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Abstract
Automated pulmonary nodule detection using computed tomography scans is vital in the early diagnosis of lung
cancer. Although extensive well-performed methods have been proposed for this task, they suffer from the domain
shift issue between training and test images. Unsupervised domain adaptation (UDA) methods provide a promising
means to mitigate the domain variance; however, their performance is still limited since no target domain
supervision is introduced. To make the pulmonary nodule detection algorithm more applicable in clinical practice
and further boost the performance across domains, we propose a human-in-the-loop method in a semi-supervised
fashion to enhance the model generalization ability when transferred from source domain to target domain.
Specifically, we first train a detector model on source domain, and then the pre-trained detector is utilized with our
proposed uncertainty-guided sample selection scheme (USSS) to find a few target domain samples worth
annotating most and obtain their human annotations. Finally, the annotated and the rest unlabeled target domain
samples are used together to refine the pre-trained model via our proposed zoom-in and zoom-out constraint (ZZC)
strategy. We evaluate our method on the Nodule Analysis 2016 (LUNA16) and TianChi datasets. Experimental results
show that our method surpasses recent competitive methods on source domain and also achieves surprising
performance on target domain.
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1 Introduction
Lung cancer is one of the major causes of cancer death
over the world [1]. The average five-year survival rate of
lung cancer patients with metastatic disease is approxi-
mately 6%. If an early stage diagnosis and timely treatment
are implemented, the survival rate could be improved to
60% [2]. Malignant pulmonary nodules have a high prob-
ability of evolving into malignant tumors, and thus early
detection and diagnosis of pulmonary nodules are vital
in patient care. Generally, pulmonary nodules are isolated
and spherical on chest computed tomography (CT) scans,
which usually refer to spots with diameters of less than
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30 mm. To examine patients, radiologists inspect CT scans
on slice-by-slice basis, which is time-consuming and prone
to operator bias. Computer-aided pulmonary nodule de-
tection avoids many of these problems and has been stud-
ied extensively [3–9].

The fast and successful development [8, 10–13] of con-
volutional neural networks (CNNs) boosts CNN-based
pulmonary nodule detection methods, in which nodule
candidate detection and false positive reduction are usu-
ally two essential steps. In recent studies, Mei et al. [8]
proposed a slice-aware grouped non-local module to cap-
ture long-range dependencies in the stage of nodule can-
didate detection, and then employed a 3D CNN for false
positive reduction. Luo et al. [7] introduced an end-to-
end and anchor-free network that uses sphere represen-
tation and center points matching to detect pulmonary
nodules. Zhou et al. [12] established a 2.5D multi-stage
cascaded network for efficient and robust nodule detec-
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tion. Inspired by clinical examination, Zheng et al. [14] uti-
lized maximum intensity projection images with different
thicknesses as input, which effectively increased the sen-
sitivity of computer-aided diagnosis (CAD) system. Con-
sidering that nodules have various shapes and sizes, Guo
et al. [15] developed an aggregation network and a self-
calibrated strategy to help the detector discover more low-
resolution details contained in the high-level features. De-
spite their promising performance, these methods suffer
from domain shift between training and test images. Since
the quality of medical images depends on many factors
such as the imaging equipment, scanning protocol, and ex-
pertise of the operator (see Fig. 1), the image quality may
vary between training and test datasets, causing the per-
formance of a well-trained model to drop unexpectedly on
an unseen test set.

Recently, domain adaptation (DA) methods have drawn
increasing attention to address the aforementioned trou-
blesome issues [16]. DA mainly focuses on data transfor-
mation [17], feature alignment [18], soft label [19] and en-
semble learning [20] to reduce the distribution discrep-
ancy across domains. For instance, completing image-
to-image translation by a generative adversarial network
(GAN) [21], establishing auxiliary tasks to learn the prior
knowledge and domain-invariant information [22], and
transferring knowledge in a self-supervised manner [23].
Although these strategies successfully narrow down do-
main shift between the training and test datasets, their
performance is still limited by three drawbacks: (1) proxy
tasks are required for model knowledge adaptation; (2) the
usage of GAN is still troublesome, since the quality and
structures of the generated images cannot be guaranteed;
and (3) source and target datasets need to be used at the
same time.

Human-in-the-loop (HITL) has been mooted to inte-
grate human prior knowledge into the procedure of ma-
chine training [24, 25]. The purpose of HITL is to train a
robust model, which can reduce the sparse but fatal mis-
takes, especially in the risk-unbearable fields, i.e., clini-
cal diagnosis and autonomous driving. Concretely, in the
aspect of data annotation, HITL aims to minimize the
human labor while maintaining the model performance,
when raw data continuously accumulate [26].

In this paper, we propose a human-in-the-loop method
for pulmonary nodule detection in a semi-supervised fash-
ion to enhance the model generalization ability when
transferred from source domain to target domain. To be
specific, an uncertainty-guided sample selection
scheme (USSS) is proposed to select a few target domain
samples worth annotating via aleatoric and epistemic un-
certainty. Beyond that, a novel constraint strategy called
zoom-in and zoom-out constraint (ZZC) is constructed.
ZZC uses these annotated target domain samples and rest
unlabeled target domain samples to learn scale-invariant

Figure 1 Examples of pulmonary nodules and image pixel
histograms from the LUNA16 [27] and TianChi [28] datasets. It not
only shows that there is a visually apparent domain shift between
these two datasets, but also exhibits the discrepancy in pixel value
distribution. The gray bar is the overlapping part of the green and
purple bars

but consistent information for refining the pre-trained
source domain model in a semi-supervised fashion. The
motivation is that the relative spatial location of nodules
does not change even if the shape varies. As indicated by
our results, the proposed method can achieve state-of-
the-art pulmonary nodule detection performance in both
source and target domains.

