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Abstract. Accurate skeleton segmentation of the entire anteroposterior
bone scintigrams of the human body is essential for diagnosing bone
metastases. However, conventional methods lack a loss design incorpo-
rating prior anatomical information, leading to segmentation failures,
particularly when dealing with the irregular shapes of organs or high con-
centrations of positive accumulation. Cases where diagnostic support sys-
tems present anatomically abnormal findings may shatter the confidence
of doctors and their reliability in these systems. In this paper, we propose
a novel multi-factor component tree loss function to resolve the topologi-
cal issues in segmentation failures. The proposed loss function, computed
based on the component trees, comprises two factors: image maxima van-
ishment and reconnection. We aim to discard the false positive connected
components (FPCCs) and reconnect the disconnected true positive con-
nected components (TPCCs) for each bone. Experiments conducted on
a private bone scintigrams dataset show that our proposed method out-
performs state-of-the-art approaches in dice similarity coefficient (DSC)
while efficiently addressing topological issues at a low computational cost.
Code is available at https://github.com/MultiCTree/MultiCTree.
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1 Introduction

Prostate and breast cancer are the two most common cancers diagnosed in men
and women, respectively, often metastasizing to the bones [1]. Bone scintigra-
phy, a nuclear medicine procedure, is commonly used for diagnostic purposes [2].
Bone scintigraphy produces two-dimensional images called bone scintigrams, in-
cluding each patient’s anterior and posterior sides. In bone scintigraphy, the
Bone Scan Index (BSI) is valuable for quantitatively evaluating bone metastases
spread [3]. Accurate skeleton segmentation in the anteroposterior images of the
whole body is required for the calculation. Shimizu et al. [4] proposed a system
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for skeleton segmentation from bone scintigrams. However, many recognition
failures occurred due to high concentrations of positive accumulation and irreg-
ular organ shapes. Yu et al. [5] compared three advanced CNN-based models for
skeleton segmentation without prioritizing anatomical improvement or topologi-
cal evaluation metrics. To integrate topological prior, Clough et al. [6] introduced
a persistent homology loss function, which can be used for n-dimensional images,
although generating persistent diagrams is time-consuming. Shit et al. [7] pro-
posed a soft-clDice loss function based on a soft skeleton algorithm. It suits
tubular structures like blood vessels rather than thick structures like bones. Per-
ret et al. [8] designed a component tree loss function to reinforce or discard image
maxima based on attributes. Still, it neither reconnects components nor accu-
rately determines components to retain or discard based on the ground truths.

In this paper, we aim to improve the anatomical correctness of segmentation
failures from bone scintigrams that reduce the confidence of medical profession-
als. Our major contribution is proposing a novel multi-factor component tree loss
function to eliminate false positive connected components (FPCCs) and establish
proper reconnections among disconnected true positive connected components
(TPCCs). This loss function improves the reliability of skeleton segmentation
methodologies, specifically addressing challenges related to anatomical aspects.

2 Method

2.1 Max-tree

A grayscale image can be represented by a component tree, which contains all
necessary information about the image components and the relationship between
each component at each level of the level sets [9]. In a component tree, each
connected component serves as a node, and the inclusion relationships between
the connected components form the edges [8].

Let V = {vi}i∈[1,n] denote the finite nonempty set made with n image pixels.
An image is represented as a vector f ∈ Rn, and for any i ∈ [1, n], fi is the
value of pixel vi. For any λ ∈ R, [f ]λ is the level set of f of level λ: [f ]λ =
{vi ∈ V | fi ≥ λ}. The set of all connected components of [f ]λ is denoted
by CC([f ]λ) and, for any λ in R, any element in CC([f ]λ) is also called a connected
component of f . The set of all connected components of f is written as CC(f),
so that CC(f) =

⋃
λ∈R{CC([f ]λ)}. The set CC(f) is finite, and if the number of

connected components of f is m, we can write CC(f) = {Ci}i∈[1,m] where Ci is the
i-th connected component. The altitude of Ci is defined by alt(Ci) = max{λ ∈
R | Ci ∈ CC([f ]λ)}. The max-tree MT(f) of f is a pair (MT1,MT2) made of two
parts: MT1(f) represents the connected components, and MT2(f) is the altitude
vector of the components. Thus, we have (MT1(f),MT2(f)) = ({Ci}i∈[1,m],a),
where the i-th element of vector a in Rm is alt(Ci) [8].

Fig. 1 shows an example of a one-dimensional image and Fig. 2 shows its
max-tree. In Fig. 2, orange and green-filled rectangles represent max-tree nodes
including the maxima with their altitudes. The nodes are linked in a parent-
child relation (highlighted with solid lines) derived from the inclusion between
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the connected components. A node without a parent is called a root, and one
without a child is a leaf, also called a maximum.

