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Abstract

This study presents MDSCNet, a compact radar image-based deep learning model for
multi-action classification in elderly healthcare scenarios. Motivated by the need for
real-time deployment on resource-constrained devices, MDSCNet employs a streamlined
architecture with a small number of lightweight expansion–depthwise–projection blocks,
removing complex attention and squeeze-and-excitation modules to minimize computa-
tional overhead. The model is evaluated on a millimeter-wave radar dataset covering
five healthcare-related actions: lying, sitting, standing, bed-exit, and falling, performed by
15 participants on an actual electric nursing bed. The experimental results demonstrate that
MDSCNet achieves accuracy comparable to state-of-the-art CNN-based methods while
maintaining an extremely compact model size of only 0.29 MB, showing its suitability for
practical elderly care applications where both accuracy and efficiency are critical.

Keywords: radar image; elderly healthcare; multi-action classification

1. Introduction
The global elderly population is increasing rapidly. According to the U.S. Census

Bureau’s 2017 National Population Projections, the number of elderly people in the United
States was 49.2 million in 2016, accounting for 15% of the total population, and it is projected
to reach 94.7 million by 2060, representing 23% of the total [1]. Data from the State Council
of the People’s Republic of China indicate that the population aged 60 years and above
in China reached 300 million by 2025, accounting for one-fifth of the total population,
will exceed 400 million by 2033, accounting for approximately one-quarter, and will reach
487 million by around 2050, representing roughly one-third of the total [2]. According
to Eurostat, in 2024, the European Union’s population was estimated at 449.3 million, of
which more than one-fifth were aged 65 years or older, corresponding to slightly more than
three persons of working age for every person aged 65 years and over [3]. Data from the
Cabinet Office of Japan show that the population aged 65 and over in Japan is 36.24 million,
representing 29.0% of the total population, and it is expected to rise to 39.53 million by
2043 [4]. Furthermore, the World Health Organization projects that the proportion of
people aged 60 years and above worldwide will nearly double, from 12% in 2015 to 22% by
2050 [5].
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With the increase in the elderly population, the number of elderly individuals requiring
care has also risen. Taking Japan as an example, the number of certified care recipients
was 5.15 million in 2011 and increased to 6.76 million in 2021, representing a rise of
1.61 million [4]. This steady growth in the elderly population has led to a continual increase
in the number of individuals certified as requiring long-term care. Meanwhile, due to the
progression of declining birth rates, the number of newly available nurses and caregivers is
expected to decrease compared with previous years. As a result, the workload borne by each
nurse and caregiver has become progressively heavier. Given this situation, continuous
24-h monitoring in elderly welfare facilities and similar institutions is necessary to confirm
whether care recipients are lying in bed and to prevent incidents such as falls from bed or
wandering. This requirement becomes a major contributing factor to the heavy burden
placed on nurses and caregivers.

Since fall accidents cause serious harm to the elderly [6], fall events require special
attention in elderly action recognition. Therefore, many related studies focus specifically
on fall detection. These methods can generally be categorized into five groups: RGB
image-based approaches [7,8], depth image-based approaches [9,10], wearable device-
based approaches [11,12], pressure sensor-based approaches [13,14], and radar-based ap-
proaches [15,16]. These methods have been widely studied and have achieved significant
results, with some already being commercialized [17]. However, the main limitation of
these works is that they focus solely on the binary problem of fall detection. In real health-
care scenarios, caregivers also need to be aware of other states of the elderly, such as
long-sitting, standing up, or exiting. Therefore, from a practical perspective, multiclass
classification problems also need to be investigated.

Since falls can cause severe harm to elderly individuals, fall detection has been
widely studied in the field of elderly healthcare action classification, and these methods
can generally be categorized into five groups: RGB image-based approaches, depth
image-based approaches, wearable device-based approaches, pressure sensor-based
approaches, and radar-based approaches.

