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Abstract

In utilizing deep learning techniques for medical image seg-
mentation, two types of imbalance issues are observed: inter-
class imbalance between majority and minority classes and
intra-class imbalance between easy and hard samples. How-
ever, existing loss functions typically confuse these issues,
leading to enhancements that cater to only one aspect. More-
over, loss functions optimized for specific tasks often exhibit
limited generalizability. To address these issues, we propose
Inter-class and Intra-class Balance loss, as well as a unified
loss termed Balance loss. The Inter-class Balance loss con-
trols the extent of hard sample mining for majority class
samples by considering the frequency of minority classes
present in each input image. This approach requires no man-
ual adjustment weights and adapts automatically to different
datasets. The Intra-class Balance loss enhances the network’s
ability to learn from hard samples by performing mining on
hard samples within each class. We evaluate our loss func-
tions on five segmentation tasks with varying degrees of class
imbalance. The experimental results show that our proposed
Balance loss enhances segmentation performance compared
with the current loss functions and exhibits superior robust-
ness.

Introduction
Most machine learning algorithms assume that training sam-
ples are approximately uniformly distributed across classes
(Haixiang et al. 2017; He and Garcia 2009). However, this
assumption is often invalid in practical applications, partic-
ularly medical image segmentation. This discrepancy is pri-
marily due to the prevalent issue of class imbalance in medi-
cal image datasets. Firstly, the regions of interest (ROIs) are
relatively small in clinical data, with normal tissue occupy-
ing most of the image. For instance, in a widely used pan-
creas segmentation dataset (Roth et al. 2015), the ROIs are
below 1%. Moreover, ROIs typically exhibit complex fea-
tures such as irregular shapes, blurred boundaries, and het-
erogeneity, which make the accurate classification of edges
more challenging than that of the interior (Li et al. 2023).
Therefore, given the distinctive attributes of medical images,
deep learning techniques for segmentation must address two
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types of imbalance issues: i) Inter-class imbalance: Inter-
class imbalance refers to the difference in the number of
samples between different classes. Because of the numerical
superiority of the majority class samples, the model tends
to learn and predict the majority class better during training,
while frequently neglecting or misclassifying the minority
class samples. ii) Intra-class imbalance: Intra-class imbal-
ance refers to the difference in the characteristics of different
regions or structures within the same class. This is reflected
in the disparity between the number of easy and hard sam-
ples during training. Because the number of simple samples
is larger, the model is often dominated by these during train-
ing. In contrast, hard samples may contain more noise, blur,
or other complex features, which pose challenges for accu-
rate classification.

Typical approaches to address class imbalance in medical
image segmentation include re-sampling (including under-
sampling and over-sampling) and re-weighting. Based on
these approaches, various training strategies (Yan, Yang,
and Cheng 2019), data augmentation techniques (Dai et al.
2022), and methods for designing loss functions (Abraham
and Khan 2019) have been proposed. A prevalent under-
sampling technique involves maintaining a manageable bal-
ance between foreground and background by randomly re-
moving some background samples. Alternatively, a two-
stage training strategy is employed (Yu et al. 2018; Zhang
et al. 2018). In contrast, over-sampling aims to achieve
inter-class balance by synthesizing or duplicating minority
class samples (Hamghalam and Simpson 2024). In addi-
tion to specifically designed deep network architectures or
training strategies, the loss function to be minimized dur-
ing training plays a crucial role (Li et al. 2020). Weighted
Cross Entropy (WCE) loss (Ronneberger, Fischer, and Brox
2015) and Tversky loss (Salehi, Erdogmus, and Gholipour
2017) address the inter-class imbalance by assigning higher
weights to the minority class. For intra-class imbalance, the
issue is typically addressed through hard example mining or
re-weighting. For instance, Focal loss (Lin et al. 2017) and
TopK loss (Wu, Shen, and Hengel 2016) force the network
to focus on hard samples during training.

