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Abstract— Breast cancer is regarded as one of the major causes of cancer-related deaths among 
women in today’s world. Accurate detection at an early stage plays a crucial role in the 
improvement of survival rates. In such a scenario, ultrasound imaging has emerged as a safe 
and cost-effective screening modality, particularly in resource-constrained settings. However, 
automated tumor segmentation in ultrasound images is a challenging task due to low contrast, 
speckle noise and heterogeneous lesion boundaries. This study presents a comparative 
evaluation of two lightweight deep learning architectures, MobileNetV2–UNet and 
MobileNetV2–DeepLabV3, for automated breast tumor segmentation using the BUSI dataset. 
The study focuses exclusively on benign and malignant categories. Each model is assessed based 
on segmentation accuracy (Dice coefficient, IoU, precision, recall) and computational efficiency 
(inference time and model size). Experimental results demonstrate that MobileNetV2–UNet 
achieved 79.50% IoU, 86.14% Dice coefficient and an overall accuracy of 97.95%, with an 
inference speed of 6.54 FPS. In comparison, MobileNetV2–DeepLabV3 attained 78.61% IoU, 
86.06% Dice coefficient and 98.02% accuracy, but with a slower inference speed of 2.02 FPS. 
Additionally, inference benchmarking demonstrates that MobileNetV2–UNet delivers 3× faster 
inference speed, making it better suited for edge deployment in mobile health screening 
applications. Both models demonstrated robust tumor localization performance and edge 
deployability. This work contributes an efficient, scalable solution for automated breast lesion 
segmentation, relevant for deployment in clinical settings with limited computational resources.  
 
Index Terms— breast cancer, tumor segmentation, ultrasound images, MobileNetV2, edge 
deployable. 

I. INTRODUCTION 

Breast cancer continues to be one of the most common and life-threatening malignancies among women 
globally. According to recent reports by the World Health Organization, breast cancer affects an estimated 2.3 
million people annually, making it the most diagnosed cancer worldwide [1]. As per the latest findings, 1 in 
every 8 women is expected to develop breast cancer in her life. Breast cancer, if detected at an early stage along 
with timely intervention, can significantly improve prognosis and survival rates. This highlights the critical need 
for reliable and accessible diagnostic tools.  
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Ultrasound imaging is a widely popular, safe and cost-effective modality. Ultrasound imaging is non-invasive in 
nature and possesses the capability of capturing high-resolution images of breast tissue [2] for screening breast 
cancer. Not like the ionizing techniques, ultrasound provides real-time visualization and is particularly suitable 
for dense breast tissues. Nevertheless, interpretation of ultrasound images manually is highly operator-dependent 
and prone to variability [3, 4]. Eventually, the need arises for developing automated computer-aided diagnostic 
(CAD) systems that can assist clinicians in tumor localization and segmentation [5]. 
In the last few years, deep convolutional neural networks (CNNs) have been extensively applied to breast tumor 
segmentation. Though there has been great advancement in deep learning-based medical image analysis, 
automated segmentation of breast tumors in ultrasound images still remains as a challenging task [6]. This can be 
attributed to issues such as low contrast, speckle noise and irregular tumor boundaries in sonographic images [7]. 
Moreover, many state-of-the-art segmentation networks are computationally intensive. Hence they are not 
suitable for real-time use on low-resource  environments such as rural clinics or portable medical devices [8].  
In this research, we design two deep networks, MobileNetV2–UNet and MobileNetV2–DeepLabV3 for semantic 
segmentation of breast tumors on the ultrasound images of BUSI Dataset. The models have been designed to 
offer a balance between accuracy and computational cost. These models have been chosen for their proven 
capability in real-time semantic segmentation tasks while maintaining lightweight architectures. Additionally, 
the study aims to analyze the trade-offs between performance and computational efficiency, particularly in the 
context of real-time applications. The major contributions of this work include a benchmark evaluation of the 
selected lightweight deep learning architectures using a consistent experimental setup designed for breast tumor 
segmentation. This study provides both quantitative and qualitative analyses to highlight the trade-offs between 
segmentation accuracy, model size and inference time. Furthermore, the findings demonstrate the feasibility of 
using these models for real-time and mobile deployment. This supports the development of scalable, cost-
effective solutions for breast cancer screening, particularly in under-resourced healthcare settings. 
The remainder of the manuscript has been organized as follows. Section II reviews the related work. The 
workflow of the proposed methodology is described in Section III.  Section IV discusses the experimental 
results. Finally, Section V concludes the study and highlights the directions for future research. 

