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ABSTRACT: Object: The varying breast morphologies can lead to enormous differences in microwave backscatter signals, making it
difficult to identify weak tumor responses, which adversely affects the performance of microwave detection. Existing deep learning
methods for microwave tumor detection struggle to generalize diverse breast morphologies. The purpose of this study is to develop a
deep learning method to overcome the influence of breast morphology on microwave tumor detection. Methods: This paper proposes
a domain-adversarial tumor detection network (DATDNet) to improve detection performance. The proposed method employs breast
backscatter signals with known tumor information as source domain data for training a convolution neural network. Subsequently, deep
adversarial training is conducted on the backscatter signals of breasts with unseen morphologies and unknown tumor information in the
trained network, in order to mitigate the adverse effects of variations in breast morphology on detection. In the process of microwave
breast image feature extraction, our method introduces channel and spatial attention mechanisms in the convolution modules to pay
more attention to tumor information. Results: The feature distribution estimations demonstrate that the microwave data from different
breast morphologies are effectively aligned. In two datasets with completely different breast morphologies, the detection accuracies reach
76.64% and 83.15%, with improvements of 5.36% and 7.79% compared with baseline CNN. The ablation studies demonstrate that the
proposed method effectively enhances the generalization performance and accuracy of microwave breast cancer detection.

1. INTRODUCTION

Breast cancer is a malignant disease with the highest
incidence among women, and its risk will further increase

amidst the advancements in globalization and economic
growth [1]. Ultra-wideband microwave technology has
garnered significant attention of doctors and researchers,
owing to its remarkable advantages such as low electro-
magnetic radiation, large information-carrying capacity, and
cost-effectiveness. It is expected to be developed into a safe,
accurate, and economical approach for breast tumor detec-
tion [2]. In this article, ultra-wideband microwave technology
is also known as microwave technology. The physics founda-
tion of ultra-wideband microwave detection of breast tumors
lies in the contrast in dielectric properties between normal (fat)
and malignant (tumor) tissues at microwave frequencies. This
difference is attributed to the varying water contents within
these tissues. Through the measurement of excised breast
tissues, it was found that the relative permittivities of fat and
tumor tissues are approximately 7 and 60 at the intermediate
frequency in the 0.5–20GHz frequency range [3]. If there is
a tumor in the breast, the incident wave is scattered, affecting
the electromagnetic wave energy at the receiving antenna. The
tumor information can be obtained by processing the changed
backscatter signal [4].

* Corresponding author: Min Lu (minlu@xaut.edu.cn).

The research on microwave breast tumor detection algorithm
is a vital area in this field, directly impacting the effective-
ness and accuracy of this technology. Initially, researchers
employed microwave image reconstruction algorithms to de-
tect the presence of breast tumors. In confocal imaging [5–
10], only the tumor region is reconstructed by extracting tu-
mor information and estimating the average wave velocity. Mi-
crowave tomography [11–13] reconstructs the overall dielectric
contrast map of the breast by solving complex inverse prob-
lems and locates tumors within the breast by identifying high
dielectric regions. Owing to the complexity of breast structural
morphology, traditional microwave imaging methods often ex-
hibit obvious complexity. In recent years, the intelligent de-
tection [14–17] of breast tumors has been intensively studied,
thanks to artificial intelligence technology’s nonlinear learning
ability and representation ability. Artificial intelligence-based
detectionmethods can apply rich prior knowledge and automat-
ically learn predictive models between breast scattering signals
and tumor related information from a large amount of data.
Martins et al. [18] integrated antenna topology and ma-

chine learning algorithms, such as the K-nearest neighbor al-
gorithm, linear discriminant analysis, and support vector ma-
chine, achieving an accuracy of 85% on five breast phantoms.
Ref. [19] utilized 150 scans of 10 breast phantoms to detect
the presence of tumors using linear discrimination analysis and
support vector machine. Different time-frequency decomposi-
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FIGURE 1. The diagram of the proposed DATDNet. The signal data {xs} represent the data with known tumor information (source domain). The
signal {xt} represent the data with unknown tumor information (target domain). The proposed DATDNet can generate the labels (tumor information)
of the target domain through adversarial training.