Fig. 1. One-dimensional image with pixel index and pixel value.

Fig. 2. Max-tree of the one-dimensional image shown in Fig. 1.

2.2 Original Component Tree Loss Function

Assuming k is the number of maxima in the hierarchy of MT(f), ℓ ∈ N+ is
a target maxima number, and µ ∈ R is a constant margin to prevent selected
maxima growing without limit. sm ∈ Rk and im ∈ Rk represent saliency and
importance measures on the maxima, respectively. Importance measures rank
the maxima for reinforcement or discarding while adjusting saliency measures
help reinforce or discard maxima [8]. The original component tree loss function
is as follows:

LCTree =

i≤ℓ∑
i=1

max(µ− smri , 0) +

i≤k∑
i=ℓ+1

smri (1)

where r = argsort(im) is a permutation vector sorting the maxima indices of f
in descending order of importance measure. The first term of Eq. (1) reinforces ℓ
target maxima while the second term discards the others based on saliency mea-
sures. Importance measures such as dynamics [8] fail to distinguish TPCCs and
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FPCCs while existing saliency measures cannot reconnect components. Hence,
we improve the original component tree loss function by introducing and com-
bining new saliency and importance measures into a novel loss function.

2.3 Multi-Factor Component Tree Loss Function

New Saliency "Connect" In skeleton segmentation, disconnected components
within the same bone may occur. Strengthening the altitude of saddle nodes
between these components can address this issue. In the max-tree (Fig. 2), a
saddle node paired to a maximum M , denoted by S(M), is the nearest ancestor
of M also containing a maximum with a higher altitude than the one of M . To
minimize the loss function using the saliency dynamics [8] (i.e., dynamics(M) =
alt(M)− alt(S(M)), one has to simultaneously decreases alt(M) and increases
alt(S(M)). However, to avoid reducing alt(M) and purely establish reconnection,
we propose a novel saliency measure connect, to reconnect these disconnected
components. The saliency connect of M is obtained as the difference between a
constant value and the altitude of the saddle node S(M) paired to M . Here, let
us set the constant value v to the maximum pixel value of the image as follows:

connect(M) = v − alt(S(M)) (2)

In Fig. 3, the saliency dynamics and connect of each maximum are repre-
sented by blue and green double arrows, along with their corresponding values.
In this case, because the maximum pixel value of the image is 1, v is set to 1.

Fig. 3. Saliency measures dynamics and connect.

New Importance "Precision" The attributes of FPCCs such as dynamics
may be higher than those of TPCCs, resulting in erroneous reconnection paths
with FPCCs [8]. Therefore, we propose a novel importance measure to categorize
connected components as desirable TPCCs or FPCCs. Precision measures the
ratio of correctly segmented pixels to all pixels identified as ground truth by the
model. A TPCC is considered desirable if it has high precision. Let G be the set
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of ground truth pixels. The precision of a component Ci is defined as follows:

precision(Ci) =
|Ci ∩G|
|Ci|

(3)

The importance of maxima is measured by an increasing attribute. The
extinction value for an importance measure of a maximum M is the smallest
threshold value θ at which M remains a maximum after removing all nodes with
attribute values smaller than θ [8,10]. It can also be obtained as the importance
measure of the saddle node S(M) paired to M . Since precision is not increas-
ing in the max-tree, we employed the max-rule regularization [11] on precision
before computing the extinction value, denoted as Ext(precision(M)). See sup-
plementary material for more details on the calculation of the extinction value.

Combination of New Saliency and Importance Measures The new loss
function integrates the proposed saliency connect and importance precision. All
maxima are classified into two distinct groups: G1 (for vanishment) and G2 (for
reconnection), as precisely defined in Table 1. Determining maxima in each group
is based on the extinction value for the importance precision (the third column
in Table 1). The multi-factor component tree loss function is defined as follows:

LmultiCTree =
∑
i∈G1

sm1i +
∑
i∈G2

sm2i (4)

where sm1 = alt, and sm2 = connect. It can be observed that to minimize
LmultiCTree, the maxima in G1 should be eliminated by reducing their altitude,
which removes FPCCs and undesirable TPCCs, while the maxima in G2 (desir-
able TPCCs) should be reconnected using the saliency connect by increasing the
altitude of their paired saddle nodes. We experimented with threshold θ values
of 0.5 and 0.8 and determined that setting θ to 0.5 yields the best outcomess.