The main contributions of this work are three-fold:
(1) we propose a human-in-the-loop method in a semi-
supervised fashion for pulmonary nodule detection in
chest CT images, which has an improved generalization
ability and is more suitable for clinical practice; (2) we de-
sign an uncertainty estimation scheme to effectively dis-
cover target domain samples with high uncertainty, which
are worth annotating; and (3) we propose a novel con-
straint to explore scale-invariant features, which help the
model to learn consistent target domain information.

2 Related work
2.1 Domain adaptation
Domain adaptation (DA) has been widely studied to ad-
dress the domain shift issue between source domain and
target domain [16, 29]. Specially, another topic called un-
supervised domain adaptation (UDA) is developed when
the labeled target domain samples are not available. Gen-
erally, UDA reduces the distribution discrepancy by means
of image transformation, feature alignment, ensemble
learning and more. Yan et al. [30] developed a Unet-GAN,
which first trained a Unet [31] on source domain, then
transformed the style of target data similar to source do-
main, and finally conducted segmentation task on the
transformed data. Similarly, Wolterink et al. [17] utilized
Cycle-GAN [21] to perform image-to-image translation,
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and then minimized the difference between the origi-
nal and reconstructed images. Liu et al. [23] proposed
a source-free domain adaptation method, which used
knowledge transferring in self-supervised manner, to solve
the problem where only a well-trained source model and
an unlabeled target dataset were available for optimiza-
tion.

Although UDA methods have achieved good results un-
der a dedicated design, the performance gain is still limited
since the quality of generated images cannot be guaranteed
and specified domain knowledge transferring tasks are re-
quired.

2.2 Semi-supervised learning
Considering the time cost and human labor of annotation,
semi-supervised learning (SSL) has gained increasing pop-
ularity in medical image analysis [32, 33]. Existing meth-
ods generally focus on pseudo labeling [34–36], consis-
tency regularization [37–39] and adversarial training [40].
Specifically, pseudo labeling methods first train a model
on labeled data, then generate pseudo labels for the rest
unlabeled data, and finally select trustworthy pseudo la-
bels for re-training until convergence. Yu et al. [41] con-
structed an uncertainty-aware mean teacher framework,
where the teacher network is the historical ensemble of the
student network and generates pseudo labels to guide the
student network learning. Consistency regularization en-
courages the predicted outputs to be consistent, under the
scenarios of adding noise, utilizing differentiated predic-
tors and data transformation. For example, Luo et al. [42]
proposed a dual-task regularization strategy to help model
learn task-level consistency. Wu et al. [43] developed two
decoders with different structures and output level con-
sistency. Adversarial training aims to train a robust model
with targeted perturbations. Miyato et al. [40] introduced
a virtual training strategy, which injected random noise
first, then obtained the gradient in the direction of noise
through loss back-propagation, and subsequently used the
normalized gradient as the final noise for model training.

The above SSL methods mainly focus on generating reli-
able pseudo labels or consistent outputs to help the model
learn from unlabeled samples, but in the task of pulmonary
nodule detection, nodules are typically small and diverse,
making it difficult to obtain reliable pseudo labels, and sim-
ple consistency regularization has little effect on unlabeled
samples. Moreover, these SSL methods are performed on
the same domain, which may not help to mitigate the do-
main gap in the face of domain shift.

2.3 Human-in-the-loop AI
Human-in-the-loop (HITL) aims to complete tasks un-
der human-machine collaboration [24, 25]. In medical im-
age analysis, especially in medical image segmentation,
dense annotations are required to train a model. However,

this procedure is complicated and demands professional
knowledge. Beyond that, it is almost impossible to anno-
tate all data since the growth rate of new tasks has far ex-
ceeded the acceptable labeling cost [44]. For instance, it is
unlikely to label abundant different domain samples when
facing numerous new scenes. To address the above issues,
Wang et al. [45] developed a two-stage system, which fo-
cused on the sparse but fatal cases. This system tried to
leverage failure samples to calibrate pre-trained models
with little annotation cost. Ravanbakhsh et al. [46] uti-
lized conditional GAN(cGAN) [47] to complete magnetic
resonance image (MRI) segmentation. Specifically, gener-
ator and discriminator were first trained with a few la-
beled samples, then generator was utilized to segment un-
labeled samples and discriminator was used to distinguish
whether the input was a hard case, and finally, easy cases
with pseudo labels and hard cases with human annotation
were collected to retrain the model. On the task of land-
mark detection, Quan et al. [48] selected the templates
worth annotating by estimating the representation simi-
larity within each image and the template group.

Similarly, in this work, from the aspect of using lim-
ited human labeling cost to enhance model generalization
ability, we propose a pulmonary nodule detection method
in the scenario of semi-supervised learning and human-
in-the-loop, with the aim of mitigating the performance
degradation caused by domain shift.