tionmethods for tumor detection were compared using a dataset
comprising 12 healthy breast backscatter signals and simulated
tumor responses [20]. Francescini et al. [21] utilized a random
shape generator to generate many 2-D breast models and imple-
mented a breast microwave tomography method based on neu-
ral network. However, the detection of tumors requires setting
a threshold. Rena et al. [22] collected microwave S parameter
data from 61 patients and implemented tumor detection using
the supervised machine learning method combining principal
component analysis (PCA) and support vector machine (SVM).
The time-frequency feature extraction and genetic neural net-
work were employed to achieve accurate tumor localization for
a single heterogeneous breast model [23]. Reimer and Pisto-
rius [24] achieved acceptable tumor detection performance us-
ing a convolutional neural network (CNN) method, where the
extreme breast volumes in the test set (excluding oversized and
undersized phantoms) were constrained within the training set.
The variant structures of CNN architectures (CNN-long short-
term memory (LSTM), ResNet) [4, 25] have also been used to
detect microwave breast tumors, demonstrating the great po-
tential of deep learning in this field. Khalid et al. [26] built a
BreastCare dataset to simulate breast density changes by filling
a specific breast model with a mixture of different dielectric
properties. Based on this database, ResNet was used to achieve
good tumor detection accuracy. In addition to the tumor detec-
tion, the identification of tumor characteristics [27–29] has also
made remarkable progress. In breast modeling, electromag-
netic modeling methods such as the finite difference time do-
main (FDTD) [30, 31] or the Method of Moments (MoM) [32]
are commonly used to simulate electromagnetic wave propaga-
tion processes and obtain simulated signals. Additionally, some
studies have also obtained signals by building microwave ex-
perimental platforms [33].
While microwave methods in conjunction with deep learn-

ing have shown good potential and excellent outcomes, some
key issues remain unresolved. However, there is often a lack
of data diversity in breast data sources for developing breast
tumor detection algorithms, and thus, datasets are suscepti-
ble to encountering similar or even identical breast backscat-
ter data during training and testing phases. Although the train-
ing network model adapts well to the specific sample data,
the similarity between the data makes the evaluation results

overly optimistic [34]. These methods cannot effectively solve
broader, more general detection scenarios. The variations be-
tween breasts challenge the effectiveness of detection algo-
rithms, and when algorithms encounter breast data they have
not seen during training, their accuracy decreases significantly.
This situation is highly unfavorable for future clinical applica-
tions. This article describes efforts to enhance the generaliza-
tion performance of microwave sensing in breast tumor detec-
tion. The key contributions of this work are summarized as
follows:

(1) This paper proposes a neural network architecture for mi-
crowave tumor detection based on the theory of domain
adversarial learning, aiming to address the low generaliza-
tion performance caused by different breast morphologies.
The effective alignment of the different breast backscatter
signals is confirmed through feature distribution estima-
tion.

(2) To pay more attention to the weak tumor response dur-
ing network learning, our method integrates the attention
mechanism into the current network framework. The ab-
lation experiments demonstrate that this strategy further
improves the accuracy of tumor detection.

(3) We utilized an experimental dataset of breast scattering
signals, which features the most diverse breast morphol-
ogy (including 1,008 unique breast scans), for algorithm
validation. In two completely different tumor detection
tasks, our method improves the accuracy by 5.36% and
7.79% compared to the CNN baseline.

The remainder of this paper is organized as follows. Sec-
tion 2 explains the proposed deep transfer learning method and
describes the dataset used in this study. Section 3 reports the
performance evaluation of the proposed method. Section 4 pro-
vides a comprehensive discussion of this article and related
work. Section 5 gives a conclusion of this study and future
works.

2. METHODS

2.1. Overall Network Architecture
Figure 1 illustrates the diagram of the proposed framework. In
this case, the source domain and target domain represent the
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backscatter signal domains of models with different breast mor-
phologies, respectively. The two data domains within domain
adversarial [35] framework exhibit varying marginal distribu-
tions. During the process of network learning, the signal data
{xs} in the source domain are labeled with tumor information,
whereas the tumor information of the signal {xt} in the target
domain remains unknown. The label information of the target
domain is solely utilized for the final performance evaluation.
The proposed domain adversarial tumor detection network

(DATDNet) generates the labels of the target domain and con-
ducts adversarial training, so that the data feature distributions
of the source domain and target domain tend to be consistent.
Inspired by the successful applications [36] of attention mech-
anisms in computer vision and natural language processing, we
expect that attention mechanisms can selectively focus on more
critical information in S-parameter images for tumor detection.
The training and testing process of the proposed DATDNet is
summarized as follows.
This architecture consists of three parts: a feature extractor