Due to the low cost of monocular cameras and the recent advances in image processing
techniques, many studies investigate fall detection based on RGB images. The study in [7]
proposes a fall detection approach using multivariate exponentially weighted moving aver-
age (MEWMA) and support vector machine (SVM) approches, validated on the University
of Rzeszow fall detection dataset (URFD) and the fall detection dataset (FDD), showing im-
proved discrimination of real falls from fall-like actions. The paper in [8] proposes a toddler
fall detection framework combining GELAN-integrated YOLOv8 and Generalized Hough
Transform, achieving 96.33% accuracy and outperforming related works in precision, recall,
mAP, and F1. RGB image-based fall detection methods can achieve relatively high accuracy,
and the use of color images facilitates visual confirmation. However, approaches based
on RGB images are sensitive to lighting conditions and often fail to capture correctly in
nighttime environments, even though falls may also occur under such dark conditions. In
addition, methods relying on RGB images may raise privacy concerns.

Depth image-based methods are less affected by lighting conditions and achieve
higher accuracy because they include distance information. The study in [9] presents a fall
detection approach using a single depth camera and an enhanced randomized decision
tree (RDT) for joint extraction, combined with an SVM classifier, achieving 11.8% higher
accuracy than state-of-the-art methods and robustness under dark environments. The
approach in [10] proposes a depth camera-based fall detection system using convolutional
neural networks (CNNs). However, most of the depth image-based methods focus only
on binary fall detection and do not address multiclass classification, which is required in
elderly healthcare. Moreover, they often do not use data captured from real nursing beds.



Inventions 2025, 10, 98 3 of 12

Wearable-based fall detection methods are widely studied and commercially avail-
able [17] due to their convenience. The study in [11] uses a low-complexity finite-state
machine algorithm, distinguishing daily activities from four types of falls and achieving
97.9% sensitivity, 99.9% specificity, and 99.7% overall accuracy on 6750 samples, demon-
strating strong applicability for long-term outdoor use. The paper in [12] presents a fall
detection system using consumer smartwatches and smartphones with edge computing.
However, these devices require the elderly to wear them continuously, and they fail to
operate if the elderly forget to charge or wear them. This limitation makes such systems
less user-friendly for elderly individuals, who are prone to forgetfulness.

Fall detection methods based on pressure sensors are studied because they do not
require the elderly to wear any device and are not subject to occlusion, as in camera-
based approaches. The study in [13] proposes PIFall, a pressure insole-based fall detection
system using a ResNet(2+1)D model. The system achieves 91% overall accuracy in fall
detection and 94% in classifying specific fall actions, demonstrating both feasibility and user
acceptance among elderly participants. The approach in [14] involves a smart carpet-based
fall detection system using differential piezoresistive pressure sensors. Prototype evaluation
achieves 88.8% sensitivity and 94.9% specificity, showing potential for deployment in home
care and integration into beds for fall prevention during sleep. While these methods are
suitable for home use, their applicability in clinical or caregiving environments is limited
as they struggle to accurately detect essential activities of the elderly, such as lying down or
long-sitting.