II. RELATED WORK 

In medical imaging, breast tumor segmentation has long been acknowledged as a critical step for computer-aided 
diagnosis (CAD) systems to improve early cancer detection [9]. Early research focused on classical machine 
learning approaches. These approaches relied on handcrafted features such as texture, intensity, shape 
descriptors which are extracted from ultrasound or mammographic images. Horsch et al. [10] pioneered one of 
the first automated methods to segment breast lesions in ultrasound imagery, laying the groundwork for CAD in 
breast ultrasound. Subsequent studies engineered various texture features. As for example, Chen et al. [11] used 
nearly setting-independent sonographic features with an ANN classifier to distinguish benign from malignant 
lesions. Traditional classifiers were applied to identify tumor regions. Chang et al. [12] notably improved 
ultrasound tumor discrimination by combining speckle-emphasizing texture features with a Support Vector 
Machine (SVM) classifier. Across the literature, researchers explored a range of supervised classifiers for tumor 
segmentation and classification, including SVMs, k-Nearest Neighbors (k-NN), Decision Trees and ensemble 
methods like Random Forests [13, 14]. For instance, Al-Fahaidy et al. [15] confirmed that using wavelet-
transform coefficients and gray-level co-occurrence matrix (GLCM) texture features alongside an SVM yielded 
robust performance in mammogram tumor detection. The author in [16] reported that using k-NN with GLCM 
texture features slightly outperformed SVM for classifying breast lesion regions. However, traditional methods 
often faced problems due to low contrast and speckle noise in ultrasound images. These issues made it hard for 
the models to generalize well. Xian et al. [17] also pointed out that speckle noise and a poor signal-to-noise ratio 
in ultrasound make it very difficult to accurately detect tumor boundaries. Because of this, classical approaches 
needed a lot of preprocessing, like speckle noise filtering and careful feature selection.  
Recent advances in deep learning have led to the adoption of deep learning based methods for breast tumor 
segmentation. These methods perform better than the traditional machine learning approaches. Badawy et al. 
[18] conducted a pioneering study in breast ultrasound tumor segmentation by combining fuzzy logic 
preprocessing with CNNs. This hybrid approach significantly improved segmentation performance, thereby 
achieving a mean Intersection over Union (IoU) of about 78.70% compared to 49.61% without fuzzy 
preprocessing. In later years, Hesamian et al. [19] presented an extensive review of deep learning based 
techniques for segmentation of medical images. Through their research they concluded that modern CNNs 
generally achieve higher accuracy and robustness than earlier handcrafted-feature methods. Ronneberger et al. 
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[20], in the year 2015, first introduced the U-Net architecture. This architecture revolutionized biomedical image 
segmentation by using symmetric downsampling and upsampling paths with lateral skip connections to preserve 
high-resolution information. Chen et al. [21] designed HAAM, which is a hybrid adaptive attention module for 
segmenting nodules of breast from ultrasound images. Experimental results demonstrated that their method 
performed better compared with many state-of-the art deep learning segmentation approaches on three public 
breast ultrasound image datasets. Over the years, the focus has shifted to efficient deep networks that can achieve 
faster inference without significant loss of accuracy. Paszke et al. [22] introduced ENet, one of the first ultra-
lightweight segmentation CNNs. The model runs in real time, up to 18× faster than conventional models, by 
drastically reducing parameter counts while still maintaining competitive accuracy.  Zhou et al. [23] developed 
LAEDNet, a Lightweight Attention Encoder–Decoder Network for segmentation of ultrasound images. Their 
model could achieve a trade-off between segmentation accuracy and inference efficiency for the complex 
speckled imagery of ultrasound. Guo et al. [24] proposed LightBTSeg which is a dual-path knowledge 
distillation framework for segmentation of breast tumor on ultrasound images. Experimental results 
demonstrated that LightBTSeg can outperform many heavier segmentation models and hence deliver improved 
performance for breast tumor segmentation with much lower computational complexity. Anari et al. [25] 
presented an attention-augmented U-Net approach for breast ultrasound tumor segmentation that emphasizes 
both efficiency and interpretability. Their approach could achieve significant improvement in Dice scores on the 
BUSI ultrasound dataset.  Following these trends, recent studies have proposed segmentation models built on 
efficient backbones such as MobileNetV2. Such models aim to balance high precision with low computational 
cost. Such lightweight architectures are particularly attractive for clinical use in real-time and deployment on 
portable devices. Inspired by these developments, our research evaluates two such architectures, MobileNetV2–
UNet and MobileNetV2–DeepLabV3, for segmentation of breast tumor in ultrasound images. Our study also 
assesses whether the models can deliver accurate segmentation results with the speed and resource economy 
required in practical healthcare settings.  