Gf (xi; θf )which extracts features from the source domain and
target domain, a domain discriminator Gd(xi; θd) which deter-
mines whether the feature comes from the source domain or
target domain, and a tumor detector Gy(xi; θy) which classi-
fies the features. Symbols x and θ represent the samples and
network parameters. The input of the network is the labeled
samples from source domain and unlabeled samples from tar-
get domain. Assuming the source domain Ds = {xs, ys} and
the target domain Dt = {xt}, the loss function of the label
classifier and the domain discriminator are written as follows,

Li
y(θf , θy) = Ly (Gy(Gf (xi; θf ); θy), yi) , (1)

Li
d(θf , θd) = Ld (Gd(Gf (xi; θf ); θd), di) . (2)

Parameters yi and di are the ith sample category label and do-
main category label, respectively. In the training process, the
first task is to minimize the classification error of the source do-
main dataset, and the second task is to maximize domain classi-
fication error to confuse the source domain data with the target
domain data. Fig. 2 shows the overall structure of the proposed
method. The specific process of the proposed algorithm is de-
scribed.

2.2. Microwave Image Feature Extractor
The proposed method consists of several feature extraction
modules, and each module consists of a convolution layer, a
max-pooling layer, a dropout layer, and an attention mechanism
module. The data space formed by all signal samples in the
source domain and target domain is denoted as xD = {xs, xt}.
The calculation process of the convolution module for the i
sample can be expressed as,

xcon
D,i = ϕ [BNγ,β (xD,i ∗ ωcon + bcon)] , (3)

where xcon
D,i represents the output of the convolution module,

and ωcon and bcon denote the weighted parameters of the con-
volution kernel and bias vector. Parameter BNγ,β represents
the BatchNormalization (BN) operation with scaling parame-
ter γ and translation parameter β. Parameter ϕ(·) represents
the ReLU (Rectified Linear Unit) layer. The operation of BN
ensures that the input values for each training iteration re-
main within a reasonable range, which can improve training
speed and accelerate the convergence of the network. The
ReLU function strengthens the nonlinear capabilities of neu-
ral networks and effectively alleviates the vanishing gradi-
ent phenomenon. Furthermore, the attention mechanism mod-
ule [37, 38] is introduced at both the channel and spatial levels,
which can enhance the feature expression capability of convo-
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FIGURE 2. The model structure of the proposed DATDNet. The symbol ∂(·)
∂(·) represents the derivative operation in the backpropagation process

of errors. The symbols Gf (·; θf ), Gy(·; θy), and Gd(·; θd) represent the feature extractor, tumor detection predictor, and domain classifier with
parameters θf , θy , and θd, respectively. This architecture consists of three parts: a feature extractor, a domain classifier, and a tumor detection
predictor. The attention module has two sequential sub-modules: a channel and a spatial attention module.

lution neural network.

F
′′

s,i = Ms(F
′

c,i)⊗ F
′

c,i, (4)

F
′

c,i = Mc(x
con
D,i)⊗ xcon

D,i , (5)

where xcon
D,i ∈ RC×H×W is the input feature map, and

Mc ∈ RC×1×1 and MS ∈ R1×H×W represent the operation
of attention extraction on the channel and spatial dimension,
respectively. The input feature maps are spatially aggregated
using max-pooling and average-pooling operations, generating
two 1D vectors (F c

max and F c
avg). The output is fed into a

multilayer perceptron with the compression rate r, and the
final result is obtained through an activation function σ(·). The
channel attention mechanism is mathematically expressed as,

Mc(x
con
D,i) = σ

(
MLP(AvgPool(xcon

D,i)
)

+MLP
(
MaxPool(xcon

D,i)
)

= σ
(
W1(W0(F

c
avg,i)) +W1(W0(F

c
max,i))

)
, (6)

where W0 ∈ RC/r×C and W1 ∈ RC×C/r. The final result is
Mc ∈ RC×1×1. Average-pooling operation captures informa-
tion from every pixel on the feature map, while max-pooling
provides feedback on the regions with the most obvious re-
sponse. Similar to the channel attention module, the spatial at-
tention module performs average-pooling and max-pooling on
theMc(F ) along the channel dimension. Then, the convolution
operation is applied to the 2-channel feature maps to generate
a 2D feature map. This process is expressed as,

Ms(x
con
D,i) = σ

(
fm×m([AvgPool(xcon

D,i);MaxPool(xcon
D,i)])

)
= σ

(
fm×m([F s

avg,i;F
s
max,i])

)
, (7)

where fm×m denotes the convolution operation with the con-
volution size ofm×m.