3 Experiments

3.1 Setup

Dataset Experimental bone scintigrams dataset is a DICOM-format private
dataset including 1,235 cases, totaling 2,470 images from the anterior and pos-
terior sides of female patients. Images were taken with various devices and stan-
dardized to 576 × 256 pixels with a 2.8 × 2.8 mm/pixel resolution. Segmenta-
tion targets include 13 layers for 12 anterior bones (skull, cervical vertebrae,

Table 1. Two groups of maxima: vanishment and reconnection.
Group Saliency Condition
G1: Vanishment altitude Ext(precision(Mi)) < θ
G2: Reconnection connect Ext(precision(Mi)) ≥ θ
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thoracic vertebrae, lumbar vertebrae, sacrum, pelvis, ribs, scapula, humerus, fe-
mur, sternum, clavicle)+background, and 14 layers for 10 posterior bones (skull,
cervical vertebrae, thoracic vertebrae, lumbar vertebrae, sacrum, pelvis, ribs,
scapula, humerus, femur, scapula∩ribs (scapula2), scapula∪scapula2 (scapula3),
ribs∪scapula2 (ribs2))+background. Labels were annotated by the authors in [4].

Evaluation Metrics Evaluation metrics include Dice similarity coefficient (DSC),
the differences between predictions and ground truths for both (i) the number of
connected components (∆#(CCs)), and (ii) the number of TPCCs (∆#(TPCCs)),
the number of FPCCs (#(FPCCs)), and the FPCC size of each bone. Connected
components are defined by 8-connectivity. These topological metrics approach-
ing zero show better topological segmentation results. Wilcoxon signed-rank test
was used for the statistical comparison, with the null hypothesis: "There is no
significant difference in the performance distributions between the two methods".

Loss Function For consistent comparisons, the loss function of the model in-
corporating a topological loss function comprises three losses: cross-entropy loss
LCE, deep supervision loss LDSV [12] calculated based on dice loss, and a topolog-
ical loss Ltopology. Each loss is computed independently for anterior and posterior
bones and then averaged. Eq. (5) represents the total loss function. Note that
the loss function of the base model is identical to Eq. (5) but without Ltopology.

Ltotal = 0.5LCE + 0.5LDSV + λLtopology (5)

3.2 Implementation Details

Three-fold cross-validation was used, with data split 4:1:1 for training, validation,
and testing. Models were trained for 50 epochs on NVIDIA A100 SXM4 80 GB,
Python 3.8.10, and PyTorch 1.11.10+cu115. SGD optimizer [13] had a learning
rate of 0.01 and a batch size of 2. Augmentation included a horizontal flip. Loss
weights were 0.01 for persistent homology loss LPH and multi-factor component
tree loss LmultiCTree, and 0.1 for soft-clDice loss LclDice and component tree loss
LCTree. These weight settings optimized the performance of each model.

3.3 Experiment 1

We evaluated the computational efficiency of our method against state-of-the-art
(SOTA) methods: LPH [6] (uses a topology layer [14]), LclDice [7], and LCTree [8].
For computational feasibility, topological loss functions were applied solely to an-
terior and posterior femurs, as the persistent diagram generation process for all
bones is computationally expensive. Statistical tests compared the base model
TransBtrflyNet [15] with and without topological loss functions. Null hypothesis
is rejected at a significance level of 0.05(*) or 0.01(*). From Table 2, all the
methods improved anterior DSC but reduced posterior DSC, potentially due to
conflicts between loss functions within Ltotal. In terms of topological metrics,
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except for LPH, the use of LclDice, LCTree, and LmultiCTree resulted in reductions.
LPH generated numerous #(FPCCs), leading to an increase in FPCC size, while
LclDice exhibited outstanding topological outcomes. LmultiCTree showed a supe-
rior anterior DSC and the best posterior ∆#(TPCCs) for femurs. For cases where
the base model had topological issues, all topological loss functions improved re-
sults across all metrics. LPH addressed all cases, while the others focused on cases
having topological issues. See supplementary material for examples of difficult
cases where images contain significant noise and numerous metastases appear on
the bones. As shown in Table 3, LPH shows the longest training time, while other
methods are similar to the base model. Integrating topological loss functions does
not significantly impact memory consumption. In conclusion, our methodology
achieves near-optimal computational efficiency with comparable outcomes.

Table 2. Average results of femurs across 1235 cases (A: Anterior, P: Posterior;
*:p < 0.05, **:p < 0.01; down arrow↓: inferiority, up arrow↑: superiority).