An optimal segmentation method should address inter-
class and intra-class imbalances while maintaining robust
generalization across diverse datasets and scenarios. This
entails demonstrating high performance across region seg-
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mentation tasks of various scales. While under-sampling
can mitigate inter-class imbalance, the random deletion of
majority class samples and using localization-based con-
straints can lead to the loss of valuable information. On the
other hand, over-sampling, which involves duplicating mi-
nority class samples, may result in overfitting due to the
model memorizing these duplicated samples. Re-weighted
loss functions show effectiveness in addressing imbalance
issues; however, their performance is influenced by hyper-
parameter settings, which typically cannot be shared across
various segmentation tasks. Furthermore, the lack of agree-
ment on suitable loss functions is mainly attributed to vary-
ing degrees of class imbalance. Loss functions tailored for
highly imbalanced tasks typically perform poorly on slightly
imbalanced tasks. As our experiments will demonstrate, on
the CVC-ClinicDB dataset (Bernal et al. 2015), the perfor-
mance of most loss functions is even inferior to the classic
cross entropy (CE) loss.

In this study, we propose the Inter-class Balance loss
(Inter-CBL) and Intra-class Balance loss (Intra-CBL) based
on hard sample mining technique. Additionally, we pro-
pose a unified loss function called the Balance loss. These
methods mitigate both inter-class and intra-class imbalances
while also demonstrating robust generalization capabilities,
rendering them suitable for segmentation tasks with vary-
ing degrees of class imbalance. Specifically, first, we pro-
vide a detailed analysis of how inter-class imbalance affects
segmentation performance. We identify that the hidden false
positives (FP) and false negatives (FN) calculation bias be-
tween testing and training is the main reason for model per-
formance degradation. Based on this conclusion, we propose
Inter-CBL. It controls the extent of hard sample mining for
majority class samples by considering the frequency of mi-
nority classes present in each input image. This approach
requires no manual adjustment weights and adapts automati-
cally to different datasets, ensuring consistently high perfor-
mance in segmentation tasks with varying degrees of class
imbalance. The Intra-CBL, on the other hand, is an im-
provement over TopK loss, enhancing the network’s ability
to learn from hard samples by performing mining on hard
samples within each class. We conduct experimental eval-
uations on five segmentation tasks with different levels of
class imbalance and compare our loss functions with cur-
rently popular ones. The results demonstrate that Balance
loss achieves significant performance improvements across
tasks with various degrees of imbalance, proving its effec-
tiveness and practicality in the field of medical image seg-
mentation. Additionally, Balance loss offers a versatile solu-
tion for region segmentation tasks of different scales due to
its simple design and robust flexibility.

To summarize, our contributions are shown as follows:

• 1) We provide new insights into how class imbalance
harms model performance, specifically the bias in FP and
FN calculations between the training and testing scenar-
ios.

• 2) Based on 1, we explain why the weights of many
weighted loss functions are difficult to generalize.

• 3) We propose Inter-class and Intra-class Balance loss.

We use a two-stage strategy and a linear weighting
method to integrate Inter-CBL and Intra-CBL into the
Balance loss. This unified loss explicitly controls both
inter-class and intra-class balance.

• 4) We perform experiments on segmentation tasks with
varying degrees of class imbalance, validating the effec-
tiveness of our method and its robustness to class imbal-
ance.

Related Work
Re-sampling Method
Re-sampling method primarily includes over-sampling and
under-sampling (Garcea et al. 2023; Bali and Mahara 2023).
Over-sampling aims to enhance the proportion of minority
class samples by synthesizing or duplicating them (Elyan,
Moreno-Garcia, and Jayne 2021). For instance, Soft-CP
(Dai et al. 2022) and TumorCP (Yang et al. 2021) utilized
copy-paste operations to duplicate ROIs, thereby creating
new samples. While this technique addresses data scarcity,
it does not introduce any new information to the dataset
and may lead to overfitting. Under-sampling achieves data
balance by reducing the number of majority class samples
(Xie et al. 2021; Prusa et al. 2015). Two-stage segmenta-
tion approach known as coarse-to-fine segmentation is uti-
lized as an under-sampling technique. For instance, Zhou
et al. (2017) proposed a fixed-point pancreatic segmentation
model, and Yu et al. (2018) proposed a recurrent saliency
transformation network. Another two-stage segmentation
method employs detection-assisted segmentation. For in-
stance, Man et al. (2019) utilized deep Q-learning to dynam-
ically locate lesion areas, generating localization bounding
boxes, and subsequently segmenting the identified regions.
However, the accuracy of the fine segmentation stage de-
pends on the precision of the first stage’s segmentation or lo-
calization, and missed detections in the first stage pose chal-
lenges for recovery in the subsequent stage. Consequently,
the fine segmentation sometimes yields lower accuracy than
the coarse stage.