In the healthcare domain, some foundational radar-based studies investigate binary
classification between falls and non-falls. The study in [15] proposes four fall detection
systems using FMCW mmWave radar with x–y scatter and Doppler range images. By
integrating an attention mechanism into Long Short-Term Memory (LSTM) architectures,
the HOG–LSTM–Attention model achieves the best performance, reaching 95.3% accuracy
and 95.5% F1-score, effectively distinguishing falls from daily activities. The work in [16]
presents a non-contact fall detection system combining 4D imaging radar sensors with AI.
Using point cloud data and a CNN for posture classification, the system achieves 98.66%
accuracy in posture recognition and 95% in fall detection, offering a privacy-preserving
alternative to wearable and camera-based solutions. Although these methods achieve good
results, they only focus on binary classification of falls versus non-falls. In actual healthcare
settings, additional activities, such as long-sitting and exiting, also need to be detected and
reported to caregivers in order to reduce their workload. Some advanced investigations
further explore radar-based multi-action classification. The work in [18] proposes a human
action recognition method using FMCW radar based on micro-Doppler spectrograms and
an enhanced ResNet18 architecture. By integrating asymmetric convolution, the Mish
activation function, and an improved convolutional block attention module (ICBAM), the
method achieves 98.28% accuracy, demonstrating superior performance over conventional
deep learning models and strong robustness in noisy environments. The study in [19]
explores radar-based human activity recognition by combining three radar preprocessing
techniques with four CNN architectures (VGG-16, VGG-19, ResNet-50, and MobileNetV2).
Among the twelve evaluated configurations, MobileNetV2 with STFT achieves the best
trade-off, reaching 96.3% accuracy with low inference latency, highlighting the potential of
radar spectrograms as visual features for real-time edge-deployable HAR systems. Previous
work [20] demonstrates a 60 GHz FMCW radar-based bed monitoring system that classifies
behaviors such as leaving, lying, and sitting on the bed using CNNs on time-range images.
With MobileNet, bed-leaving is detected with 95.9% accuracy, and the overall accuracy
across six representative behaviors is 83.1%, highlighting the potential of mmWave radar
as a non-invasive tool for nursing care, although further improvements are needed for
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multi-behavior recognition. However, the existing studies still have limitations. The work
in [18] is not designed for nursing-care scenarios. Ref. [19] does not employ data captured
on real nursing beds, and the adopted model is relatively large, which hinders deployment
on edge devices in practical applications. Radar data can take various forms, including
Range–Doppler (RD) maps, Range–Angle (RA)/Range–Azimuth heatmaps, and point
clouds. Although RA heatmaps and point clouds offer their own advantages, this study,
similar to related works, adopts RD maps as the primary representation considering the
trade-offs in data volume and the constraints of edge computing.

In radar image-based action classification methods, CNNs are often required. Since
the introduction of AlexNet [21], CNN-based classification methods have been widely
adopted. GoogLeNet [22] explores parallel structures to improve accuracy, but the network
becomes excessively large. While deeper networks generally achieve higher accuracy,
their development is constrained by issues such as vanishing and exploding gradients.
ResNet [23] addresses this problem through the introduction of residual connections,
which enable substantially deeper architectures and further performance improvements.
Compared with ResNet, ResNeXt [24] improves accuracy by introducing a multi-branch
architecture with a unified topology, while maintaining a comparable computational cost.
However, despite their accuracy gains, these models remain relatively large, making them
unsuitable for deployment on edge devices. To mitigate this, MobileNet [25–27] employs
depthwise-separable convolutions to significantly reduce model size, achieving wide adop-
tion on mobile and edge platforms. ShuffleNet [28,29] further enhances model compactness
through group convolution and channel shuffle techniques, although at the cost of reduced
accuracy. More recently, with the incorporation of attention mechanisms, Vision Trans-
former (ViT) [30] achieves remarkable success in terms of accuracy. Nevertheless, ViT
requires extremely large-scale training data and has a very large model size, which limits
its applicability for deployment on edge devices.

In this study, a multiclass database is constructed using millimeter-wave radar record-
ings from 15 participants, which includes five actions: lying down, long-sitting, standing,
exiting, and falling. Although a few related studies investigate radar-based multiclass ac-
tion recognition for elderly healthcare, they have two limitations. First, they do not use data
recorded with actual nursing-care beds. Second, the employed models are too large in size,
which limits their deployment on edge devices in real applications. In this study, all data
are recorded using a real electric nursing-care bed, and we develop a lightweight model,
MDSCNet, with a size of only 0.29 MB. Despite its compactness, MDSCNet achieves higher
accuracy than ShuffleNetV2 (5.45 MB) and only slightly lower accuracy than MobileNetV3
Small (5.93 MB) and MobileNetV3 Large (16.2 MB). The contributions of this study are
as follows:

• Previous studies do not use data recorded with real nursing-care beds. In this study,
we record radar data from 15 subjects using an actual electric nursing-care bed.

• Previous studies often focus only on binary classification problems such as fall de-
tection, whereas real applications require the recognition of more postures. Based
on practical nursing scenarios, this study performs a multiclass classification of five
actions: lying down, long-sitting, standing, exiting, and falling.

• In real applications, lightweight models are required for deployment on edge
devices. Based on extensive ablation experiments, we develop a lightweight net-
work, MDSCNet, with a size of only 0.29 MB, which is significantly smaller than
other models while achieving comparable accuracy. Furthermore, to ensure the
reliability of the results, this work performs extensive cross-validation experi-
ments. All the baseline comparisons and ablation experiments are evaluated using
cross-validation of leave-one-subject-out (LOSO).
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The rest of this paper is organized as follows. Section 2 presents the proposed method.
Section 3 describes the experiments and experimental results. Section 4 concludes the paper.