In order to prevent overfitting of the network, we employed a
dropout layer, and network parameters are randomly discarded
with a certain probability p in each training batch. Finally, a
max-pooling layer is added to reduce the number of model pa-
rameters. The output of the feature extractor for xi is expressed
as,

xf
D,i = max

[
dropp(F

′′

s,i)
]
. (8)

2.3. Breast Tumor Detector
The output of the feature extractor includes the feature informa-
tion from source and target domains xf

D,i ∈ {xf
s,i, x

f
t,i}. The

labeled features xf
s,i from the source domain are input to the

breast tumor predictor or domain classifier. The unlabeled fea-
tures xf

t,i from the target domain are fed to the domain classifier.
Softmax is used as the activation function for the output layer.
The process of the tumor prediction is shown below,

xy
s,i = Softmax

(
ωfc ∗ xf

s,i + bfc
)
, (9)

where {ωfc, bfc} represents the parameters of the fully con-
nected (FC) layer. The cross-entropy loss function of the tumor
predictor is as follows,

Ly = − 1

ns

[
ns∑
i=1

(yi log ŷi + (1− yi) log(1− ŷi))

]
, (10)

where ns denotes the number of samples in source domain. Pa-
rameters y and ŷ represent the true label and predicted label,
respectively.
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2.4. Domain Discriminator
The network architecture of the domain discriminator is the
same as that of the tumor predictor. Overall, good transfer-
able features should exhibit the traits of domain invariance and
discriminability. Its ultimate task is to predict whether the fea-
tures originate from the source domain or target domain. The
optimal parameters are obtained by minimizing the following
discriminator loss,

Ld =
1

ns

ns∑
i=1

Li
d(x

fd
s,i) +

1

nt

nt∑
i=1

Li
d(x

fd
t,i) (11)

Li
d = yi log ŷi(xD,i) + (1− yi) log (1− ŷi(xD,i)) , (12)

where xfd
s,i and xfd

t,i denote the output of feature x
f
D,i through

the discriminator. Parameters ns and nt represent the number
of samples in the source and target domains, respectively.

2.5. Adversarial Training
In the adversarial training process, the gradients from the label
classifier and domain predictor are subtracted. This subtraction
is crucial and can be implemented by introducing a gradient re-
versal layer (GRL). During the backpropagation process, the
GRL changes the sign of the next layer’s gradient (multiplied by
−1) and then transmits it to the previous layer, without requir-
ing additional parameter updates for this layer. The following
loss function is optimized,

E(θf , θy, θd) =
1

n

n∑
i=1

Li
y(θf , θy)

−λ

(
1

n

n∑
i=1

Li
d(θf , θd

)
+

1

n′

N∑
i=n+1

Li
d(θf , θd)),(13)

by finding the parameters of the feature extractor, tumor detec-
tor, and domain discriminator θ̂f , θ̂y, θ̂d such that,

(
θ̂f , θ̂y

)
= argmin

θf ,θy

E
(
θf , θy, θ̂d

)
(14)

θ̂d = argmax
θd

E
(
θ̂f , θ̂y, θd

)
. (15)

Therein, the optimal parameters of the network are learned
by minimizing the loss of the tumor detector and maximizing
the loss of the domain discriminator, while determining domain
discriminator parameters by minimizing the discriminator loss.
The competition between the tumor detector and domain dis-
criminator drives the adversarial learning process to extract fea-
tures that are both domain-invariant and discriminative for the
task of breast tumor detection under varying breast morpholo-
gies.

2.6. Data Description and Preparation
The experimental dataset UM-BMID [24, 33] for microwave
breast tumor detection is used to evaluate the proposed method.
The UM-BMID dataset exhibits a high degree of breast mor-
phology variability. Fig. 3 shows the microwave data acquisi-
tion mode. This dataset (the second generation) includes 1008
scans from 66 unique 3D printed breast phantoms using pre-
clinical BMI measurement system [39]. The experimental sys-
tem consists of aVector NetworkAnalyzer (VNA) and two horn
antennas placed 60◦ apart using a bistatic rotating scanning
mode. Scattering parameters are measured at 72 equally spaced
antenna positions on a 360◦ circular trajectory around the breast
phantom. The dimension of the signal image is 35 ∗ 72, where
35 represents the number of time sampling points, and 72 rep-
resents the number of antenna positions.

