(gk_lv Qka y)v

where « is the hyperparameter that balances the two losses.
To address the unexpected drop in performance observed with
naive cyclic learning concerning the different stages of k, we
assign varying weights to the different stages. This intuitively
reflects that, with the progression of recurrent iterations, the
model incrementally intensifies the penalty for errors, expect-
ing better results, as demonstrated below:

0@ 9%, )k = max(o, 25) « (", 95, y),  (6)

where o is the initial factor. We optimize the entire model
across various stages based on £(j*~1, 4% 1y)¥. Experiments

validate the efficacy of our optimization strategy.

)

IV. EXPERIMENTS
A. Datasets

In this study, we evaluate the performance of our proposed
method on three datasets: NPC-MR, LIDC-IDRI, and Seg-
Rap2023.

NPC-MR comprises MR images from 362 nasopharyngeal
carcinoma (NPC) patients undergoing treatment. 10 annotators
without expertise delineated lesions coarsely, which five expe-
rienced medical professionals modified to guarantee clinically
accurate labeling, serving as the ground truth. The average
dissimilarity, i.e., DSC between these non-expert and expert
label pairs, is 68.5%, which is lower than the performance
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of plain models trained with expert labels. LIDC-IDRI [14]
includes lung nodule CT scans from 1,018 cases. We selected
samples annotated by at least four physicians and cropped
them to 256x256 pixels. For a set of multi-observer labels,
pixels with an agreement rate exceeding 50% were considered
expert ones; the label with the largest deviation from the
ground truth was designated as the non-expert label. The
average DSC between non-expert and expert pairs is 66.61%.
SegRap2023 [15] contains CT scans with gross target vol-
umes of the nasopharynx (GTVnx) from 200 NPC patients.
Notably, simulative non-expert labels are obtained by applying
a random perspective transformation to the ground truth. The
average DSC between non-expert and expert pairs is 60.63%.

B. Implementation Details

We treat the expert labels as ground truth and the non-expert
labels as the initial coarse labels for ReReNet. To ensure a
similar distribution of grayscale values in each image, we
normalize them using the mean and standard deviation of
the entire training set, applying the z-score standardization
method.

Other models, except the ReReNet model, take single med-
ical images as input because these models are not initially
designed to incorporate additional information and employ the
Dice loss for training. The ReReNet model is trained using
medical images and coarse labels. In the initial 20 epochs of
training, only the Dice loss is used for optimization to avoid
the potential instability of introducing the Discrepancy loss in
the early learning phase. Models are trained on the training
set for 100 epochs, and the best-performing model on the
validation set is selected for final metric evaluation on the test
set. The Adam optimizer is used to update the parameters. The
initial learning rate is set to le-4, and the weight decay is set
to le-5.

For all experiments, hyperparameters were configured: A\ =
10 in (3), « = 0.8 in (5), and ¢ = 1 in (6). All experiments
are carried out on a single NVIDIA GeForce RTX 4090 GPU
for training and testing. The operating system is Ubuntu 20.04
LTS, with the PyTorch version 1.13.1.

C. Experimental Results

Multiple evaluation metrics are employed in the experimen-
tal section to evaluate model performance comprehensively.
The Dice Similarity Coefficient (DSC) and Intersection over
Union (IoU) are the primary metrics for assessing segmenta-
tion accuracy. They provide insights into the overlap between
predicted and ground-truth segmentations. To assess boundary
differences, the average symmetric surface distance (ASSD)
and 95th Percentile Hausdorff Distance (HD95) are used.
Precision measures the accuracy of positive case predictions,
while Recall assesses the model’s ability to identify all relevant
instances.

1) Segmentation Performance: We assess ReReNet’s per-
formance by comparing it with mainstream segmentation mod-
els on the NPC-MR, LIDC-IDRI, and SegRap2023 datasets.
Of note, unlike semi-supervised learning, which generates
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TABLE I
PERFORMANCE EVALUATION OF RERENET (K = 5) COMPARED WITH OTHER TYPICAL SEGMENTATION MODELS WHOSE IMPLEMENTATIONS ARE
PUBLICLY AVAILABLE. BOLD MARKS THE BEST RESULT AND UNDERLINE MARKS THE SECOND BEST.