Re-weighting Method
Re-weighting method mitigates the class imbalance issue by
balancing the weights of different class samples in the loss
function. It is typically divided into class re-weighting and
hard example mining. WCE (Ronneberger, Fischer, and
Brox 2015) assigned higher weights to minority class sam-
ples in the loss function to achieve inter-class balance. Tver-
sky loss function (Salehi, Erdogmus, and Gholipour 2017)
aimed to strike a balance between FP and FN by introduc-
ing a weight parameter. Focal loss (Lin et al. 2017) reduced
the weight of easy examples using a weighting factor, allow-
ing the model to concentrate on difficult or minority exam-
ples. TopK loss (Wu, Shen, and Hengel 2016) discarded easy
samples by setting a threshold or percentage, forcing the net-
work to focus on hard samples. However, these methods of-
ten blur the two types of imbalance issues. The most ad-
vanced solutions typically combine different losses. Combo
loss (Taghanaki et al. 2019) was a weighted sum of Dice loss
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and WCE. The Unified Focal loss (Yeung et al. 2022) inte-
grated multiple loss functions within a unified framework.
However, its authors indicated that due to its complexity,
how to optimize hyperparameters was unclear.

Method
Balance loss is designed to address both inter-class and
intra-class imbalance issues. We introduce our loss starting
from WCE loss and TopK loss.

Weighted Cross Entropy Loss
To address the issue of inter-class imbalance, a common ap-
proach is introducing different weights for different classes.
WCE is an extension of CE, defined as follows:

WCE = − 1

N

C∑
c=1

N∑
i=1

wcy
c
i log(p

c
i ), (1)

where yci represents the ground truth label for pixel i belong-
ing to class c, and pci is the corresponding network predic-
tion. The indices c and i iterate over all classes and pixels
and wc ∈ [0, 1] is the weighting factor. Typically, wc is in-
versely proportional to the class frequency to increase the
weight of minority classes. It can also be manually adjusted
as a hyperparameter.

TopK Loss
TopK loss forces the network to focus on hard samples dur-
ing training, primarily addressing the issue of intra-class im-
balance. In practice, there are two implementation methods.
One method is to retain only the pixels with probability val-
ues below a given threshold, defined as follows:

TopKthr = −
∑C

c=1

∑N
i=1 I {yi = c and pci < t} log(pci )∑C

c=1

∑N
i=1 I {yi = c and pci < t}

,

(2)
where, t ∈ (0, 1] is the threshold, and I is the binary indica-
tor function. Put pixels with a probability greater than t are
discarded because the model easily classifies them. Another
implementation method is to retain the loss of the worst k%
of pixels, defined as follows:

TopK =
−1

N

C∑
c=1

∑
i∈K

yc
i log(p

c
i ), (3)

where K is the set of the worst k% of pixels.

Inter-class Balance Loss
Although the WCE method can achieve inter-class balance,
the adjustment of its weights lacks theoretical basis and
standardization, relying entirely on experience and practice.
Moreover, the weighting factors in the WCE method are dif-
ficult to share between tasks with different degrees of inter-
class imbalance. Therefore, when addressing the inter-class
imbalance problem, a natural question is how to determine
a general method to identify appropriate weights and en-
sure that these weighting factors can be shared or transferred
across different tasks.

To address the issues above, we first discuss how inter-
class imbalance affects network training.
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Figure 1: Illustration of FP and FN calculation bias during
training and testing.