FIGURE 3. Microwave data acquisition. For more information regard-
ing the acquisition system, please refer to [34, 35].

The specific description of the dataset is provided in [24, 33].
This dataset is divided into source domain and target do-
main according to volume distribution. The data of 448 scans
with a smaller volume are taken as one group (referred to as
“Backscatter dataset 1”), and the data of the remaining 560
scans with a larger volume are taken as another group (referred
to as “Backscatter dataset 2”). The adipose shell volumes of
dataset 1 range from 295 cm3 to 652 cm3, while the volumes of
dataset 2 range from 713 cm3 to 1113 cm3. This setup facili-
tates the creation of even more challenging test scenarios. To
increase the number of samples and enhance network perfor-
mance, the S11 images are horizontally translated and reflected
for data augmentation. The sample numbers of backscatter
dataset 1 and backscatter dataset 2 are 5376 and 6720, respec-
tively. The training set accounts for 75%, while the remaining
25% of the samples is the testing set. The first image on the top
left of Fig. 4 represents the original image, while the remaining
images represent the images after augmentation.

3. RESULTS

3.1. Performance Analysis
This section reports the impact of some main hyperparameters
of the proposed method on detection performance, such as the
number of feature extraction modules, the number of FC lay-
ers in the tumor detector, the size of convolution kernel, and
the learning rate. ADAM optimizer is used as the backpropa-
gation optimizer to update the gradient of the neural network.
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FIGURE 4. The backscatter signals after data augmentation (horizontally reflection and translation).

FIGURE 5. The training and testing errors’ change with epochs.

The number of epochs is set to 1000. Fig. 5 plots the curve
of training and testing errors with epochs. Due to the domain
adversarial learning process in the proposed method, the error
values of training and testing undergo oscillations, and this phe-
nomenon is more obvious in the first 400 epochs. As the num-
ber of epochs increases, the error values of training and testing
gradually converge.

3.1.1. The Influence of Feature Extraction Modules on Algorithm Per-
formance

In the proposed method, the feature extraction module is com-
posed of stacked convolution blocks. Table 1 shows the accu-
racy results of different convolution blocks on the training sets
and testing sets. It is evident that as the number of convolutional
blocks increases, the network performance decreases. Notably,

TABLE 1. Performance evaluation of different FC layers.

Classifier Training accuracy Testing accuracy
One FC layer 77.58% 72.38%
Two FC layers 83.29% 83.15%
Three FC layers 76.63% 77.32%

the highest testing accuracy is attained when a single convolu-
tion block is utilized. This phenomenon is consistent with the
literature [24], indicating that including additional convolution
blocks for the UM-BMID dataset may not necessarily yield su-
perior results. The reason may be that the experimental dataset
is still not large enough. At present, the experimental dataset
contains 1008 unique 3D phantoms’ experimental scan. The
sample size is relatively small under such rich data distribution
changes.

3.1.2. The Influence of FC Layers on Algorithm Performance

In addition to the convolution modules, the FC layer with nu-
merous parameters also affects the network performance. The
influence of different number of FC layers on network per-
formance is compared. As shown in Table 2, it can be seen
that employing two FC layers yields the most optimal perfor-
mance. When the number of layers increases to three, the neu-
ral network becomes more complex and larger. The network
exhibits obvious overfitting, and the network parameters are
overtrained. The network cannot adapt and generalize well to
unseen data, resulting in a decrease in testing accuracy.

TABLE 2. Performance evaluation of different convolution sizes.

Kernel size Training accuracy Testing accuracy
[3, 3] 68.15% 64.40%
[5, 5] 83.29% 83.15%
[7, 7] 75.65% 74.40%

3.1.3. The Influence of Kernel Size on Algorithm Performance

Table 3 presents a comparative analysis of the impact of vary-
ing convolution kernel sizes on network performance. Specifi-
cally, within the context of the proposed network architecture,
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(a) (b) (c)

FIGURE 6. The distribution estimation of the learned features. (a) CNN; (b) DANN; (c) the proposed DATDNet.

TABLE 3. Performance evaluation of the proposed method using dif-
ferent learning rates.