3 Methods
3.1 Preliminary
Let DS = {(xs

i , ys
i )}Ns

i=1 and DT = {DUT, DLT} denote the source
domain dataset and target domain dataset, respectively.
Here N is the number of samples, DUT = {(xut

i )}Nut
i=1 con-

tains Nut unlabeled samples, and DLT = {(xlt
i , ylt

i )}Nlt
i=1 con-

tains Nlt annotated samples collected by our uncertainty-
guided sample selection scheme.

Based on the above definition, the workflow of our
human-in-the-loop method for pulmonary nodule detec-
tion is depicted in Fig. 2, which mainly contains three
parts. First, we train a model using DS in a regular rou-
tine, and make sure that the model performs well on the
source domain. Nevertheless, due to the domain shift is-
sue, the pre-trained model may suffer from performance
degradation when transferred to a different domain. To
bridge the domain gap in a feasible way, we propose the
uncertainty-guided sample selection scheme to find a few
target domain samples worth annotating and create a la-
beled target domain dataset, termed DLT. Finally, we utilize
both DLT and DUT in a semi-supervised manner with the
zoom-in and zoom-out constraint to fine-tune the model
pre-trained on DS . The goal of this task is to enhance the
model generalization ability when transferred from source
domain to target domain.
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Figure 2 Illustration of our proposed human-in-the-loop method. We
first train a well-performed model using source domain data, and
then a few target samples worth annotating are selected based on
uncertainty estimation. Finally, both labeled and unlabeled target
domain data are utilized in a semi-supervised manner to fine-tune the
source domain model, which enables the model to perform better
when transferred from source domain to target domain

3.2 Training on source domain
3.2.1 Nodule candidate detection
Pulmonary nodule detection commonly has two steps:
nodule candidate detection and false-positive reduction,
as shown in Fig. 3. In this paper, we construct a U-Net-
like [31] architecture for nodule candidate detection. The
encoder consists of four repeated 3D residual blocks [49],
each containing two convolutional layers. Each layer is fol-
lowed by the group normalization (GN) [50] and ReLU ac-
tivation. In each down-sampling stage, we use the 3×3×3
convolution with two strides to halve the resolutions of in-
put feature maps and double the number of channels. The
decoder is symmetrically constructed and the skip con-
nection is utilized to link low-level and high-level feature
maps. At each up-sampling stage, features are summed
first and then refined by a residual block.

3.2.2 False positive reduction
The proposed pulmonary nodule detection method fol-
lows a two-stage pipeline. Specifically, the nodule candi-
date detection module plays the role of finding all poten-
tial nodules through segmentation. Based on the segmen-
tation results, we can acquire the minimum and maximum
values of the x-axis, y-axis and z-axis for each candidate.
Therefore, the center coordinates of each candidate can be
calculated. Then, the candidates will be cropped accord-
ing to the center coordinates. So far, these candidates in-
clude not only the true pulmonary nodules, but also the
false positive background. To this end, the false positive re-
duction module is further employed with the aim of filter-

Figure 3 Detailed network architecture of our pulmonary nodule
detection system. It mainly contains nodule candidate detection and
false positive reduction module. The first stage aims to find nodules as
much as possible, and the second stage filters out false positives

ing out the false positives. This is achieved through binary
classification (nodule or non-nodule). Thus, under the as-
sistance of the false positive reduction module, the false
positive rate can be reduced. Specifically, the false positive
reduction module is constructed to estimate the probabil-
ity of being a nodule from multi-scale, which contains a
three-branch feature encoder E and a classifier CLS com-
posed of two fully connected layers. The architecture of
each single branch in E is the same as the encoder of the
nodule candidate detection module except for different in-
put sizes. Considering that pulmonary nodules have com-
plicated contextual characteristics and vary significantly in
size, solidity and sphericity, we crop cubic patches with
shapes of 40×40×40, 32×32×32 and 24×24×24 based on
the detection results as inputs, and concatenate the final
flattened features to obtain the nodule prediction results.

3.2.3 Loss function
For nodule candidate detection, we use the sum of the Dice
loss and focal loss, since the volume of a pulmonary nodule
may be very small. In the false positive reduction, we sim-
ply use the cross-entropy loss to optimize the classifier.

LDice(p, y) = 1 –
2
∑Np

i=1 piyi
∑Np

i=1 pi +
∑Np

i=1 yi
, (1)

Lfocal(p, y) = –
1

Np

Np∑

i=1

(1 – pi)
γ yi ln pi

–
1

Np

Np∑

i=1

pγ

i
(
1 – yi

)
ln (1 – pi) ,

(2)

Ldet(p, y) = LDice(p, y) + Lfocal(p, y), (3)

where Ldet is the loss for detector, and pi and yi are the
predicted probability and ground truth of the i-th voxel,
respectively. Np is the number of voxels and γ is a hyper-
parameter.
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3.3 Uncertainty-guided sample selection scheme
In clinical practice, domain shift between training data
and test data is inevitable considering the factors of imag-
ing quality, such as scanning protocol, imaging equipment
and expertise of the operator. Although the UDA methods
have been widely explored to address this issue, the per-
formance is still limited since no target label information
is introduced during the model fune-tuning procedure.