FP and FN Calculation Bias. As shown in Fig. 1, we
identify that inter-class imbalance leads to FP and FN cal-
culation bias between training and testing scenarios. This
bias results in a sub-optimal optimization objective during
model training, ultimately degrading model performance in
tasks with inter-class imbalance. Additionally, we find that
the magnitude of the bias is positively correlated with the
difference between the majority and minority classes, rather
than their ratio. This explains why WCE has the aforemen-
tioned issues. For convenience, the following discussion is
conducted in the context of binary medical image 2D seg-
mentation.

During testing, researchers typically binarize the pre-
dicted probability values into 0 and 1 based on a threshold
T (usually T = 0.5) to classify pixels, and then calculate FP
and FN. We refer to this method as hard calculation, and the
FP and FN are called hard FP and hard FN. The formulas
are as follows:

FPhard =
∑
i∈bg

I{pi > T}, (4)

FNhard =
∑
i∈fg

I{(1− pi) ≥ T}, (5)

where i ∈ bg indicates that pixel i belongs to the background
class, and i ∈ fg indicates that pixel i belongs to the fore-
ground class.

However, the network calculates FP and FN during train-
ing based on the probability values. We refer to this calcu-
lation method as soft calculation. The FP and FN are called
soft FP and soft FN. The formulas are: FPsoft =

∑
i∈bg pi

, FNsoft =
∑

i∈fg(1 − pi). Specifically, FPsoft and FNsoft

can be decomposed into two terms based on the threshold T :

FPsoft =
∑
i∈bg

piI{pi > T}+
∑
i∈bg

piI{pi ≤ T}, (6)

FNsoft =
∑
i∈fg

(1− pi)I{(1− pi) ≥ T}

+
∑
i∈fg

(1− pi)I{(1− pi) < T}.
(7)
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The soft computation method may yield unequal results
when the hard computation method results in equal FP and
FN.

Assume the number of foreground pixels is f , and the
number of background pixels is b, to simplify the discus-
sion, we assume that the probability value of the predicted
foreground region is p, and the probability value of the back-
ground region is 1− p.

According to Eq. (4), Eq. (5), Eq. (6) and Eq. (7), we have:
FPsoft = pFPhard + (1− p)(b− FPhard), (8)
FNsoft = pFNhard + (1− p)(f − FNhard). (9)

Obviously, when FPhard and FNhard are equal, FPsoft and
FNsoft are not equal, and:

FPsoft − FNsoft = (1− p)(b− f). (10)

Our discussion indicates that inter-class imbalance does
not directly cause prediction bias in the network. Instead,
it indirectly affects network performance by causing FP and
FN calculation bias during training. This calculation bias im-
plicitly introduces optimization bias through the loss func-
tion, making the network more inclined toward the majority
class. Simply put, during training on tasks with inter-class
imbalance, FP naturally carries higher weight. A more de-
tailed discussion is in the appendix.

Inter-class Balance Loss. Based on the above discussion
and Eq. (10), we find that this bias is positively corre-
lated with the difference between the majority and minor-
ity classes, rather than the ratio. Traditional WCE addresses
inter-class imbalance by adjusting the ratio between fore-
ground and background using weighting factors. However,
as shown in Eq. (8) and Eq. (9), it is challenging to avoid this
bias solely by adjusting the ratio. Therefore, the determina-
tion of its weights relies more on experience and practice
rather than concrete theoretical guidance.

To solve the problems above, we propose an improved
loss function, Inter-CBL, which is an improvement over the
WCE method, addressing the lack of theoretical basis and
standardization in weight adjustment. Inter-CBL aims to of-
fer a more generalizable and transferable mechanism for
weight determination. It is defined as follows:

Inter-CBL =
−1

f

∑
i∈fg

log(pi) +
−1

f

∑
j∈bgwf

log(1− pj)

+
−1

N

∑
k∈bg\bgwf

log(1− pk),
(11)

where, bgwf represents the set of the f worst pixels in the
background region, and bg\bgwf represents the set of back-
ground pixels excluding bgwf . Inter-CBL achieves inter-
class balance by reducing the loss weight of b − f simple
pixels within the majority class. Specifically, we identify the
top f pixels with the highest losses in the majority class and
assign them weights equal to those of the minority class pix-
els. In contrast, other pixels are given smaller weights. This
not only effectively alleviates the FN and FP calculation bias
but also improves intra-class imbalance within the majority
class. Formally, Inter-CBL is a variant of WCE, and when
the dataset is balanced, i.e., the minority and majority classes
are equal, this loss is equivalent to twice the CE.