III. METHODOLOGY 

The proposed workflow for Breast Tumor Segmentation has been presented in Fig. 1. The figure illustrates the 
complete framework starting from input ultrasound images through preprocessing, dataset splitting, model 
training using MobileNetV2–UNet and MobileNetV2–DeepLabV3 architectures. This is followed by evaluation 
using both quantitative and qualitative metrics. The final output includes segmented tumor masks and 
comparative performance analysis for potential deployment in real-time clinical settings.  

A. Data Preprocessing 

In this research, the experiments were conducted using the Breast Ultrasound Images (BUSI) dataset, a publicly 
available collection of annotated ultrasound scans categorized into three subfolders: benign, malignant and 
normal. Although the BUSI dataset includes a subset of normal images without tumor presence, this study 
focuses exclusively on the segmentation of benign and malignant lesions. Normal cases were excluded as their 
masks contain no region of interest relevant for tumor boundary detection. Hence, only the benign and malignant 
images were used for model training, validation and evaluation. To maintain consistency and to enable efficient 
training across all models, all images and their corresponding masks are resized to 256×256 pixels. Pixel 
intensities are normalized to the range [0, 1] to ensure stable gradient flow during training. 

B. Data Augmentation 

A common problem faced by deep learning models is the problem of overfitting due to limited number of the 
training samples. To expand the dataset size, augmentation techniques were applied for enhanced model 
generalization and to mitigate overfitting. The augmentation techniques adopted included random rotations, 
horizontal and vertical flips and brightness adjustments. Because of these transformations, the dataset size was 
significantly increased from 647 original images to a total of 3235 images. This expansion provided a richer and 
more diverse training distribution thus supporting the development of robust segmentation models. In medical 
imaging, dataset size is generally limited. Such augmentations simulate variations commonly observed in clinical 
ultrasound imaging and help reduce model overfitting. 

C. Model Architectures 

To evaluate the effectiveness of lightweight segmentation models suitable for real-time applications and edge 
deployment, we benchmarked two prominent encoder–decoder based architectures. They are MobileNetV2–
UNet and MobileNetV2–DeepLabV3 for the task of breast tumor segmentation in ultrasound images. We chose 
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these models for their ability to deliver an optimum balance between segmentation accuracy and computational 
efficiency. These features make them suitable for real-time deployment in clinical settings.   

 
Fig. 1. Workflow diagram for Breast Tumor Segmentation. 