Learning rate Training accuracy Testing accuracy
0.1 79.74% 77.50%
0.01 83.29% 83.15%
0.001 77.60% 78.21%
0.0001 79.68% 76.31%

employing a convolution kernel size of [5, 5] shows a notable
enhancement in both training and testing accuracies. Since the
sampling points of the signal are correlated in the neighbor-
hood, a smaller 3 ∗ 3 convolution kernel seems to lose neigh-
borhood information, leading to a lower accuracy. However,
for a 7 ∗ 7 convolution kernel with a large receptive field, the
effective features may be blurred. Therefore, a 5∗5 convolution
kernel is suitable for the image input in this study.

3.1.4. The Influence of Learning Rate on the Algorithm Performance

This study evaluates the algorithm performance by increasing
learning rate every 10 times. The results of different learn-
ing rates are detailed in Table 4. When the learning rate (0.1)
is too large, the weights are prone to skip the optimal solu-
tion during the optimization process. When the learning rate
(0.001/0.0001) is too small, it is easy to get stuck at the local
optimum. A moderate learning rate of 0.01 is suitable for our
network training.

3.2. Feature Distribution Estimation
In order to intuitively explain the effectiveness of domain trans-
fer learning, we performed the kernel density estimation on
the extracted features from the source domain and target do-
main. Fig. 6 shows the feature distribution probability with
and without introducing domain transfer strategy. Specifically,
Figs. 6(a), (b), and (c) depict the feature distributions of FC lay-
ers for the CNN, domain-adversarial neural network (DANN),
and our proposed DATDNet, respectively. Observing Fig. 6(a),
it is evident that for the CNN method without domain trans-
fer, there exists a notable discrepancy in the feature distribu-
tions between the source and target domains. Encouragingly,
Figs. 6(b) and 6(c) reveal a favorable trend. In both the DANN
and our proposedmethod, which incorporate a transfer strategy,

the feature distributions between the source and target domains
are closer. This consistency further enhances the capabilities of
domain adversarial learning methods in identifying target do-
main samples accurately.

3.3. Ablation Studies
To evaluate the contribution of critical network components to
its overall performance, this section conducts the ablation stud-
ies on the proposed method. Ablation experiments refer to a
series of performance tests conducted by removing certain key
components from the network model. We removed Domain
Adversarial (DA) strategies and Attention Mechanisms (AM)
from the proposed methods and conducted a performance com-
parison respectively. Some indicators are used to evaluate the
proposed method, such as accuracy, precision, sensitivity, and
F1 score.
The ablation experiments are indicated in Table 5 and Ta-

ble 6, and the detection accuracy of the testing data is im-
proved by introducing domain adversarial strategies. Below
is a detailed analysis of the ablation studies using the com-
prehensive evaluation index F1, and the CNN without addi-
tional component (denoted Case 1) is taken as the baseline.
Case 3, which integrates domain adversarial strategies (6.66%
improvement in Task 1 and 1.37% improvement in Task 2),
shows more significant improvement over Case 2, which solely
integrates attention mechanisms (4.33% improvement in Task 1
and no improvement in Task 2). In addition, when the at-
tention mechanism module (Case 4) is built upon the domain
adversarial architecture (Case 2), it achieves further perfor-
mance enhancements (2.63% for Task 1 and 8.41% for Task 2).
Overall, the proposed DATDNet (Case 4) has the best detec-
tion performance. Compared with baseline CNN, the accu-
racy is improved by 5.36% and 7.79%, the precision improved
by 3.02% and 9.09%, the sensitivity improved by 9.32% and
2.7%, the F1 score improved by 6.96% and 6.32% in two dif-
ferent detection tasks, respectively. Overall, the accuracy of
the proposed method is improved by 5.36% (AUC: 83.60%)
and 7.79% (AUC: 91.20%).

4. DISCUSSION
There are other machine learning methods for microwave de-
tection, as listed in Table 7. Song et al. [20] attempted detailed
feature extraction methods (wavelet transform, empirical mode
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TABLE 4. Ablation studies on Task 1.

Case Accuracy Precision Sensitivity F1
1 CNN 71.28% 80.15% 60.45% 68.92%
2 Without DA 74.63% 82.36% 65.96% 73.25%
3 Without AM 75.82% 80.74% 71.05% 75.58%
4 The proposed method 76.64% 83.17% 69.77% 75.88%

TABLE 5. Ablation studies on Task 2.