Task Dataset Tr. Val. Test %FG
Pancreas NIH 60 6 16 0.4
Kidney KiTS19 152 16 42 3.1
Kidney Tumor KiTS19 152 16 42 1.8
Polyp CVC-ClinicDB 392 98 122 9.3
Breast Tumor BUSI 415 104 128 9.4

Table 1: Overview of tasks and datasets. %FG represents the
proportion of foreground (FG) pixels.

Loss CVC-ClinicDB BUSI
HD↓ DSC↑ HD↓ DSC↑

CE 11.7±1.1 87.8±0.4 31.3±5.4 73.5±0.9
Focal 13.4±1.8 86.6±1.3 29.2±2.4 74.7±0.7
Dice 16.1±3.5 87.6±0.9 29.4±3.4 71.1±0.6
Tversky 15.1±0.4 87.2±0.7 34.1±4.1 71.9±3.3
Combo 12.6±1.1 87.9±0.8 27.2±1.4 73.7±1.5
Unified Focal 13.5±0.9 88.7±0.8 28.5±1.3 74.2±0.6
RCE 11.4±1.7 88.0±0.4 28.9±1.2 73.1±0.6
Balance 8.8±0.2 90.7±0.3 26.8±0.9 76.9±0.2

Table 2: Results on the CVC-ClinicDB and BUSI datasets
(with standard deviations over three independent runs), with
the best results highlighted in bold.

Intra-class Balance Loss
As training progresses, a significant portion of the loss is
attributed to easily distinguishable pixels. However, contin-
ual learning from these simple pixels results in minimal en-
hancement in segmentation performance. Therefore, focus-
ing the training on these challenging samples can enhance
the network’s performance. While TopK loss focuses on
learning from difficult samples and can mitigate intra-class
imbalance, it applies the same division of difficult and easy
samples across all classes. In scenarios with highly imbal-
anced segmentation tasks, this strategy may discard a signifi-
cant amount of loss from rare class, thereby causing unstable
training. As our experiments will show, TopK loss requires
adjustment of the threshold or percentage based on the de-
gree of class imbalance; otherwise, it can cause the model to
collapse.

To address this issue, we propose Intra-CBL, an improve-
ment over TopK loss. The specific definition is as follows:

Intra-CBL = −
C∑

c=1

(∑N
i=1 I {yi = c and pci ≤ t} log(pci )∑N

i=1 I {yi = c and pci ≤ t}

+

∑N
i=1 I {yi = c and pci > t} log(pci )∑N

i=1 I {yi = c and pci > t}

)
.

(12)
Specifically, we do not discard easy pixels. As training pro-
gresses, the number of easy pixels increases, causing the
weight of easy pixels,

∑N
i=1 I{yi = c and pci > t}, to

decrease, while the weight of difficult pixels increases cor-
respondingly. When t = 0, this loss is equivalent to WCE,
where the weight factor is inversely proportional to the class
frequency.
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Loss Kidney Tumor
HD↓ DSC↑ HD↓ DSC↑

CE 6.7±0.5 91.3±0.2 26.1±10.6 59.8±1.8
Focal 6.8±0.7 91.0±0.2 29.8±0.9 56.8±0.5
Dice 6.7±1.3 91.3±0.7 31.2±5.1 62.7±1.0
Tversky 7.8±0.8 91.6±0.3 31.2±5.1 62.7±1.0
Combo 6.9±0.5 91.5±0.1 23.0±1.0 61.4±0.5
Unified Focal 7.5±0.5 91.5±0.2 23.7±1.9 61.4±2.5
RCE 6.5±0.6 91.5±0.5 19.3±3.0 63.9±0.7
Balance 6.4±1.2 92.4±0.3 21.2±3.1 66.8±2.0

Table 3: Results on the KITS19 dataset.

