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Abstract. Common pixel-based loss functions for image segmentation
struggle with the fine-scale structures often found in the aortic vessel tree.
In this paper, we propose a Misclassification Loss (MC loss) function,
which can effectively suppress false positives and rescue the false neg-
atives. A differentiable eXclusive OR (XOR) operation is implemented
to identify these false predictions, which are then minimized through
a cross-entropy loss. The proposed MC loss helps the network achieve
better performance by focusing on these difficult regions. On the Seg-
mentation of the Aorta SEG.A. 2023 challenge, our method achieves a
Dice score of 0.93 and a Hausdorff Distance (HD) of 3.50 mm on a 5-fold
split of 56 training subjects. We participated in the SEG.A. 2023 chal-
lenge, and the proposed method ranks among the top-six approaches in
the validation phase-1. The pre-trained models, source code, and imple-
mentation will be made public.

Keywords: Segmentation · Aortic vessel trees · False Prediction Loss
function for segmentation

1 Introduction

The heart supplies blood to all body parts through the aorta, which is an im-
portant anatomy for cardiovascular disease diagnosis. Aortic disorders are con-
sidered a significant cause of death for heart patients [15]. The initial screening
of the aorta and all its related branches, collectively known as the aortic vessel
tree (AVT), is performed using computed tomography (CT). To monitor the
diseases associated with the aorta, the AVT structure is identified, and changes
are analyzed over time [13]. However, manual reconstruction of the AVT is a
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Fig. 1. Visual comparison of our proposed approach (a) Ground Truth (b) Segmenta-
tion from nnUNet trained on a Dice cross-entropy loss, and (c) Segmentation from our
proposed approach. Please zoom in for details.

cumbersome and time-consuming task for clinicians. To overcome these difficul-
ties, the Segmentation of the Aorta SEG.A. 2023 challenge 7 was proposed for
bringing automated AI-based aorta segmentation methods into clinical practice
[18].

Related work In this section, we briefly describe key approaches that utilize
deep learning to segment the aorta. A cascaded two-stage convolutional neural
network CNN-based approach is proposed by [14] to segment both the aorta and
the true lumen. The CNNs extract features from the whole aortic lumen and true
lumen, while the false lumen is reconstructed via a post-processing step. Cao et
al. [3] proposed a serial multi-task model to segment the whole aorta, true lumen
and false lumen. Both networks are 3D and use down-sampled images of size 128
× 128 × 256 to reduce computational complexity. Another multi-stage network
is proposed by [5], where the first CNN coarsely segments the aorta, followed
by three single-view CNNs to fine-segment the aorta along the axial, sagittal,
and coronal planes. Finally, multi-view integration is performed to merge the
predictions.

Segmentation of fine-scale structures is a challenging problem and is being
addressed by many researchers. For example, clDice [22] finds the skeleton over

7 https://multicenteraorta.grand-challenge.org/
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Fig. 2. Overview of our method. The proposed Misclassification (MC) Loss identifies
the false positives and false negatives (misclassified points map). The MC Loss is defined
based on this misclassified points map. Please zoom in for details.

the likelihood map. TopoNet [11] is based on persistent homology [4]; the iden-
tified erroneous predicted points from the likelihood map are re-weighted in the
training loss. This method generated many irrelevant points and became very
expensive in terms of training. DMT loss [9] is another skeleton-based loss and
uses discrete Morse theory to find skeletons and related patches. Agata et al. [16]
trained both UNet[21] and pre-trained VVG-16[23] iteratively to produce pro-
gressive refinements. The homotopy warping loss [10] uses distance transforms
to find incorrect predictions and then incorporates them into the training to
further refine the segmentation.