Case Accuracy Precision Sensitivity F1
1 CNN 75.36% 71.73% 84.86% 77.74%
2 Without DA 72.68% 69.02% 83.69% 75.65%
3 Without AM 77.56% 74.92% 83.80% 79.11%
4 The proposed method 83.15% 80.82% 87.56% 84.06%

(a) (b)

FIGURE 7. Performance comparison with other typical detection methods based on the UM-BMID dataset under varying breast morphologies. (a)
Task 1. (b) Task 2.

decomposition (EMD)) and machine learning methods to de-
tect the presence of tumors. But the feature extraction method
is complex and empirical, and its tumor response is generated
as a function of the breast response, not by real physical rules.
Reimer and Pistorius [24] collected a publicly available exper-
imental dataset with good breast morphology diversity and au-
thenticity. Although the CNN method was used for tumor de-
tection, more detailed improvements were not made to the net-
work design. In our previous work [4], a sophisticated and ac-
curate CNN-LSTM network based on 1D time domain signals
was proposed. The model maintained good diversity in terms
ofmorphology and structural changes during numerical simula-
tion, but the 3D-printed phantom variations in the experimental
validation were limited. Halim et al. [15] conducted a detailed
study on data preprocessing for breast tumor detection. How-
ever, the data source used for the machine learning algorithm
research is only a uniform and regularly shaped breast phantom,
which is far from the real breast situation.
To quantitatively compare the relevant algorithms, three typ-

ical methods are used to evaluate the accuracy of tumor detec-
tion in the case of changing breast morphology on the UM-

BMID dataset. In addition to the CNN method compared in
the manuscript (see study 1 in Tables 5 and 6 for details), the
probabilistic neural network (PNN) method used in [15], the
AdaBoost model used in [29] to distinguish benign and malig-
nant tumors, and the classical SVM method are compared. As
shown in Fig. 7, SVM exhibits relatively good performance but
still did not reach an acceptable level of performance. The ac-
curacy of the proposed method shows improvements of 9.97%
and 25.41% over SVM. These methods do not align features for
different breast conditions, thus lacking generalization perfor-
mance and making it difficult to maintain good performance in
such a variable dataset. The comparative analyses with other
classical methods also demonstrate the performance improve-
ment achieved by our method and its robust generalization ca-
pabilities in detecting tumors when dealing with different breast
morphologies.
At present, experimental datasets based on phantoms used

in this paper have some limitations, lacking real clinical noise
and real tissue variations. It is necessary to carry out clinical
validation in the future. This can be achieved by seeking co-
operation with hospitals to collect microwave signals from the
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TABLE 6. Comparison with other related work.

excised breast tissues or breast cancer volunteers. For the col-
lected clinical signals, adaptive algorithms would be studied to
handle motion artifacts in clinical testing. And the DATDNet
algorithm should be expanded and improved through the ex-
tended datasets collected by multi-center hospitals.
In future clinical integration applications, the signal delay

caused by all electronic components and modules in the hard-
ware system can be mitigated through cavity calibration strate-
gies. In terms of hardware compatibility, microwave tumor de-
tection systems are typically composed of microwave antennas
and signal transceiver circuits. The assembled measurement
device can perform independent measurements without relying
on other devices, but it is usually necessary to avoid placing it
in areas with electromagnetic radiation. In addition, to enhance
clinical interpretability, generating heatmaps and other visual
analytics will enable medical professionals to intuitively under-
stand the result outputs, not just specialists in deep learning or
microwave technologies.

5. CONCLUSION
This paper proposes a DATDNet to improve the microwave tu-
mor detection performance under varying breast morphologies.
The entire architecture includes microwave image feature ex-
tractor, breast tumor detector, domain discriminator, and adver-
sarial training. By searching for the optimal network architec-
ture and integrating attention mechanisms, adversarial training
is performed on the deep learning model to achieve tumor de-
tection in unknown breast. The results demonstrate that DATD-
Net significantly outperforms the baseline CNN method: the
accuracy is improved by 5.36% and 7.79%, and the F1 score is
improved by 6.96% and 6.32% in two different detection tasks,
respectively. The DATDNet exhibits a more consistent feature
distribution and a superior detection performance. In the near
future, the microwave signals will be collected based on the
breast models with richer variations in morphology and dielec-
tric properties to optimize the detection strategy.
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