Empirically, inherent random effect and ambiguity in
data, and Monte Carlo dropout indicate aleatoric uncer-
tainty (AU) and epistemic uncertainty (EU), respectively.
The former shows data diversity and the latter represents
model diversity [51]. Following this observation, we add
different random perturbations during multiple forward
passes with a certain dropout rate, which incorporates
AU and EU to assess the sample uncertainty. Unlike tra-
ditional uncertainty estimation methods that add noise
singly (aleatoric uncertainty), here we additionally per-
form multi-times forward, which incorporates epistemic
uncertainty into the estimation since the dropout layer is
included in the model. Therefore, an uncertainty-guided
sample selection scheme (USSS) is proposed to select a few
target samples worth annotating most based on the model
pre-trained on DS . Specifically, for each sample xut

i in orig-
inal DT , different random noise rk

i is added for K iterations
(the noise is first sampled from standard normal distribu-
tion N ∼ (0,1), whose value is then truncated within –0.1
to 0.1), thus, K predicted soft masks {mk

i }K
k=1 are generated

for xut
i , and the uncertainty score of xut

i is calculated using
Eq. (4):

Ui = 1 –

∑ K⋂

k=1
1[mk

i ≥ τ ]

∑ K⋃

k=1
1[mk

i ≥ τ ]
, (4)

where τ is a hyper-parameter used to obtain binary masks.
K is the iteration number. The higher Ui, the more unsta-
ble the segmentation is.

When uncertainty of all samples in original unlabeled
target domain dataset DT is calculated, we collect a few
samples with high uncertainty score to annotate and form
a labeled target domain dataset termed DLT.

3.4 Zoom-in and zoom-out constraint
Beyond the collected DLT, there are a large number of un-
labeled available samples, which form DUT. Inspired from
previous works in which multi-level contextual informa-
tion indeed boosts the performance of pulmonary nodule
detection [4, 14], we further propose a ZZC strategy to op-
timize the pre-trained model in a semi-supervised man-
ner, with the aim of adapting the model to unseen target
domain perfectly. As shown in Fig. 4, ZZC mainly con-
tains feature-level constraint (FC) and mutual consistency

Figure 4 Detailed description of the proposed zoom-in and
zoom-out constraint. For each input target sample (no matter
manually annotated or the rest reserved), the zoom-in and zoom-out
operations are implemented by interpolation with 2× and 0.5× ratio,
respectively. Encoders of zoom-out (upper), original (middle) and
zoom-in (bottom) branch are fixed, and only the decoders are
trainable. Specifically, feature-level constraint (FC) is conducted to
align the intermediate semantic segment, which aims to learn
complementary information. Mutual consistency (MC) is applied at
the output level to learn a consistent label distribution. Note that
supervised loss is only for samples from DLT

(MC), which are designed for intermediate segment align-
ment and predicted result consistency, respectively.

3.4.1 Feature-level Constraint (FC)
Compared to the features of the middle branch, features
of the zoom-in and zoom-out branch are 2 × magnifi-
cation and 0.5 × scaling along depth, height and width
axis, respectively. We argue that semantic information at
each level should be consistent even if the input scale
varies, since the relative spatial location of a nodule is not
changed. Formally, the constraint between upper and mid-
dle branch and the constraint between bottom and middle
branch are formulated as below:

LFC = Lu↔m
FC + Lb↔m

FC , (5)

Lu↔m
FC =

1
I

1
CDHW

I∑

i=1

‖φ(σ (f u
i )) – σ (f m

i )‖2
2, (6)

Lb↔m
FC =

1
I

1
CDHW

I∑

i=1

‖ψ(σ (f b
i )) – σ (f m

i )‖2
2, (7)

where f u
i , f m

i and f b
i mean the i-th level feature from up-

per, middle and bottom branch, respectively. σ denotes
sigmoid function and φ stands for up-sampling. ψ is the
max-pooling function and I is the number of scales. C, D,
H and W represent the channel, depth, height and width
of the feature map, respectively. LFC is the final loss of FC.
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To sum up, LFC assists decoders in capturing scale-
invariant and scale-complementary semantic information
as multi-level multi-view features are interacted.

3.4.2 Mutual Consistency (MC)
In addition to the feature-level consistency learning, we
also introduce the output level consistency for the pre-
trained model fine-tuning. Actually, MC works in the
manner of pseudo-labeling, where each branch generates
pseudo mask for the other. Moreover, following Ref. [52],
we utilize a sharpening function to transform the pre-
dicted soft pseudo mask into sharpened pseudo mask,
which makes contribution to entropy regularization. The
sharpening function ξ (·) is formulated as

ξ (pi) =
p1/T

i

p1/T
i + (1 – pi)

1/T , (8)

where T is the sharpening parameter, and pi is the pre-
dicted probability of the i-th voxel. The smaller the value
T , the closer the sharpened pseudo mask to a binary mask.

Similar to FC, the loss between upper and middle branch
and loss between bottom and middle branch are formu-
lated as below:

LMC = Lu↔m
MC + Lb↔m

MC , (9)

Lu↔m
MC = Ldet(φ(pu), ξ (pm)), (10)

Lb↔m
MC = Ldet(ψ(pb), ξ (pm)), (11)

where pu, pm and pb are the predicted soft pseudo masks
from the upper, middle and bottom branch, respectively.
LMC is the final loss of MC.