In this paper, we propose a plug-and-play loss function, which uses a sim-
ple yet effective approach to find falsely predicted voxels (false positives and
false negatives). A differentiable XOR-gate is implemented between predicted
foreground voxels and ground truth to find all points where the network pre-
dicts wrong voxels, i.e. false positives and false negatives collectively producing
a misclassified points map (MPM). As a second step, we map these points to
the output logits and then fine-tune the segmentation network on misclassified
voxels. The MC loss is meant to be used in conjunction with another loss (in our
case, the Dice cross-entropy loss) that encourages true predictions (i.e. true pos-
itives and true negatives). It is therefore important to balance the MC loss and
the original loss. When properly balanced, the MC loss can effectively remove
the false positives and retrieve false negatives, as shown in Figure 1 compared
to the original loss.



4 A. Khan et al.

Fig. 3. Flowchart of proposed MC Loss. The blue color arrows represent the flow of
Dice cross-entropy loss which is the first term of Equation 1, and the black color arrows
show the different steps involved in the formulation of the proposed MC Loss (second
term of Equation 1).

2 Methods

The proposed MC loss can be used with any segmentation network; Figure 2
illustrates the overall idea of incorporating it in an nnUNet network. The expla-
nation of computing the proposed MC-loss is shown in Figure 3.

By identifying the misclassified voxels (false positives and false negatives)
from the predictions of a trained segmentation network, we can fine-tune the
same network by penalizing the misclassified voxels. This fine-tuning stage will
reduce the model’s errors without impairing the true positives and true negatives.

As a first step, we trained a nnUNet [12] with a combined Dice cross-entropy
loss (LDCE) to generate the initial segmentation map. As a second stage of
training, we use the weights of this trained nnUNet and penalize it with the sum
of LDCE and proposed misclassification loss (LMC), i.e.

Ltotal = LDCE + λ · LMC (1)

where λ is a positive balancing factor influencing the effect of two losses. A very
high λ will force the network solely to focus on difficult points and misclassify
the easy voxels already segmented in the first stage. A very low value of λ will
not affect the second-stage training, and the network will retain its previous
weights. Here, we argue that the value of λ varies from dataset to dataset and
for the SEG.A. data we used λ = 5e-06. A detailed ablation study for choosing
this balancing factor is provided in Section 3.1.

2.1 nnUNet Architecture

We use a 3D low-res nnUNet [12] network with 128 × 128 × 128 input dimen-
sions, as shown in Figure 2. The maximum number of features is set to 320, and
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two convolutional layers with a filter size of 3×3×3 were used at each stage of
the encoder and decoder. Instance normalization and leaky Relu follow each con-
volution layer. Skip connections are employed at each encoder stage for better
back-propagation of gradients. The features are downsampled with a convolu-
tion stride of 2 at the encoder side, and transposed convolutions are used at
each decoder stage for upsampling and to match the output dimension with the
input. The final segmentation map is generated using a 1 × 1 × 1 convolutional
filter followed by softmax activation.

2.2 Misclassification loss

This section explains how we formulated the proposed misclassification loss (MC
loss); we also provide Figure 3 to illustrate the flow of different operations in-
volved. The initial segmentation mask (SDCE) is obtained from the logits (Lgts)
of the trained nnUNet using softmax, followed by a round operation as follows:

SDCE = ⌊SoftMax(Lgts)⌉ (2)

where ⌊⌉ represents the round operation. As the derivative for the round op-
eration is not defined, we utilize a straight-through estimator (STE) to enable
gradient forwarding through the round operation in the backward pass [2]. In
this way, we can utilize the round operation within the chain rule and still be
able to backpropagate from the proposed loss function. The ablation study in
Section 3.1 explains the motivation for using the differentiable way of extracting
the segmentation map from the logits.

The initial segmentation SDCE contains the foreground and background seg-
mentation mask. To obtain the misclassified points map (MPM) we only need
the foreground segmentation mask denoted by S∗

DCE . A differentiable eXclusive
OR (XOR) operation is performed between the foreground of the segmentation
mask (S∗

DCE) and the ground-truth (GT) to obtain the misclassified points map.