Loss HD↓ DSC↑
CE 6.2±0.4 74.7±1.2
Focal 8.6±0.5 66.4±2.1
Dice 5.8±0.3 76.8±0.6
Tversky 6.7±0.4 76.3±1.2
Combo 5.6±0.4 76.5±0.2
Unified Focal 6.6±1.6 76.3±1.1
RCE 6.0±0.7 74.5±0.7
Balance 5.3±0.5 77.6±0.3

Table 4: Results on the NIH dataset.

Balance Loss
Inter-CBL and Intra-CBL address inter-class and intra-class
imbalance issues, respectively. Our Balance loss is defined
as follows:

BL = αIntra-CBL + (1− α)Inter-CBL. (13)

However, the Inter-CBL is not suitable for training mod-
els from scratch. This is because, during the early stages of
training, the predicted probabilities for all pixels are typ-
ically close to 0.5. Consequently, a very small number of
difficult pixels with large losses dominate the gradient cal-
culation, while the majority of pixels contribute minimally,
leading to an unstable training process. As training pro-
gresses and gradually converges, the use of Inter-CBL be-
comes more stable. Therefore, we employ a two-stage train-
ing strategy. In the initial stage, only the Intra-CBL is used.
Once the network converges, the Balance loss is applied to
continue guiding the network training. Specifically, we con-
sider the network to have converged to an appropriate level
when more than half of the images within the same batch
have their f -th best probability value in the foreground and
background greater than t. At this point, we switch to us-
ing the Balance loss for further training. The more detailed
related explanations are in the appendix.

Experiments
Tasks and Datasets
We evaluate our loss function on five segmentation tasks
with varying degrees of class imbalance, using four public
datasets: the CVC-ClinicDB (Bernal et al. 2015), the Breast
Ultrasound Images (BUSI) (Al-Dhabyani et al. 2020), the

2019 Kidney Tumor Segmentation (KiTS19) challenge (kid-
ney and tumor) (Heller et al. 2019), and the NIH pan-
creas segmentation dataset (Roth et al. 2015). The CVC-
ClinicDB dataset comprises 612 static images extracted
from colonoscopy videos for polyp segmentation. We shuf-
fle the data randomly and resize the images to [224, 224].
The BUSI dataset consists of 780 images, categorized into
three types: normal, benign, and malignant. We use 487 be-
nign and 210 malignant images, following preprocessing
steps consistent with those for the CVC-ClinicDB dataset.
The KiTS19 dataset contains 300 arterial-phase abdominal
CT scans, with 210 cases having publicly available labels.
We truncate the original image intensities to [-79, 304],
rescale them to [0, 255], resize the images to [224, 224], and
repeat the process three times to form three channels. The
NIH dataset includes 82 contrast-enhanced abdominal CT
scan volumes. We truncate the original image intensities to
[-100, 240], and the remaining steps are consistent with the
KiTS19 dataset. Table 1 provides an overview of the tasks
and datasets.

Implementation Details

All experiments use a U-Net architecture with batch nor-
malization and dropout for the 2D automatic segmenta-
tion of medical images. This framework is implemented in
PyTorch, and computations are performed on an NVIDIA
GeForce RTX 4090 GPU. The network weights are opti-
mized using the Stochastic Gradient Descent (SGD) algo-
rithm, where the initial learning rate is 0.1 and the batch size
is 24. For the convergence criteria, the learning rate is halved
if the validation performance does not improve within 10
epochs, and training is terminated if there is no improve-
ment within 20 epochs. We perform the data augmentation
to avoid overfitting, including random rotations, flips, and
elastic deformations.