Based on the above procedure, the fine-tuning of nodule
candidate detection has finished. As for the false positive
reduction fine-tuning, feature encoder E is fixed and only
the classifier CLS composed of two fully connected layers
is trainable. Similarly, there are labeled and unlabeled pul-
monary nodules, which are from annotated samples and
detected by the fine-tuned detector, respectively. As for the
detected unlabeled pulmonary nodules, we simply utilize
the pseudo-labeling strategy with the threshold η to filter
out untrustworthy pseudo labels (nodule or non-nodule),
and iterate until convergence.

4 Experimental results
4.1 Dataset and evaluation metrics
We evaluate our method on the LUNA16 dataset [27] and
the TianChi dataset [28]. LUNA16 contains 888 low-dose
CT scans along with 1186 pulmonary nodules, which is
composed of 10 subsets. The diameter of these pulmonary
nodules is 3∼30 mm. The TianChi dataset contains 1000
low-dose CT scans (600 for training and 400 for testing)
with 1244 pulmonary nodules, and the diameter of these

pulmonary nodules is 3∼30 mm except one with 2.9 mm.
For both two datasets, the center coordinates and diame-
ters of the pulmonary nodules are given as annotation in-
formation. In main experiments, we consider the LUNA16
dataset as the source domain and the TianChi dataset as
the target domain.

Evaluation metric for all experiments is the free-re-
sponse receiver operating characteristic (FROC) [54] un-
der seven pre-defined false positives per scan (FP/scan)
rates: 0.125, 0.25, 0.5, 1, 2, 4, and 8. The averaged sensitivity
of these seven pre-defined FP/scan is referred to as com-
petition performance metric (CPM) [55]. The FROC curve
shows the relevance between sensitivity and FPs/scan.

4.2 Implementation details
In data pre-processing, following Refs. [7, 9, 56], we first
normalize all chest CT scans to a unified voxel size of
1 × 1 × 1 mm3 to reduce the influence of spatial varia-
tion across different samples. Following Refs. [12, 14, 15],
we employ a lung parenchyma segmentation scheme to re-
move irrelevant anatomical structures. This scheme con-
tains four steps: (1) using the mean value of the whole slices
as a threshold to roughly divide each case into the lung and
background; (2) keeping the largest two connected regions
as pulmonary regions; (3) using morphological dilation
and closing to fill holes to ensure that the nodules adher-
ing to the lung wall are contained by the lung parenchyma
mask; and (4) applying the mask to the scan to remove ir-
relevant anatomy.

For training details, we extract partly overlapped 3D
patches of size 48×48×48 on the re-sliced CT scans with
a stride of 40. To train the nodule candidate detection
module, we generate pseudo nodule segmentation masks
through two steps: (1) defining a sphere with the same di-
ameter as the nodule and the center of the sphere is located
in the center of the pulmonary nodule; (2) using the But-
terworth function to set voxel value inside the sphere and
set 0 to the outside. Beyond that, we utilize data augmenta-
tion including random flip and shifting (–10 to 10 voxels)
to enlarge the number of positive samples (cubic patches
containing nodules), which balances the negative samples
(cubic patches without nodules). An Adam optimizer with
an initial learning rate of 1 × 10–4 and 1 × 10–6 is used
to optimize the nodule candidate detection module and
false positive reduction module, respectively. For source
domain training, the batch size and hyper-parameter γ

are empirically set to 32 and 2.5, respectively. For target
domain fine-tuning, the batch size, hyper-parameter τ , it-
eration number K , sharpening parameter T and pseudo-
labeling threshold η are empirically set to 8, 0.35, 3, 0.1 and
0.70, respectively. Moreover, we evaluate our method us-
ing 10-fold cross-validation and test set validation on the
LUNA16 and the TianChi datasets, respectively. All ex-
periments were conducted on two NVIDIA Gefore RTX
3080Ti GPUs.
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Table 1 Performance comparison with other competitive pulmonary nodule detection methods on the LUNA16 dataset [27]. FPR
means false positive reduction; CPM is competition performance metric. It is the average sensitivity of seven pre-defined FPs/scan. FPs
mean false positives per scan. Best results are in bold

Method FPR FPs/scan CPM

0.125 0.25 0.5 1 2 4 8

CPM-Net [9] w/o 0.723 0.838 0.887 0.911 0.928 0.934 0.948 0.881
SCPM-Net [7] w/o 0.743 0.829 0.889 0.922 0.939 0.958 0.964 0.892

MIP [14] w 0.876 0.899 0.912 0.927 0.942 0.948 0.953 0.922
TSCNN [53] w 0.848 0.900 0.925 0.936 0.949 0.957 0.960 0.925
DS-CMSF [12] w 0.742 0.841 0.899 0.925 0.944 0.955 0.960 0.895
MSANet [15] w 0.832 0.886 0.928 0.937 0.946 0.952 0.959 0.920

Ours w 0.878 0.916 0.933 0.954 0.962 0.968 0.970 0.940

Table 2 Performance comparison with UDA, SSL and USS methods on the target domain TianChi dataset [28]. “UDA”, “SSL” and “USS”
are unsupervised domain adaptation, semi-supervised learning and unsupervised semantic segmentation, respectively. Note that all
SSL methods using the same 5% labeled target domain samples, which are selected by our proposed USSS

Method Type FPs/scan CPM

0.125 0.25 0.5 1 2 4 8

Baseline (source) – 0.672 0.771 0.815 0.832 0.855 0.878 0.882 0.815
Baseline (target) – 0.771 0.815 0.846 0.902 0.926 0.941 0.953 0.879