2. Methods
Based on the discussion in the preceding chapter, this work proposes MDSCNet, a

lightweight network designed for radar image-based classification tasks in nursing-care
environments, as shown in Figure 1. The study in [31] shows that, for small-scale datasets,
parallel-branch architectures often result in larger models with suboptimal accuracy. To
reduce model size, MDSCNet adopts a sequential architecture similar to ResNet. Moreover,
since max-pooling layers typically lead to information loss, the Stem stage of our network
employs strided convolutions with a stride of 2 for downsampling.

Figure 1. Network architecture of MDSCNet, where PW Conv denotes pointwise convolution and
DW Conv denotes depthwise convolution. The figure illustrates the case where the network employs
four expansion–depthwise–projection (EDP) blocks with residual connections. In the ablation studies,
we evaluated different configurations by varying the number of EDP blocks from 2 to 7 and by
comparing the performance with and without residual connections, validating both classification
accuracy and model size.

To balance accuracy and efficiency, MDSCNet adopts depthwise-separable convolu-
tions. A standard convolution with kernel size K × K has a computational cost of

FLOPsstandard = K2 · M · N · H · W, (1)

where M and N are the input and output channels, and H × W is the spatial dimension of
the output feature map.

In contrast, a depthwise-separable convolution decomposes the operation into a
depthwise and a pointwise convolution:

FLOPsDW+PW = K2 · M · H · W + M · N · H · W, (2)

significantly reducing the computational burden when K is small relative to N.
While depthwise-separable convolutions from MobileNet provide an efficient alter-

native to standard convolutions, this work specifically adopts the EDP block to balance
efficiency and representational capacity. The expansion layer increases the channel dimen-
sionality, allowing depthwise convolutions to capture richer spatial patterns in a higher-
dimensional feature space. The subsequent projection layer compresses the channels back
to a compact representation, thereby reducing redundancy and preserving efficiency. This
structure, validated in prior lightweight models such as MobileNetV2/V3, is particularly
suitable for our radar-based elderly healthcare dataset, where the limited data size requires
compact models with sufficient expressive power. Our ablation results further confirm
that EDP blocks, especially when combined with and without residual connections, enable
deeper architectures without incurring significant model size or degradation issues.

Implementation details. In our implementation, the Stem stage consists of a
3 × 3 convolution with stride 2 producing 16 channels, followed by a depthwise 3 × 3
convolution and a pointwise 1 × 1 convolution to produce a 32-channel feature map. The
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main body then applies K EDP blocks (we vary K from 2 to 7 in ablations). The first EDP
block uses stride 2 and an expansion ratio of 4. The remaining K-1 blocks use stride 1 and
an expansion ratio of 3, all operating at 32 channels. Residual connections are enabled only
when the input and output have identical shape and no projection shortcut is used. In the
Tail, a 1 × 1 pointwise convolution expands channels from 32 to 64, followed by global
average pooling and a two-layer MLP head (64 → 128 → C) for classification.

In the expansion phase, the input feature map of M channels is first expanded to αM
channels through a 1 × 1 pointwise convolution:

Xexp = σ
(

X ∗ Wexp
1×1

)
, (3)

where α is the expansion ratio, σ(·) denotes a nonlinear activation, and Wexp
1×1 is the

weight matrix.
The expanded feature map is then processed by a depthwise convolution, which

applies a separate spatial filter to each channel independently:

y(m)
i,j =

K

∑
u=1

K

∑
v=1

x(m)
i+u,j+v · W(m)

u,v , (4)

where K × K is the kernel size. This step enables efficient extraction of spatial features while
keeping the number of parameters low.