Dataset Method DSC (%) IoU (%) ASSD | HDY95 | Precision (%) Recall (%)
U-Net 72.19 59.29 5.88 15.70 75.84 74.43
Attention U-Net ~ 73.18 60.85 7.22 18.35 73.95 78.43
NPC-MR DeepLabv3 69.90 56.23 6.33 15.03 (-0.67) 7324 72.08
TransUNet 68.67 55.58 7.60 2081 68.93 74.43
Swin-Unet 67.23 53.12 7.08 19.12 69.86 70.97
ReReNet(ours)  77.54 (+4.36)  66.22 (+5.37)  5.36 (-0.52)  16.39 7871 (+2.87)  81.39 (+2.96)
U-Net 81.28 71.17 3.0 7.05 82.72 84.20
Attention U-Net  78.63 68.11 402 10.75 80.22 82.04
DeepLabv3 41.15 3375 51.97 103.55 4201 43.07
LIDC-IDRI [14] . UNet 82.38 71.40 2.18 6.49 82.45 85.16
Swin-Unet 78.46 67.49 5.79 12.78 79.76 81.04
ReReNet(ours)  83.55 (+1.17)  73.40 (+2.00) 113 (-1.05) 2.60 (-3.89)  84.58 (+1.86)  88.39 (+3.23)
U-Net 75.45 62.15 3.86 6.89 75.40 81.62
Attention U-Net ~ 77.34 64.88 3.51 6.15 76.28 8331
DeepLabyv3 68.92 54.88 404 8.67 70.37 74.84
SegRap2023 [15] 1y, sUNet 74.83 62.00 5.96 9.46 71.35 83.76
Swin-Unet 67.37 5372 10.47 2035 67.30 73.94
ReReNet(ours) 7845 (+1.11)  65.96 (+1.08) 3.34 (-0.17) 5.03 (-1.12)  77.28 (+1.00)  85.52 (+1.76)
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Fig. 3. Trend of the DSC with training iteration on the NPC-MR dataset.

pseudo-labels for unlabeled samples and utilizes them with
certain strategies to improve performance [31], our solution is
fully supervised; the non-expert labels are provided by non-
professionals and have one-to-one corresponding ground truth,
which are processed by humans. Therefore, we select repre-
sentative supervised segmentation architectures for ReReNet
to compare with. We choose U-Net as the cornerstone model
for our study due to its widespread use and well-established
performance in MIS tasks. We also conduct comparative
experiments with prominent architectures, including Attention
U-Net [18], DeepLabv3 [32], and Transformer-based models
like TransUNet [23] and Swin-Unet [24].

As illustrated in Table I, ReReNet demonstrates significantly
superior performance to other models. Specifically, on the
NPC-MR, ReReNet achieves a 4.36% and 5.37% improvement
in the DSC and IoU metrics, respectively, compared to the
second-best method. This indicates its relative excellence in
segmentation accuracy over other models. Besides, ReReNet
achieves a notable increase of 2.87% and 2.96% in Precision
and Recall. It is particularly noteworthy that DeepLabv3 has
certain advantages in terms of HD95, with a 0.67% reduction.

2090

In addition, on the LIDC-IDRI dataset, ReReNet achieves
improvements of 1.17% in DSC and 2.00% in IoU compared
to other models, demonstrating its superior performance. Fi-
nally, ReReNet also shows significant enhancements at Seg-
Rap2023. The numerical comparison refers to Table I.

Observing the DSC trend of each model during training,
Fig. 3 illustrates the variation in DSC on the validation
set during the training process using the NPC-MR dataset.
As the training progresses, other methods gradually exhibit
signs of overfitting after 10,000 iterations. However, due to
the introduction of discrepancy-aware supervision, ReReNet
demonstrates enhanced training effectiveness, particularly after
30,000 iterations.