MPM = S∗
DCE ⊗GT = S∗

DCE +GT − 2× S∗
DCE ·GT (3)

where ⊗ represents the XOR operation.
The MPM contains all the voxels where the network was unable to predict
the correct label for either foreground or background. This map includes false
positives (FPs) and false negatives (FNs); we can further process the MPM and
extract each of them as follows.

FNs = MPM ·GT (4)

FPs = MPM · (1−GT ) (5)

At this stage, we have identified the errors made by the network; based on
this, we can generate a new input and target on the fly to focus only on the
misclassified logits (MCLs) as below:
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MCLs = MPM · Lgts (6)

A cross-entropy loss is computed between misclassified logits (MCLs) and the
false negatives (FNs). The FNs already contain the locations of FPs, with their
corresponding values as zeros. So, the loss between MCLs and FNs tries to learn
all FPs voxels in MCLs as background and all FNS voxels in MCLs as foreground.
i.e.

LCE(MCLs, FNs) = −(FNs log(MCLs) + (1− FNs) log(1−MCLs)) (7)

Finally, the MC loss is calculated by multiplying LCE(MCLs, FNs) with the
number of non-zero voxels in the misclassified points map denoted as α, which
is the total number of false positives and false negatives.

LMC = LCE(MCLs, FNs) · α (8)

3 Experiments

Dataset Description The dataset is provided by the SEG.A. MICCAI-2023
challenge, which intends to develop automatic AVT segmentation algorithms.
The dataset comprises 56 computed tomography angiography (CTA) scans [20].
The scans are collected from three different locations and various hospitals, which
include KiTS[7][8], RIDER [1], and Dongyang Hospital. The dataset comes with
an in-plane spatial resolution of 512 × 512 and 512 × 666 and with varying num-
bers of Axial slices depending on the location and hospital. The dataset includes
both healthy and patients with aortic dissections (AD), and abdominal aortic
aneurysms (AAA). A semi-automatic method was used for AVT annotation,
where a manual local threshold is first applied followed by an automatic Grow-
Cut region growing algorithm [20]. 3D Slicer8 was used for performing the above
steps to acquire AVT segmentation ground truth. A more detailed overview of
the dataset is provided in [20].

Training Details The proposed framework was implemented using PyTorch
(1.11.0), and all the experiments were conducted using an NVIDIA A100 GPU
with 40GB RAM [25]. As a pre-processing step, the CTA scans are resampled
to a resolution of 1.88×1.88×3.67 mm3. Each scan was normalized using z-score
normalization. Different data augmentation strategies were utilized: including
rotation, shifting, scaling, elastic deformation, Gaussian noise, Gaussian blur,
and random bias field. We randomly shuffled the 56 samples and evaluated all
models with 5-fold cross-validation in the validation phase, as suggested by the
organizers. We also validated the proposed algorithm on the challenge validation
set.
8 https://www.slicer.org/
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Table 1. Differentiable vs non-differentiable quantitative results for SEG.A. challenge
data using 5-fold cross-validation split. The best results are in bold.

Differentiable
XOR-Operation

Non-Differentiable
XOR-Operation

Differentiable
Segmentation
Extraction

Non-Differentiable
Segmentation
Extraction

Training time
(Hours) ↓ Dice Score ↑

✗ ✓ ✗ ✓ 75.7 0.927
✗ ✓ ✓ ✗ 74.8 0.928
✓ ✗ ✗ ✓ 74.9 0.931
✓ ✗ ✓ ✗ 73.6 0.934

3.1 Ablation Studies

We conducted three ablation studies to explore the different techniques con-
tributing to the MC loss function. The experiments for the first ablation study
(differentiable vs. non-differentiable components) were performed using 5-fold
cross-validation, while the remaining two studies were conducted using only the
first fold. For all the tables in the paper, the upward arrow (↑) indicates that
higher is better while the downward arrow (↓) shows lower is better.