Finally, the output of the depthwise convolution is projected back to N channels by
another 1 × 1 convolution:

Xout = Xdw ∗ Wproj
1×1 . (5)

This stage reduces the dimensionality while preserving useful features.
To alleviate the vanishing gradient problem in deep networks and to enhance informa-

tion flow, the EDP block incorporates a residual connection. When the input and output
feature maps have the same number of channels and the stride is 1, the input X is directly
added to the projected output Xout:

Y = Xout + X. (6)

This design not only preserves the low-dimensional information from the input but
also enables direct information propagation through identity mapping, thereby improving
training stability and model performance.

It should be noted that Figure 1 illustrates the case with four EDP blocks for clarity
of presentation. In our experiments, however, the ablation studies systematically vary the
number of blocks from 2 to 7 to evaluate the impact of network depth on accuracy and
model size.

3. Results
3.1. Experimental Environment

Although prior studies investigate action classification in the context of elderly health-
care, they often rely on datasets that are not collected in authentic care environments. In
contrast, as illustrated in Figure 2, the dataset in this study is acquired using a real electric
nursing-care bed. The experimental setup employs an SC1220AT2-B-113 60 GHz millimeter-
wave radar sensor [32]. The experimental environment for the ablation studies is configured
as follows. The CPU is an Intel Core i9-13900KF, and the GPU is an NVIDIA RTX 6000 Ada
with 48 GB of GDDR6 memory. The system is equipped with 128 GB of RAM. The software
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environment uses Python version 3.10.12 and PyTorch version 2.2.1+cu121. This work uses
the Adam optimizer with an initial learning rate of 0.001, and a StepLR scheduler with a
step size of 10 and decay factor 0.1. The batch size is fixed at 32 for both training and testing.
The number of epochs is set to 100 for all the models to ensure convergence. For fairness,
all the compared models, including ResNet18, ResNext50, MobileNetV3-Small/Large,
ShuffleNetV2, ViT, and the proposed MDSCNet, are trained under the same hyperpara-
meter settings.

Figure 2. Nursing-care bed used for data acquisition in this study. The radar sensor was fixed at the
head of the bed, positioned 60 cm above the mattress surface.

3.2. Dataset and Implementation Details

Although prior studies have generated datasets for fall detection or action classification
in elderly healthcare, these works often either restrict the task to a binary fall/non-fall
setting, omitting other actions required in caregiving practice, or collect data without
using a real nursing-care bed. To address these gaps, this work records a dataset in a
realistic environment using a real electric nursing-care bed. Range (distance) information is
measured by a Frequency-Modulated Continuous Wave (FM-CW) radar from 15 subjects,
with each action maintained for 70 s in a single trial [31]. The five target actions are
as follows: lying in bed; long-sitting (sitting upright with the legs extended forward);
standing near the bed; bed-exit (the subject located away from the bed); and falling. For
the fall class, this work further annotates three representative configurations: lying on the
floor outside the bed parallel to the bed, long-sitting on the floor outside the bed, and a
diagonally collapsed posture on the floor outside the bed. These three specific postures
are uniformly distributed in both the training and testing sets. In consideration of research
ethics and safety, the study recruited university students aged 18–25 as participants rather
than elderly persons.

Representative radar images corresponding to each action class are presented in
Figure 3, where panels (a) through (e) depict lying in bed, long-sitting, standing, falling,
and exiting, respectively.

(a) (b) (c) (d) (e)

Figure 3. Radar images of different actions: (a) lying on the bed, (b) sitting, (c) standing, (d) falling,
and (e) exiting.
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To ensure reliability, the LOSO cross-validation strategy is employed. In Fold01, the
data from Subjects 1–14 are used for training, and the data from Subject 15 are used for
testing. In Fold02, the data from Subjects 1–13 and Subject 15 are used for training, and the
data from Subject 14 are used for testing. This process is repeated until each subject has
been used once as the test set. The final experimental result is obtained by averaging the
results from all 15 folds, as shown in Figure 4.

Figure 4. LOSO cross-validation used in the experiments. In each fold, one subject is designated as
the test set, while the remaining subjects are used for training. Since the dataset includes 15 subjects,
the cross-validation is repeated 15 times, and the mean accuracy across all folds is reported as the
evaluation metric.