LUSSeg [57] USS 0.657 0.763 0.801 0.822 0.847 0.860 0.878 0.804

UNet-GAN [30] UDA 0.802 0.856 0.902 0.908 0.912 0.916 0.918 0.888
SFDA [23] UDA 0.846 0.874 0.900 0.911 0.918 0.922 0.923 0.899
ConstraintAdap [22] UDA 0.835 0.862 0.905 0.917 0.923 0.936 0.938 0.902

UA-MT [41] SSL 0.835 0.862 0.905 0.927 0.936 0.938 0.938 0.906
CPS [34] SSL 0.843 0.886 0.912 0.936 0.938 0.941 0.941 0.914
ST++ [58] SSL 0.851 0.904 0.909 0.932 0.941 0.943 0.946 0.918

Ours SSL 0.871 0.916 0.928 0.943 0.948 0.952 0.958 0.931

4.3 Comparison with other detection methods on source
domain LUNA16 dataset

Table 1 shows the performance comparisons with other
competitive pulmonary nodule detection methods on the
LUNA16 dataset. All results are obtained from the origi-
nal papers and based on the same 10-fold cross-validation.
Generally, these methods can be divided into one-stage
and two-stage approaches, depending on whether a false
positive reduction module is used for further classifica-
tion. Based on the results, we can find that two-stage
methods (MIP [14], TSCNN [53], DS-CMSF [12], and
MSANet [15]) are better than one-stage methods (CPM-
Net [9] and SCPM-Net [7]), with approximately
1.4%∼4.4% performance gain, manifesting the necessity of
utilizing false positive reduction. Beyond that, our method
outperforms other existing two-stage methods by 2.0%
compared with MSANet. The main reason is that we fo-
cus on detailed nodule representation with multi-scale fea-
tures on over-sampled balanced data, and finally achieve
the highest CPM score of 0.940. Morever, it is noticed that
the FPs/scan rates from 1 to 4 are the most clinical con-
cerns [59]. Our method yields sensitivity of 0.954, 0.962

and 0.968 under FPs/scan rates of 1, 2, and 4, respectively,
which indicates the promising potential of our detection
method on the source domain data.

4.4 Comparison with UDA and SSL methods on target
domain TianChi dataset

To validate the effectiveness of our human-in-the-loop
method, we compare it with the recently proposed UDA
and SSL methods, respectively, which are shown in Table 2.
Here baseline (source) means directly applying the model
trained on the LUNA16 dataset to the TianChi dataset,
which results in the lowest performance and further in-
dicates the domain shift between the two datasets. Base-
line (target) means that only the selected 5% target do-
main samples are used to fine-tune the pre-trained model,
which achieves 6.4% performance gain compared to base-
line (source). This result demonstrates that providing a
small amount of target domain supervision can contribute
to better accuracy.

Comparisons with the UDA methods. Three UDA meth-
ods are utilized for comparison, which are UNet-GAN [30],
SFDA [23] and ConstraintAdap [22]. Based on the results
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in Table 2, UNet-GAN, SFDA and ConstraintAdap obtain
the CPM score of 0.888, 0.899 and 0.902, which is 7.3%,
8.4% and 8.7% higher than baseline (source), respectively.
This result demonstrates their effectiveness in mitigating
domain shift. However, it is interesting to find that all UDA
methods have lower CPM score than SSL methods with
more than 1.6% performance gap. This indicates that sup-
plying a small amount of target domain supervision would
greatly boost the performance.

Comparisons with SSL methods. Three recently pro-
posed advanced SSL methods are listed for comparison:
UA-MT [41], CPS [34], and ST++ [58]. To make fair com-
parison, all these SSL methods utilize the same 5% labeled
target domain samples collected by our proposed USSS.
From the results in Table 2, we can see that ST++ and CPS
achieve similar performance and surpass UA-MT in CPM
score by 0.8%∼1.2%. Beyond that, CPS and ST++ surpass
baseline (source) by 9.9% and 10.3%, respectively. This sug-
gests that fine-tuning the pre-trained model in the SSL
method can visibly help the model learn target domain in-
formation. More importantly, our method obtains 93.1%
CPM score and has approximately 2% improvement com-
pared to the other SSL methods, which demonstrates the
ability of the proposed ZZC strategy to extract target do-
main information from unlabeled samples.

Additionally, we also compare with an unsupervised
semantic segmentation method LUSSeg [57] with a few
annotation target domain samples. Specifically, to make
LUSSeg more suitable for the dense prediction task, i.e.,
segmentation, we re-implement LUSSeg by first pre-train-
ing on all target domain data in a masked image model-
ing fashion, instead of contrast-based pre-training. Then,
LUSSeg is fine-tuned using 5% target domain annotations
selected by our proposed USSS. From Table 2, we can find
our method surpasses LUSSeg by 12.7%. We believe there
are two reasons for this: (1) although LUSSeg can learn
target semantics by pre-defined proxy tasks, the learned
features are optimal to the pertinent high-level segmenta-
tion task, while task-specific semantics are only acquired
from the limited 5% labeled target domain samples, result-
ing in relatively poor performance; (2) our method is first
pre-trained using labeled source domain samples, which
enables our method to perform well on the current pul-
monary nodule detection task. Although there is a domain
gap between the source and target domains, the domain
shift problem can be mitigated by jointly leveraging a few
target samples worth annotating and a large set of unla-
beled target samples in a semi-supervised manner.