Here, in this study, we have proposed a lightweight semantic segmentation architecture, MobileNetV2–UNet, 
designed for efficient and accurate segmentation of breast tumor in ultrasound images. It combines the 
computational efficiency of MobileNetV2 as an encoder with the spatial localization strength of the U-Net 
decoder. The encoder is composed of depthwise separable convolutions along with inverted residual blocks 
employing linear bottlenecks. Compared to traditional encoders like ResNet or VGG, MobileNetV2 substantially 
decreases both the model parameters and computational complexity. This characteristic facilitates its deployment 
on resource constrained devices such as mobile or portable diagnostic units. MobileNetV2 progressively reduces 
spatial dimensions while increasing feature complexity, enabling robust encoding of multi-scale lesion patterns. 
In the decoder, the model follows the symmetric U-Net architecture, consisting of upsampling blocks paired with 
skip connections from the encoder. These skip connections play a crutial role in restoring fine-grained spatial 
features that are typically lost during downsampling. This is particularly beneficial for delineating tumor 
boundaries in low-contrast ultrasound images. 
The combination of MobileNetV2 with U-Net provides a good balance between speed, memory efficiency and 
segmentation accuracy. The model performs well without the need for much pre-processing or complex post-
processing. This makes it suitable for use in real-time and deployment on edge devices. It combines strong 
feature extraction with precise spatial reconstruction, making it effective for automatic breast tumor 
segmentation. Its lightweight design makes it especially suitable for deployment in resource-constrained clinical 
settings. This balance of efficiency and precision enhances its practical applicability in real-world medical 
scenarios. Also, it demonstrates strong robustness against speckle noise, which is a common challenge in 
ultrasound imaging. Ben Ahmed et al. [26] developed a hybrid U-Net model using MobileNetV2 and VGG16 
encoders for breast ultrasound segmentation. They fine-tuned these pre-trained encoders on a public dataset. 
Their approach could achieve dice scores and segmentation accuracy consistently above 80% on benign and 
malignant cases in the BUSI dataset. Wang et al. [27] designed the CSAU Net, a cross-scale attention-guided U 
Net model that combines CNN and transformer modules with gated dilated convolution and lightweight channel 
self-attention. Their research demonstrated enhanced performance on multiple public ultrasound datasets by 
effectively handling blurring and noise artifacts. 
Next, we have explored another high-performing yet computationally efficient semantic segmentation 
architecture, MobileNetV2–DeepLabV3. This hybrid model integrates the MobileNetV2 encoder with the 
DeepLabV3 segmentation head. MobileNetV2 is a lightweight convolutional network optimized with depthwise 
separable convolutions and inverted residual connections. The use of MobileNetV2 as the encoder enables 
efficient extraction of hierarchical features from ultrasound images. Its low parameter count and fast inference 
speed makes it well-suited for real-time deployment in clinical environments. The DeepLabV3 decoder uses 
Atrous (dilated) convolutions to improve segmentation accuracy. These convolutions expand the receptive field 
while keeping the number of parameters low and preserving spatial resolution. Most importantly, it includes an 
Atrous Spatial Pyramid Pooling (ASPP) module. This module extracts multi-scale features by using parallel 
atrous convolutions with varying dilation rates. This design helps the model accurately detect tumor boundaries 
of different shapes and sizes. It is especially useful in breast ultrasound images, where lesions often vary and 
have low contrast.  Recent studies have shown that DeepLab-based models work well for analyzing breast 
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lesions. They are especially effective in handling varied lesion appearances in ultrasound and mammogram 
images when combined with lightweight encoders. For instance, Chen et al.  [28] originally introduced 
DeepLabV3 for semantic segmentation in natural scenes, featuring ASPP module to capture multi scale context 
in dense prediction tasks.  
Subsequent adaptations have demonstrated enhanced performance in lesion segmentation with improved 
generalization. Shia et al. [29] applied DeepLabV3+ to breast ultrasound images with a lightweight backbone 
and achieved solid segmentation quality in clinical lexicon extraction tasks. Zhang et al. [30] employed an 
automatic DeepLabV3 based architecture in breast ultrasound tumor segmentation using MobileNetV2, 
balancing high accuracy with computational efficiency.  
Furthermore, MobileNetV2–DeepLabV3 avoids the use of fully connected layers. This enables faster inference 
and lower memory consumption, thus making it highly deployable on mobile or edge devices. This architecture, 
therefore, presents a compelling solution for scenarios where both segmentation precision and runtime efficiency 
are paramount.  