3.3. Evaluation Metrics

Following the definition in [33], this study employs per-class accuracy as the evaluation
metric for classification performance. The confusion matrix is defined as follows: true
positive (TP) denotes the number of samples correctly identified as the target class, true
negative (TN) represents the number of samples correctly identified as not belonging to
the target class, false positive (FP) refers to the number of samples incorrectly predicted as
the target class, and false negative (FN) corresponds to the number of samples incorrectly
predicted as not belonging to the target class. The per-class accuracy for class i is computed
using Equation (7):

Accuracyi =
TPi

TPi + FNi
(7)

where the numerator indicates the number of samples correctly classified as class i, and
the denominator corresponds to the total number of ground-truth samples in class i. It is
noteworthy that, in a multiclass classification setting, this definition of per-class accuracy is
mathematically equivalent to recall since the denominator reflects the total population of
samples belonging to class i.

3.4. Ablation Study

The ablation study is conducted to investigate the optimal network architecture com-
ponents in MDSCNet. Specifically, it aims to determine whether the performance improve-
ments arise from the introduction of the EDP block, the presence of residual connections,
or the combined effect of both. Furthermore, by analyzing the classification accuracy and
model size under different configurations, the ablation study provides insight into the
optimal number of EDP blocks required to balance accuracy and computational efficiency.
In the ablation experiments, the number of EDP blocks is varied from two to seven, and
the effect of residual connections is examined by comparing models with and without
skip connections. All the other hyperparameters, including learning rate, batch size, and
optimizer settings, are kept constant to ensure fairness. The evaluation is based on per-class
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accuracy under leave-one-subject-out cross-validation, while the model size is also reported
to assess efficiency. Table 1 summarizes the results of the ablation study. From the experi-
mental results, it is observed that classification accuracy consistently improves as network
depth increases, reaching its peak when the number of blocks is set to six. At this depth,
where the network exceeds 20 layers, the incorporation of residual connections effectively
mitigates degradation issues in deep architectures, thereby further enhancing performance.
Therefore, in the subsequent experimental results section, we select the model with residual
connections and six EDP blocks as our proposed architecture and compare it against other
baseline algorithms, including ResNet18 used in [18] and MobileNet employed in [19].

Table 1. Per-class accuracy (%) for ablation study under different block numbers, with and without
residual connections. The best result for each class is in bold. The symbol “✓” denotes the use of
residual connections, whereas “×” denotes that residual connections is not used.

Blocks Residual Lying Sitting Standing Exiting Falling Average

2 ✓ 83.21 73.33 76.99 81.73 67.21 76.49
3 ✓ 82.22 74.61 78.62 79.56 70.52 77.10
4 ✓ 85.97 74.85 80.44 77.04 71.95 78.05
5 ✓ 87.21 77.52 80.25 75.11 72.10 78.44
6 ✓ 87.01 78.35 80.79 77.14 72.20 79.10
7 ✓ 86.42 76.53 78.81 76.05 72.15 77.99

2 × 86.66 71.06 75.80 82.62 66.37 76.50
3 × 85.93 72.13 77.23 79.90 69.68 76.97
4 × 85.88 74.16 80.49 77.28 70.62 77.69
5 × 86.12 73.31 79.46 76.00 72.15 77.41
6 × 85.68 79.00 79.36 76.35 72.59 78.59
7 × 87.45 75.05 80.54 76.10 71.21 78.07

3.5. Experimental Results and Discussion

From the results in Table 2, lightweight CNN-based models such as MobileNetV3-
Small (79.95%, 0.13 GFLOPs) and ShuffleNetV2 (78.80%, 0.29 GFLOPs) achieve competitive
performance [31]. The proposed MDSCNet attains a comparable average accuracy of
79.10% with 0.40 GFLOPs, remaining in the same computational order as these lightweight
baselines. Although MobileNetV3-Large achieves the highest average accuracy of 80.49%,
its computational cost (0.44 GFLOPs) and model size (16.20 MB) are considerably higher,
with the latter being more than 55 times larger than MDSCNet (0.29 MB). Furthermore,
MDSCNet allows flexible adjustment of the number of blocks, enabling trade-offs between
accuracy and efficiency depending on the available edge computing resources.