Fig. 4 presents a visual qualitative comparison of the binary
masks generated by ReReNet and other models. ReReNet
achieves superior segmentation results. For instance, in Fig. 4
(b), where the left side lesions were either incorrectly iden-
tified or completely unrecognized by other models, ReReNet
accurately recognizes them. Moreover, according to the guide
of the non-expert label, ReReNet achieves more accurate
segmentation of the right-side lesions.

Overall, the experimental results demonstrate ReReNet’s
prominent performance in the MIS task, particularly its sig-
nificant improvements under comprehensive evaluation met-
rics. These outcomes and findings suggest that the proposed
ReReNet can effectively utilize coarse labels to enhance seg-
mentation performance.

2) Performance at Different Label Ratios: To assess the
performance of ReReNet with varying ratios of data, we
divide the NPC-MR dataset into five different label quantity
levels: 10%, 30%, 50%, 70%, and 100%. We compare the
segmentation results of ReReNet and the baseline model
across these varied label ratios. As illustrated in Table II.
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Fig. 4. Qualitative results of ReReNet comparing other approaches. (a) and (b) belong to NPC-MR, (c) and (d) belong to LIDC-IDRI, and (e) and (f) belong
to SegRap2023. From U-Net to ReReNet, white denotes correct segmentation, red denotes under-segmentation, and green denotes over-segmentation. Best
viewed in color. It can be shown that the segmentation masks output by ReReNet present less over- and under-segmentation.

Our results demonstrate that, as the ratio of labels increases,
the model’s performance metrics consistently improve. This
finding confirms the well-established principle that larger
training datasets enhance model performance. Furthermore, it
is observed that the accuracy of the baseline model improves
more significantly when the label ratio increases from 10%
to 50%, while the improvement from 50% to 100% shows
diminishing marginal returns. This raises a common trade-
off between improving marginal accuracy and the effort of
acquiring more labels.

In our experiments, ReReNet significantly reduces the
model’s reliance on labels, achieving accurate segmentation
with fewer labels. ReReNet mostly outperforms the baseline
segmentation model across various label ratios. Remarkably,
with only 10% labels, ReReNet achieves a better performance
(IoU 56.39%) than that of the baseline model trained on
50% labels (IoU 56.01%). On the other hand, by using 70%
labels, ReReNet (DSC 74.54%) significantly surpassed the
performance of the baseline model with 100% labels (DSC
72.19%).

This demonstrates that ReReNet can achieve outstanding
segmentation results even with limited label resources, provid-

2091

ing valuable insights for more efficient use of scarce labels. It
offers a practical solution to the problem of high-cost labeling
in medical imaging, proving the potential of ReReNet for
medical image analysis.

3) Visualization of Intermediate Output: Furthermore, as
shown in Fig. 5, we visualize the output mask of each step
during the iterative inference of ReReNet (K = 5). The figure
shows that in the first step, the model’s output segmentation
image contains many inaccurate regions. However, as it it-
erates, the model gradually corrects these error regions and
finally generates more accurate segmentation results. These
visualization results demonstrate ReReNet’s ability to grad-
ually eliminate segmentation errors by continuously updating
the results in the iterative process and refining its segmentation
output with iterations.

D. Ablation Studies

1) Effectiveness of Components of ReReNet: As shown
in Table III, on the NPC-MR dataset, we first illustrate the
unreliability of non-expert labels. Supervised by only non-
expert labels, the trained UNet performs worse than those
supervised by expert labels, as anticipated. Then, we verify the
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TABLE II
PERFORMANCE GAINS OF RERENET COMPARED WITH THE BASELINE MODEL AT DIFFERENT LABEL RATIOS ON NPC-MR DATASET.