To further demonstrate our method, we randomly select
seven samples from source domain LUNA16 and target
domain TianChi dataset, respectively. As shown in Fig. 5,
the first row “source domain” shows that our model can
accurately find nodules with high certainty when training
and testing are performed on the source domain LUNA16

dataset. The rest four rows are detection results when
model transferred from source domain to target domain.
Here we compare our method to one best UDA method
(ConstraintAdap) and two best SSL methods (CPS, ST++)
according to the results in Table 2. From the visualiza-
tion results, we can draw three conclusions: (1) Constrain-
tAdap can capture easy samples, i.e., solitary and rela-
tively large nodules, but failed when faced with hard sam-
ples; (2) although CPS and ST++ have fewer true nega-
tives compared to ConstraintAdap, they are still sensitive
to small nodules or nodules attached to tissues (see last
three columns in Fig. 5), resulting in mislocalization and
low probability of nodule detection; (3) in contrast, our
method achieves better results with accurate location and
high classification score, further indicating that the pro-
posed ZZC strategy can effectively explore scale-invariant
but consistent features from both feature and output lev-
els.

4.5 Ablation study
4.5.1 Number of human annotations
As depicted in Fig. 6, six ratios of annotated target do-
main samples are discussed, which are 1%, 2%, 5%, 10%,
20% and 50%. Based on the results, three conclusions are
drawn as follows: (1) the performance of these methods
are gradually increasing when the annotation ratio ranges
from 1% to 10%, and results are almost saturated when the
ratio is greater 10%; (2) our method significantly surpasses
other competitive SSL methods when the ratio is low, i.e.,
there is about 2.5% performance gain compared to ST++
when only 1% target domain samples are labeled. This phe-
nomenon indicates that our method is more suitable to
discover target domain information in a semi-supervised
manner with limited supervision; and (3) in the scenario of
annotating abundant target domain samples, i.e., 50% ra-
tio, approximately 1% performance gain is achieved when
compared to ST++, which demonstrates our method is
more capable of mining the information of unlabeled tar-
get domain samples.

4.5.2 Comparisons with different uncertainty estimation
methods

We also conduct experiments to validate the superiority of
our proposed uncertain estimation scheme. As presented
in Table 3, four strategies are compared, which are Ran-
dom (randomly select target domain samples to annotate),
Entropy, Noise (AU) and Dropout (EU) [60], in the case
of only utilizing the selected 5% target domain samples
to refine the model. From the results, we can see that
the baseline results in the lowest performance. Noise and
Dropout outperform Entropy and Random, which indicat-
ing that AU and EU are more suitable for estimating in-
stance uncertainty. The performance gain between USSS
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Figure 5 Visualization of pulmonary nodule detection results. The first row “source domain” means the model is trained and tested on the source
domain LUNA16 dataset. The remaining four rows perform comparisons with the UDA and SSL methods when the pre-trained model is transferred
from source domain to target domain. The red circle and “p” denote the location and probability of the detected nodule, respectively. The green
circle is the ground truth

Figure 6 Comparison with other SSL methods with different
numbers of annotated target domain samples

and Noise/Dropout demonstrates the effectiveness of in-
corporating AU and EU, which significantly boosts the per-
formance when only limited target domain samples are
worth annotating and delineated.

Table 3 Performance comparison with other uncertainty
estimation methods on the target domain TianChi dataset, in the
case of annotating 5% target domain samples

Method FPs/scan CPM

0.125 0.25 0.5 1 2 4 8

Baseline 0.672 0.771 0.815 0.832 0.855 0.878 0.882 0.815

Random 0.692 0.803 0.824 0.857 0.886 0.902 0.913 0.840
Entropy 0.742 0.807 0.838 0.878 0.903 0.927 0.931 0.861
Noise 0.753 0.808 0.836 0.880 0.908 0.927 0.930 0.863
Dropout 0.763 0.814 0.842 0.889 0.912 0.930 0.933 0.869
USSS 0.771 0.815 0.846 0.902 0.926 0.941 0.953 0.879

4.5.3 Effectiveness of each module
From Table 4, we can find that (1) just introducing USSS
can produce approximately 6% CPM improvement over
baseline. Here, B+USSS means using only selected 5%
samples from the target domain to fine-tune the pre-
trained source domain model. The result shows that sup-
plying a small amount of target domain supervision is quite
useful to bridge the domain gap; (2) in the absence of an-
notated target samples, the use of ZZC strategy effectively



Zeng et al. Visual Intelligence            (2024) 2:19 Page 10 of 13

Table 4 Quantitative ablation study of each module on target
domain TianChi dataset

Method FPs/scan CPM

0.125 0.25 0.5 1 2 4 8

Baseline(B) 0.672 0.771 0.815 0.832 0.855 0.878 0.882 0.815

B+USSS 0.771 0.815 0.846 0.902 0.926 0.941 0.953 0.879
B+ZZC 0.835 0.862 0.905 0.917 0.936 0.938 0.940 0.905
B+USSS+ZZC 0.871 0.916 0.928 0.943 0.948 0.952 0.958 0.931

Table 5 CPM score with different τ on target domain TianChi

τ 0.15 0.25 0.35 0.45 0.55 0.65

CPM 0.912 0.925 0.931 0.924 0.913 0.909

Table 6 CPM score with different K on target domain TianChi

K 2 3 4 5 6 7

CPM 0.916 0.931 0.933 0.935 0.935 0.935

Table 7 CPM score with different T on target domain TianChi

T 0.01 0.05 0.10 0.20 0.50

CPM 0.922 0.928 0.931 0.918 0.916

detects the scale-invariant but consistent feature informa-
tion, thus reducing the false positive rate (sensitivity is
much higher at low FPs/scan rate); and (3) the joint use of
USSS and ZZC in a semi-supervised method achieves the
best CPM score, validating its model generalization abil-
ity when transferred from the source domain to the target
domain.