D. Loss Function 

In our study, we employ a hybrid loss function [31] which is a combination of Dice Loss and Binary Cross 
Entropy, BCE Loss. This is to optimize the performance of the segmentation models. Dice Loss is particularly 
effective for medical image segmentation tasks. It directly maximizes the overlap between the predicted mask 
and the ground truth mask.  
This makes it well-suited for handling class imbalance which is a common issue in breast ultrasound images 
where lesion regions occupy a small portion of the image. To complement this, BCE Loss penalizes individual 
pixel-wise misclassifications, encouraging the model to correctly classify both foreground and background 
pixels. The Dice loss is given by (1) as 

 𝐿ୈ୧ୡୣ = 1 − 
ଶ ∑ ௣೔௚೔

ಿ
౟సభ

∑ ௣೔
ಿ
౟సభ ା ∑  ௚೔  

ಿ
౟సభ ା ఌ

 .                                                      (1) 

The Binary Cross-Entropy, BCE loss is defined by (2) as 

𝐿஻஼ா =  −
ଵ

ே
 ∑ [𝑔௜

ே
௜ୀଵ log (𝑝௜) + (1 − 𝑔௜) log(1 − 𝑝௜)].                                                  (2) 

where 𝑝௜  is the predicted probability of pixel i  
𝑔௜ is the corresponding ground truth label 
N is the total number of pixels in the image 
𝜀  is a small constant to avoid division by zero.  
The combined loss function, denoted as 𝐿௧௢௧௔௟ which is a hybrid loss function is defined by (3) as 

𝐿௧௢௧௔௟ =  𝛼 𝐿஽௜௖௘ +  β 𝐿஼௥௢௦௦ா௡௧௥௢௣௬ .                                                          (3) 

where α = 0.7 and β = 0.3 are weight factors that control the contribution of each component to the total loss. 
This hybrid formulation leverages the strengths of both region-based and pixel-wise learning. This ultimately 
leads to improved convergence and enhanced segmentation accuracy, particularly in images with low contrast 
and complex lesion boundaries. 

D. Experimental Setup 

All experiments in this study were conducted using the BUSI dataset. Only the benign and malignant categories 
were considered for our research. The normal class was excluded due to the absence of meaningful lesion 
regions for segmentation.  
To ensure a balanced and representative evaluation, the augmented dataset was randomly split into 70% training, 
15% validation and 15% testing subsets. Model training and evaluation were performed using the PyTorch deep 
learning framework on a system configured with an Intel Core i7 CPU and 16 GB RAM. No GPU acceleration 
was used to emphasize the suitability of the selected models, MobileNetV2–UNet and MobileNetV2–
DeepLabV3, for low-resource, CPU-only environments.  
A consistent set of hyperparameters were used for training both the models. The Adam optimizer was employed 
with a learning rate of 1 × 10⁻4. The training of  the models were conducted for 20 epochs with a batch size of 8. 
A hybrid loss function comprising 0.7 × Dice Loss and 0.3 × Binary Cross Entropy was applied during training. 
Table I list the hyperparameters used to train the models.    
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IV.  RESULTS AND DISCUSSION 

A. Quantitative Metrics 

Both the models were evaluated on the test set using standard segmentation metrics. These metrics include 
Intersection over Union (IoU), F1-score, precision, Dice coefficient, recall, and accuracy. Table II summarizes 
the evaluation results of the two models. Equations (4) – (8) define the evaluation metrics used in this study. 
Here, TP stands for True Positives, TN means True Negatives, FP for False Positives and FN denotes False 
Negatives respectively.         