We evaluate the following loss functions: cross entropy-
based losses including CE loss and Focal loss; dice-based
losses including Dice loss and Tversky loss; and compound
losses including Combo loss, asymmetric variants of the
Unified Focal loss and region-size regularizers cross entropy
(RCE) loss (Liu et al. 2024). We use the optimal parameters
reported in the original studies for losses with hyperparame-
ters for each loss function. Specifically, we set the Focal loss
with α = 0.25, γ = 2 (Lin et al. 2017), Tversky loss with
α = 0.3, β = 0.7 (Salehi, Erdogmus, and Gholipour 2017),
Combo loss with α = 0.5, β = 0.5 (Taghanaki et al. 2019),
Unified Focal loss with λ = 0.5, σ = 0.6, and γ = 0.5 (Ye-
ung et al. 2022), and RCE loss with λ = 1 (Liu et al. 2024).
For the Balance loss, we set t = 0.9, α = 0.5.

Evaluation Metrics. We use the Dice Similarity Coeffi-
cient (DSC) as the primary performance metric and addi-
tionally calculate the Hausdorff Distance (HD) for a more
comprehensive evaluation (Wang, Wang, and Zhu 2020). All
ablation studies (in Sec. ) are conducted on CVC-ClinicDB,
KiTS19 (tumor), and NIH datasets.
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Figure 2: Qualitative comparison of Balance loss with other state-of-the-art methods. In the visualized segmentation results,
purple indicates over-segmentation, and green indicates under-segmentation.

Comparison with Other Loss Functions
We conduct two sets of experiments. The first set aims to
assess the accuracy and stability of the Balance loss un-
der varying degrees of class imbalance. According to Ta-
ble 1, we consider polyp and breast tumor segmentation as
tasks with slight imbalance, and kidney, kidney tumor, and
pancreas segmentation as tasks with high imbalance. Sub-
sequently, we validate the effectiveness of Inter-CBL and
Intra-CBL separately and conduct ablation studies on pa-
rameters t and α.

Slight Imbalance Segmentation. Table 2 reports the seg-
mentation performance of all loss functions on the CVC-
ClinicDB and BUSI datasets. The Balance loss consistently
achieves the best results in terms of DSC and HD met-
rics. Notably, CE loss achieves high DSC performance on
both datasets. This observation corroborates our earlier dis-
cussion that loss functions designed for highly imbalanced
tasks typically perform less effectively on slightly imbal-
anced tasks.

High Imbalance Segmentation. Table 3 and Table 4 re-
port the segmentation performance of all loss functions
on the KiTS19 (kidney and tumor) and the NIH datasets.
Our method consistently achieves the best results across all
datasets. The improvement in the KiTS19 tumor segmen-
tation is the most significant. In contrast, the improvement
in the KiTS19 kidney segmentation is the smallest. This
discrepancy likely stems from the varying difficulty of the

Dataset Loss DSC ↑
CVC-ClinicDB Unified Focal 88.7±0.8

Inter-CBL 89.3±0.7

NIH Dice 76.8±0.6
Inter-CBL 77.1±0.4

KiTS19 (tumor) RCE 63.9±0.7
Inter-CBL 65.5±1.0

Table 5: Comparison of Inter-CBL and sub-optimal meth-
ods.

tasks. The kidney organ has clearer boundaries and less
class imbalance. A simpler task means fewer hard samples,
thus leading to minimal improvement with the Balance loss,
which is based on the hard sample mining method. Con-
versely, kidney tumors have more ambiguous boundaries
and more severe class imbalance issues, resulting in a larger
gain from the hard sample mining method.

Notably, the sub-optimal approach is different across dif-
ferent segmentation tasks. This finding further supports our
theoretical argument that hyperparameters fine-tuned for a
particular task often fail to generalize effectively to different
segmentation tasks. The Balance loss maintains more stable
and higher performance across different datasets, indicating
better adaptability to targets of varying sizes.
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Figure 3: Ablation study on the weight α. The solid lines
represent the Balance loss; for reference, the dashed lines
represent the DSC performance of the other loss functions.

Qualitative Evaluation. The qualitative results are shown
in Fig. 2. Using the Balance loss, the predicted organ masks
are improved, closely matching the ground truth labels and
significantly outperforming other results. For instance, in
kidney and kidney tumor segmentation, as shown in the third
and fourth rows of Fig. 2, other methods exhibit large areas
of FN or FP, which are corrected by the proposed approach.
Visual inspection of the predicted masks indicates that our
method has great potential for clinical automatic segmenta-
tion.