Label ratio

Metric Method Average
10% 30% 50% 70% 100%
DSC (%) U-Net 60.34 65.72 69.41 71.21 72.19 67.77
¢ ReReNet  68.17 (+7.83) 69.81 (+4.09) 70.23 (+0.82) 74.54 (+3.33) 77.54 (+5.35) 72.06 (+4.29)
ToU (%) U-Net 46.65 51.64 56.01 58.20 59.29 54.35
¢ ReReNet  56.39 (+9.74) 57.83 (+6.19) 58.18 (+2.17)  62.23 (+4.03)  66.22 (+6.93)  60.17 (+5.82)
HDY5 | U-Net 43.22 28.00 19.30 (-6.63)  15.38 (-1.74)  15.70 (-0.69)  24.32
ReReNet  27.49 (-15.73)  25.56 (-2.44) 25.93 17.12 16.39 22.50 (-1.82)
Precision (%) U-Net 57.40 61.20 73.85 74.18 75.84 68.50
°7 ReReNet 76.08 (+18.68) 73.44 (+12.24) 74.18 (+0.33)  74.56 (+0.38)  78.71 (+2.87)  75.39 (+6.89)
Raw image Expert label  Non-expert label stage 1 stage 2 stage 3 stage 4 stage 5

(a)

(0

Fig. 5. Intermediate output masks of ReReNet from stage 1 to 5 when I =
green denotes over-segmentation. Best viewed in color. As the refinement prog;

TABLE III
ABLATION STUDY OF INTRODUCING NON-EXPERT LABELS, RECURRENT
MECHANISM, AND DISCREPANCY-AWARE OPTIMIZATION STRATEGY.

Non-Expert Expert Recurrent Discrepancy DSC (%)
v X X X 65.60 (-6.59)
X 4 X X 72.19
v v v X 76.71 (+4.52)
v v v v 77.54 (+5.35)

effectiveness of the recurrent mechanism and the discrepancy-
aware optimization strategy. ReReNet (X = 5) equipped solely
with the recurrent framework achieves a DSC of 76.71%, ex-
ceeding the baseline by 4.52%. Incorporating the discrepancy-
aware module further boosts DSC by 0.83%, culminating in
77.54%. This improvement underscores the efficacy of the
recurrent mechanism and the discrepancy-aware module.

2) Impact of Different Total Stages: We conduct an ablation
study on the hyperparameter K (total stages of ReReNet) on
MPC-MR, with results displayed in Table IV. At K = 1, the
model achieves favorable results, with a DSC of 77.15%. This
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5, white denotes correct segmentation, red denotes under-segmentation, and
resses, the segmented masks gradually improved.

TABLE IV
ABLATION STUDY OF THE HYPERPARAMETER K.

K=1
77.15

K=3
75.36

K=5
77.54

=7
72.28

K=9
72.27

Total stages
DSC (%)

validates the effective enhancement of model performance by
incorporating coarse labels. As K increases, there is an initial
decline in model performance, which then peaks at L = 5
with a DSC of 77.54%, followed by a substantial decrease as
K continues to rise.

We surmise that when K = 1, a single inference pro-
cess simplifies the task and potentially leads to superior
performance. Increasing K beyond 1 adds complexity, as
the model must correct accumulated errors within the loop.
With low K values, the model struggles to capture the full
task distribution. Conversely, a high K allows the model to
learn the task paradigm gradually, but excessive iterations lead
to error accumulation that hinders performance. Remarkably,
K =5 appears to strike a balance between model complexity
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and error accumulation, resulting in the observed optimal
performance.

V. CONCLUSION

In summary, we propose the Recurrent Refined Network,
a novel framework that leverages non-expert labels to model
the refining process by experts and consequently achieves pro-
gressive refinement of segmentation results. Besides, ReReNet
applies a discrepancy-aware optimization strategy tailored to
coarse-label inputs. Evaluated on three datasets, ReReNet
delivers superior performance in lesion segmentation, surpass-
ing the typical architectures. It validates the effectiveness of
utilizing non-expert information to identify hidden correction
patterns, demonstrating significant potential in the medical
image segmentation field.

Several limitations are worth further investigation. Non-
expert labels limit the setup of the initial coarse labels in the
inference stage. Outputs from rule-based algorithms could be
an alternative to suit different application scenarios. Further-
more, our analysis is currently conducted with 2D images.
Counterpart 3D architectures should be implemented to cater
to the nature of volumetric data in medical imaging.
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