5 Discussion
5.1 Hyper-parameter setting
The τ , K and T are three hyper-parameters. We conduct
experiments to discuss how to choose them. Tables 5-7
show the results with different values of τ , K and T , re-
spectively. For τ , which is used to transform the predicted
soft pseudo mask into binary pseudo mask in USSS, all tar-
get domain samples tend to have high uncertainty when τ

is too high, while conversely, smaller τ makes the sample
uncertainty lower. Finally, we set τ to 0.35. Beyond that, K
is the iteration number in USSS. We can find that it is able
to stably filter out uncertain target domain samples when
K is greater than 3. T is a temperature hyper-parameter in
ZZC, which makes contribution to entropy regularization.
In general, a larger T will have little effect on entropy min-
imization, while a smaller T will sharpen the pseudo mask,
but probably introduce some noise. Based on the results,
we can observe that our model is robust to T , and finally
T is set to 0.10.

5.2 Swapping: TianChi as source domain and LUNA16 as
target domain

To further validate the robustness of our proposed human-
in-the-loop method, we swap the originally defined source
domain and target domain, and select the TianChi dataset
as source domain and select the LUNA16 dataset as target
domain. Experimental results are shown in Table 8. From
the results, we can see that when the model trained on
the source domain TianChi dataset is directly applied to
the target domain LUNA16 dataset, the CPM score drops
significantly, which is mainly caused by the domain gap.
The 7.4% performance gain between baseline (target) and
baseline (source) indicates the importance of introducing
target domain supervision. Moreover, although the UDA
methods attempt to bridge the domain gap through image-
to-image translation or agent task training, their perfor-
mance is again far behind the SSL methods. One important
reason is that the SSL methods use a small amount of but
effective target domain supervision produced by our USSS.
Finally, our method outperforms the other SSL methods
with 1.1%∼2.3% improvement, further demonstrating the
effectiveness of our elaborately designed ZZC strategy.

6 Conclusion
It is a common phenomenon that a well-performed model
may suffer from performance degradation due to the do-
main gap. Although UDA methods are designed to reduce
domain variance, their performance is still limited because
no target domain information is introduced. Instead, de-
lineating a few target domain samples would be a direct
and feasible way to bridge the gap. Following this idea, we
propose a human-in-the-loop method for pulmonary nod-
ule detection in a semi-supervised manner to boost the
model’s generalization ability when transferred from the
source domain to the target domain. Specifically, we first
train a well-performing model on the source domain, and
then a few samples containing rich information from the
target domain using our proposed USSS. Finally, both la-
beled and unlabeled target domain samples are utilized by
ZZC to learn scale-invariant but consistent target domain
features. Our method is verified on two pulmonary nod-
ule datasets. Extensive experimental results show that our
method can not only achieve the best performance in the
source domain compared with other advanced networks,
but also can achieve surprising results when transferred to
the target domain, compared to competitive UDA and SSL
methods.

However, the proposed HILT method needs to first dis-
cover some target domain samples worth annotating and
then refine the pre-trained source domain model in an SSL
fashion, which is a little complicated. Therefore, in our
future work, we plan to develop a one-stage pulmonary
nodule detection system using a more generalized HITL
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Table 8 Performance comparison with the UDA and SSL methods on the target domain LUNA16 dataset. “UDA” and “SSL” are
unsupervised domain adaptation and semi-supervised learning, respectively. Note that all SSL methods using the same 5% labeled
target domain samples, which are selected by our proposed USSS

Method Type FPs/scan CPM

0.125 0.25 0.5 1 2 4 8

Baseline (source) – 0.632 0.701 0.752 0.813 0.846 0.853 0.860 0.780
Baseline (target) – 0.677 0.786 0.835 0.886 0.916 0.935 0.943 0.854

UNet-GAN [30] UDA 0.742 0.826 0.883 0.909 0.918 0.923 0.924 0.875
SFDA [23] UDA 0.747 0.853 0.890 0.914 0.921 0.926 0.928 0.883
ConstraintAdap [22] UDA 0.764 0.860 0.900 0.915 0.923 0.929 0.931 0.889

UA-MT [41] SSL 0.802 0.869 0.893 0.918 0.927 0.932 0.935 0.896
CPS [34] SSL 0.827 0.873 0.906 0.925 0.928 0.934 0.936 0.904
ST++ [58] SSL 0.833 0.877 0.912 0.928 0.931 0.935 0.938 0.908

Ours SSL 0.858 0.910 0.917 0.925 0.936 0.942 0.947 0.919

method, i.e., performing expert annotation and cross-
domain detection simultaneously, with the goal of achiev-
ing perfect cross-domain pulmonary nodule detection.
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