A

Method DSC↑ ∆#(CCs)↓ ∆#(TPCCs)↓ #(FPCCs)↓ FPCC size↓
Base 0.9442 0.0348 0.0178 0.0170 0.9895
LPH 0.9449**↑ 0.0672**↓ 0.0211 0.0462**↓ 3.0057**↓

LclDice 0.9446 0.0154**↑ 0.0097*↑ 0.0057**↑ 0.1474**↑

LCTree 0.9454**↑ 0.0251 0.0138 0.0113 0.4356
LmultiCTree(θ = 0.5) 0.9434**↑ 0.0291 0.0162 0.0130 0.5134

P

Base 0.9422 0.0405 0.0227 0.0178 0.6283
LPH 0.9404**↓ 0.0575*↓ 0.0308 0.0267 1.4219
LclDice 0.9414**↓ 0.0235**↑ 0.0194 0.0040**↑ 0.1611*↑

LCTree 0.9414**↓ 0.0364 0.0219 0.0146 0.5085
LmultiCTree(θ = 0.5) 0.9415**↓ 0.0324 0.0178*↑ 0.0146 0.5668

Table 3. Comparison of computational efficiency for one fold over a single epoch.
Method Base LPH LclDice LCTree LmultiCTree(θ = 0.5)

Training time (MM:SS) 08:01 26:47 08:58 08:11 08:12
Memory (/80 GB) 37.2 37.5 37.2 37.2 37.2

3.4 Experiment 2

We applied topological loss functions to all anterior and posterior bones, with
the same statistical procedure as Experiment 1. Table 4 shows the ratio of su-
perior/inferior results to total segmentation targets (25 layers, excluding back-
ground, as defined in Section 3.1) for both anterior and posterior sides. Higher
superiority ratios reflect better performance, while higher inferiority ratios show
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decreased performance. LclDice achieves the most superior results, while LCTree

has the fewest inferior results. Experiments with θ = 0.5 and θ = 0.8 ei-
ther competed with or outperformed SOTA methods for DSC, ∆#(CCs), and
∆#(TPCCs) for both superiority and inferiority. Table 5 shows average results of
all bones of all cases, where LmultiCTree(θ = 0.5) exhibits the best results in terms
of DSC, ∆#(CCs), and ∆#(TPCCs). Increasing θ to 0.8 decreased #(FPCCs)
and FPCC size. Our method effectively reconnected TPCCs but concurrently
generated undesirable FPCCs. LmultiCTree loss relies on the ground truths to
define TPCCs and FPCCs. However, we investigated that bones such as ribs
or the scapula were incorrectly labeled based on prior anatomical knowledge,
resulting in an incorrect number of connected components in the ground truths.
In addition, the current threshold θ is not optimal enough to eliminate FPCCs.

Table 4. The ratio of superior/inferior results to the total number of segmen-
tation targets excluding background (S(↑): Superiority, I(↓): Inferiority).

Method DSC ∆#(CCs) ∆#(TPCCs) #(FPCCs) FPCC size
S(↑) I(↓) S(↑) I(↓) S(↑) I(↓) S(↑) I(↓) S(↑) I(↓)

LclDice 0.28 0.36 0.24 0.00 0.16 0.04 0.32 0.00 0.12 0.08
LCTree 0.40 0.32 0.08 0.00 0.04 0.00 0.04 0.00 0.08 0.04
LmultiCTree(θ = 0.5) 0.72 0.20 0.20 0.00 0.16 0.00 0.16 0.08 0.08 0.12
LmultiCTree(θ = 0.8) 0.48 0.20 0.20 0.00 0.20 0.00 0.12 0.08 0.04 0.08

Table 5. Average results of anterior and posterior bones across all cases.
Method DSC↑ ∆#(CCs)↓ ∆#(TPCCs)↓ #(FPCCs)↓ FPCC size↓
Base 0.9252 0.0690 0.0646 0.0207 0.2525
LclDice 0.9262 0.0645 0.0627 0.0126 0.2436
LCTree 0.9261 0.0669 0.0626 0.0217 0.3115
LmultiCTree(θ = 0.5) 0.9266 0.0578 0.0528 0.0245 0.3174
LmultiCTree(θ = 0.8) 0.9262 0.0620 0.0575 0.0214 0.2880

Fig. 4 illustrates examples where LmultiCTree (fourth and fifth columns) out-
performed SOTA approaches. The first row shows the capability of our method to
reconnect TPCCs, while the second row highlights its ability to discard FPCCs.

4 Conclusion

This paper introduces a novel multi-factor component tree loss function, inte-
grating saliency connect and importance precision, to improve the topological
accuracy of skeleton segmentation from bone scintigrams. For future work, we
will correct ground truths and optimize the threshold θ for classifying maxima.
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GT Base LclDice LCTree θ = 0.5 θ = 0.8

Fig. 4. Comparison of different methods applied to all bones (GT: ground truth).
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