Differentiable vs. Non-differentiable components The proposed MC loss
has two important components that can be implemented using either differen-
tiable or non-differentiable techniques. (1) extraction of the segmentation map
from predicted logits, and (2) the XOR operation to generate the misclassified
points map. The argmax operation is utilized to get the indices of the maxi-
mum value from the logits. However, this operation is not differentiable, which
limits its use within loss function design. In order to get a differentiable con-
version of logits to segmentation, we replace argmax with a chain of operations
that convert logits to segmentation in the forward pass and still have gradients
for the backward pass. We achieve this by first applying softmax, followed by
round operation. As the round operation is also non-differentiable, we utilize a
straight-through estimator (STE) for its gradient propagation in the backward
pass [2].

Logic gates play an important role in designing efficient neural networks. Con-
ventionally, logic gates are non-differentiable and do not allow training with gra-
dient descent. Inspired by [19] which proposes differentiable logic gate ideas, our
MC loss employs a differentiable XOR operation to enable the back-propagation
of gradients.

Table 1 showcases the outcome of this ablation study in terms of training
time, and Dice score. All the experiments are performed using a single NVIDIA
A100 GPU with 40GB RAM [25]. The training was performed for 1000 epochs,
and the training time mentioned is for all five folds. We found that using dif-
ferentiable components for the MC loss can reduce the training time ∼ 2 hours
with improved Dice Score. Replacing the argmax operation with our proposed
differentiable segmentation extraction method (given by Equation 2) reduces the
training time by ∼ 1 hour.
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Table 2. Choice of loss function to define the MC Loss between MCLs and FNs .

Loss Function Dice Score↑
Mean square error 0.914

Dice Loss (MCLs, FNs) with mask = None 0.916
Dice Loss (Lgts,GT) with mask = MPM 0.920

Cross-Entropy Loss 0.924

Choice of loss function for MC loss After identifying the misclassified log-
its, we can use a variety of loss functions to define the proposed MC loss. We
experimented with four different losses here, mean square error (MSE), Dice loss,
and Dice loss by using MPM as a mask and cross-entropy loss. Table 2 lists
the quantitative results for the choice of the loss function to implement MC loss
using data from the first fold. Empirically, we found that cross-entropy loss out-
performs the others for the SEG.A. 2023 challenge dataset. However, we argue
that it might depend on the dataset as well, so for different datasets, similar
experiments can be repeated in future work.

Choice of the balancing factor λ As given by Equation 1, the proposed MC
loss is trained in combination with LDCE . Also, as indicated by Equation 8 the
MC loss is multiplied by the number of non-zero voxels in the misclassified points
map denoted by α, so the scale of the MC Loss and LDCE are not the same. In
order to bring them to the same scale we used the balancing factor λ (introduced
in section 2). λ also controls the contributions of each term in Equation 1. We
empirically found that using a large λ reduces the overall performance, as the
network overly focusses on the misclassified points map, and the True Positives

Fig. 4. Variation of cross-entropy loss against the number of non-zero voxels in the
misclassified points map α.
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Table 3. Ablation study for choosing the balancing factor λ to weight the effect of
MC loss and LDCE .

Value of balancing factor λ Dice Score ↑ True Positives ↑ False Positives ↓ False Negatives ↓
0 × 10−5 0.911 441,108 29,901 55,971
1 × 10−5 0.918 449,123 26,189 53,359
2 × 10−5 0.919 448,956 25,780 52,935
5 × 10−5 0.924 449,978 23,150 50,280
8 × 10−5 0.922 448989 25,761 50,140
1 × 10−4 0.912 448958 28,254 57,989

(TPs), identified in the first training stage are affected, as shown in Table 3. We
can also observe from the table that, using a very low value has no effect on
the previously obtained performance. Figure 4 shows how the MC loss varies for
network predictions having a different number of misclassified voxels. The graph
is plotted for the validation samples of the first fold.