It is observed that the ViT approach achieves significantly lower accuracy compared
with CNN-based models. We attribute this to two possible reasons. First, ViT relies
heavily on large-scale training data due to the lack of convolutional inductive biases. In
contrast, our dataset is relatively small, consisting of only 15 participants and five action
classes, which is insufficient to fully exploit the capacity of ViT. Second, radar images differ
substantially from natural images, with lower resolution, higher noise, and distinctive
spatial patterns. While CNNs are effective in capturing local spatial features that are critical
in radar-based classification, ViT focuses on modeling global dependencies, which may
not align well with radar image characteristics. For future work, we plan to investigate
data augmentation and synthetic radar data generation to alleviate the data scarcity issue,
as well as explore hybrid architectures (e.g., CNN–Transformer models) and localized
attention mechanisms better suited to radar signals.

It should be noted that the detection accuracy for the “falling” class is lower than that
for the other classes, with an accuracy of only 72.20%, of which 23.06% are misclassified as
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“exiting.” Similar tendencies are also observed in other baseline algorithms, indicating that
this is not unique to MDSCNet. We hypothesize that the main reason lies in the physical
properties of radar reflection: compared with upright postures such as standing, sitting, or
exiting, a fallen body lies close to the ground with a substantially reduced overall height. As
radar systems rely on the reflection of electromagnetic waves, low-lying targets generally
exhibit a smaller radar cross-section (RCS) than upright bodies. Moreover, when the body
lies parallel to the ground after a fall, its reflection pattern tends to be weak or ambiguous
and may resemble background clutter, which explains the frequent misclassification as
“exiting.” To address this issue, future work will investigate multimodal approaches, such
as radar–RGB fusion, and the integration of multiple radars placed at different viewpoints.
These strategies may help to capture complementary spatial information and enhance the
robustness of fall detection in real-world healthcare environments.

In terms of model size, MDSCNet is by far the most compact architecture, requiring
only 0.29 MB while still maintaining accuracy on par with state-of-the-art methods. For
example, compared to MobileNetV3-Small (5.93 MB), the proposed model achieves nearly
identical performance while reducing the storage requirements by more than 95%. Similarly,
compared with ShuffleNetV2 (5.45 MB), MDSCNet reduces the model size by about 95%
yet provides slightly higher accuracy.

This remarkable balance between efficiency and accuracy demonstrates the effective-
ness of the proposed architecture. The compact size makes MDSCNet highly suitable for
deployment in resource-constrained environments, such as wearable healthcare devices or
embedded systems, where memory and computational resources are limited.

Table 2. Per-class accuracy (%), model size, and GFLOPs for different models. The best result for
each class is in bold.

Model Lying Sitting Standing Exiting Falling Average Model Size (MB) GFLOPs

ResNet18 84.63 76.98 80.25 77.33 75.70 78.98 42.70 1.80
ResNeXt50 83.50 75.59 78.72 75.56 76.10 77.89 88.00 8.50
MobileNetV3-Small 86.81 77.87 84.64 72.99 77.43 79.95 5.93 0.13
MobileNetV3-Large 87.25 79.05 84.20 74.52 77.43 80.49 16.20 0.44
ShuffleNetV2 87.70 75.00 81.04 75.01 75.26 78.80 5.45 0.29
ViT 64.97 58.70 63.46 78.96 52.05 63.63 327.00 35.13
MDSCNet (proposed) 87.01 78.35 80.79 77.14 72.20 79.10 0.29 0.40

4. Conclusions
In this study, we propose a lightweight MDSCNet model and validate its effectiveness

for radar image-based action classification. The ablation study demonstrates that incor-
porating residual connections significantly enhances performance when network depth
increases. The experimental results show that the proposed model achieves competitive
classification accuracy compared to mainstream deep learning models while maintaining
an extremely compact model size of only 0.29 MB. This balance between accuracy and
efficiency highlights the practical value of our approach. Although MDSCNet relies on
well-established techniques, such as depthwise-separable convolutions and residual con-
nections, due to the strict computational constraints of industrial edge devices, future work
will explore integrating more recent advances, including efficient attention mechanisms,
dynamic channel pruning, and radar-specific modules, to further enhance performance
while maintaining deployability.
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