Ablation Study
Effectiveness of Inter-class Balance Loss. To verify the
accuracy and robustness of the Inter-CBL, we set α to 0 in
the Balance loss and compare it with the best loss function
other than Balance loss across three segmentation tasks. As
shown in Table 5, our Inter-CBL maintains the highest per-
formance even without incorporating the Intra-CBL.

Effectiveness of Intra-class Balance Loss. We compare
the performance of our Intra-CBL with the two TopK loss
variants. As shown in Table 6, the threshold variant may fail
during training or produce poor segmentation results, indi-
cating that Intra-CBL is more robust. The TopK (10%) loss
performed poorly on the CVC-ClinicDB dataset. A possible
reason is that using only 10% of the pixels during training
is insufficient because the polyp is very large. This suggests
that the percentage variant of TopK loss requires parameter
selection based on the degree of class imbalance in the seg-
mentation task, whereas our Intra-CBL is robust to varying
levels of class imbalance.

Impact of α. Fig. 3 shows the segmentation performance
of Balance loss with different α values across three datasets.
The experiments reveal that our loss consistently exhibits
strong performance within the range of α ∈ [0.1, 0.9] on
these datasets with varying degrees of class imbalance. This

Loss CVC KiTS19 NIH-ClinicDB (tumor)
TopK(10%) 34.7±4.0 60.3±1.4 74.4±1.9
TopKthr(0.1) 20.4±3.8 - -
Intra-CBL(0.1) 60.8±9.7 42.0±3.2 55.6±3.0
TopK(30%) 88.4±0.5 60.4±2.9 74.0±1.6
TopKthr(0.3) 22.1±4.8 - -
Intra-CBL(0.3) 69.9±2.8 39.4±0.9 39.0±10.5
TopK(50%) 88.7±1.2 59.3±3.9 74.8±7.7
TopKthr(0.5) 73.1±1.1 61.2±1.9 74.4±7.8
Intra-CBL(0.5) 81.9±1.9 62.2±0.9 75.8±2.2
TopK(70%) 88.6±0.8 60.0±1.0 75.0±1.3
TopKthr(0.7) 87.2±0.2 58.7±3.3 73.7±2.5
Intra-CBL(0.7) 89.3±0.8 65.0±2.4 75.6±2.0
TopK(90%) 88.9±0.6 61.2±2.1 73.5±2.5
TopKthr(0.9) 88.4±2.8 63.7±1.3 76.1±1.1
Intra-CBL(0.9) 89.1±0.5 64.4±3.5 76.4±0.7

Table 6: Average DSC of Intra-CBL and different TopK loss
variants on three segmentation tasks. The “-” denotes that
the results are unavailable because the training process failed
with these loss functions.

indicates that although our Balance loss benefits from ad-
justing the balance between the two types of losses, even
a sub-optimal α can still yield performance improvements.
The performance curves show that the network’s perfor-
mance improves when the Inter-CBL and Intra-CBL are
nearly balanced ( with α close to 0.5). As previously dis-
cussed, addressing only one type of class imbalance typi-
cally does not yield the optimal performance boost. There-
fore, when applying Balance loss in practice, setting α = 0.5
can be used as a default, with slight adjustments within the
range of [0.3, 0.7].

Conclusion
In this paper, we present a novel Balance loss to mitigate
intra-class and inter-class imbalance issues in medical image
segmentation. First, we provide a detailed analysis of how
inter-class imbalance affects segmentation performance. We
identify that the hidden FP and FN calculation bias between
testing and training is the main reason for model perfor-
mance degradation. Based on this conclusion, we propose
Inter-CBL. Additionally, we propose the Intra-CBL, which
performs hard example mining within each class, enhanc-
ing the network’s learning ability for hard samples. We then
combine these two losses into the Balance loss using a two-
stage strategy and a linear weighting method. We evalu-
ate our approach on five segmentation tasks, demonstrating
higher accuracy and robustness than other loss functions.
For future works, we will explore a single-stage training ap-
proach to simplify the training process and attempt to extend
it to multi-class segmentation tasks.
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