3.2 Results and Discussions

The experimental results are compared with the nnUNet baseline (trained with
Dice cross entropy loss and without the proposed loss) and a UNet architecture.
The results are evaluated using the Dice score and Hausdorff Distance (HD) [17].
Table 4 lists the quantitative comparison on the random 5-fold cross-validation
split. The proposed method outperforms the nnUNet baseline and vanilla UNet
both in terms of Dice score and HD. Although the improvement in terms of Dice
score and HD is 1%, it highlights the importance of the proposed MC loss to
retrieve the overall structure of the AVT, as shown in Figure 1. It can remove
FPs that are not part of the main fine-scale structure and can recover the FNs
as well. We found that these types of connections are very important in clinical
applications where blood flow is estimated and requires flow distribution analysis
in the entire aorta [6], [24]. All these tasks require segmenting the Aorta as a
preliminary step in order to generate a tetrahedral mesh.

Additional visual results are provided in Figure 5 showcasing axial, coronal,
and sagittal views of a computed tomography angiography (CTA) scan. Differ-
ent colors are assigned to differentiate between predictions (red), ground truth
(green), and overlap of predictions and ground truth (yellow). These correspond
to true positives (yellow), false positives (red), and false negative (green) predic-
tions.

The last column of Figure 5 demonstrates that the proposed MC loss can
recover the FNs missed by the first stage training (row-1 and row-3), also it is
evident that it can remove the FPs from row-2 of Figure 5.

4 Limitations

This section presents limitations of the proposed method, including cases where
the MC loss does not yield an improvement in segmenting AVT. In some cases,
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Fig. 5. Qualitative results of AVT segmentation along different views, (a) axial, (b)
coronal, and (c) sagittal plane.

Table 4. Quantitative results for SEG.A. challenge data using 5-fold cross-validation
split. The best results are in bold.

Segmentation Network Loss function Dice Score↑ Hausdorff Distance (mm) ↓
UNet Dice-cross-Entropy 0.886 7.62

nnUNet Dice-cross-Entropy 0.921 4.33

nnUNet
Dice-cross-Entropy

+
MC Loss

0.934 3.55

the proposed method is unable to fully remove all the FPs, as shown in Figure 6.
Nevertheless, it still results in a partial reduction in FPs (as indicated by the
red bounding box in Figure 6) and contributes to overall improved accuracy, as
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Fig. 6. Bad cases where the proposed MC Loss cannot completely remove the FPs
(indicated by Red color Bounding Box), and for some voxels, it can help to get rid of
all FPs (indicated by Green color Bounding Box) .

evident by the corresponding Dice Score and HD. We also note that in some
regions, it can help to eliminate all FPs (highlighted by the green color box in

Fig. 7. Limitations of the proposed method for the cases where misclassified voxels are
connected to TPs. A red color bounding box is drawn for FPs, and green color for FNs.
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Figure 6).

Figure 7 showcases another limitation of the proposed approach, where it is
unable to remove the FPs that are connected to the TPs (along the boundary
of the segmented regions). In addition, it cannot successfully reduce the FNs
in cases if they are found along the boundary. Here, we argue that the precise
segmentation along the boundary regions might require additional enhancement
modules to increase the learning capacity of MC Loss. This can be a potential
future work, where we will extend the MC Loss to give more weight to the
misclassified voxels along the boundary regions.

5 Conclusion

We propose a misclassification loss (MC loss) function by formulating a sim-
ple yet effective way of identifying the misclassified points from a pre-trained
segmentation network. The proposed MC loss localizes the misclassified logits
using a differentiable eXclusive-OR (XOR) operation. We employ MC loss for
fine-tuning a network trained with existing loss functions. This fine-tuning using
MC loss enables a reduction in the number of False Positives (FPs) and False
Negatives (FNs) while increasing the True Positives (TPs). The efficacy of the
proposed method is demonstrated by conducting experiments on the SEG.A.
2023 aorta segmentation challenge dataset. The method is ranked in the top six
positions of the challenge leaderboard and achieved a Dice score of 0.926 and
HD(mm) of 2.10 in the validation phase-1 of the challenge.
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