Accuracy =  
(்௉ା் )

(்௉ା்ேାி௉ାிே) 
 .                                                                      (4) 

Precision =  
்௉

(்௉ାி௉)
 .                                                                          (5) 

Recall =  
்௉

(்௉ାி )
 .                                                                       (6) 

F1 − Score =
ଶ ୶ (୔୰ୣୡ୧ୱ୧୭୬ ୶ ୖୣୡୟ୪୪)

(୔୰ୣୡ୧ୱ୧୭୬ାୖୣୡୟ୪୪)
 .                                                          (7) 

𝐼𝑜𝑈(Jaccard Score) =  
்௉

(்௉ାி௉ାிே)
 .                                                 (8) 

TABLE I. HYPERPARAMETERS USED TO TRAIN MOBILENETV2–UNET AND MOBILENETV2–DEEPLABV3 MODELS 

Model Architecture Optimizer Loss function Learning 
Rate 

Batch size Number of 
epochs 

Activation 
function 

MobileNetV2–UNet/ 
MobileNetV2–
DeepLabV3 

Adam optimizer Weighted Dice Loss 
+ Binary Cross-
Entropy Loss 

1×10⁻4 8 20 Sigmoid (applied 
during inference 
for binary 
segmentation) 

TABLE II. EVALUATION RESULTS 

Model Accuracy 
(%) 

IoU (%) Recall (%) Precision (%) F1-Score (%) Dice Coefficient 
(%) 

MobileNetV2–UNet 97.95 79.50 86.57 87.38 86.14 86.14 
MobileNetV2–DeepLabV3 98.02 78.61 85.79 88.47 86.06 86.06 

Both MobileNetV2–UNet and MobileNetV2–DeepLabV3 delivered strong results on the BUSI breast tumor 
segmentation test set. As observed from Table II, MobileNetV2–UNet achieved a higher IoU of 79.50% and 
Dice coefficient of 86.14%, reflecting better overlap with the ground truth masks and more consistent region-
level segmentation. While MobileNetV2–DeepLabV3 yielded a slightly higher overall accuracy of 98.02% and 
precision of 88.47%, its recall value, 85.79% was notably lower than MobileNetV2–UNet, indicating a tendency 
to miss tumor pixels. On the other hand, MobileNetV2–UNet exhibited better balance between precision and 
recall, accurately delineating tumor boundaries with fewer misclassifications. Overall, MobileNetV2–UNet 
balances efficiency and performance, aligning better with the lightweight deployment objectives of this research. 
Since the Dice coefficient and F1-score are mathematically equivalent in binary segmentation tasks, both metrics 
yielded identical values in our evaluation results.     

B. Visual Results 

Fig. 2 presents the visual comparison of segmentation outputs from the MobileNetV2–UNet and MobileNetV2–
DeepLabV3 models on three representative samples from the BUSI test dataset. The first column (a) displays the 
original images followed by their corresponding ground truth masks in column (b). The third column (c) and the 
fourth column (d) presents the predicted masks generated by the MobileNetV2–UNet and MobileNetV2–
DeepLabV3 models respectively. The qualitative comparison of predicted segmentation masks reveals that 
MobileNetV2–UNet consistently produces more precise and compact masks with well-defined lesion 
boundaries. The model is thus more suitable for fine-grained segmentation. MobileNetV2–DeepLabV3, on the 
other hand, tends to over-segment by capturing a wider area around the lesion with slightly blurred edges. This 
can help with rough lesion detection but may also cause small errors and false positives. As depicted in the last 
row and column (d) of the figure, the prediction by MobileNetV2–DeepLabV3 fails to capture the lesion region 
accurately, resulting in fragmented and incomplete segmentation. A significant portion of the lesion is either 
misclassified as background or missed entirely. Thus we can conclude that though both models can detect and 
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segment lesions, MobileNetV2–UNet gives more accurate shapes and cleaner boundaries. This makes it better 
for clinical use where precise localization is important. On the other hand, MobileNetV2–DeepLabV3 is more 
useful for early-stage detection where capturing the full lesion area matters more than fine detail. 

 
Fig. 2. Visual comparison of segmentation results for MobileNetV2–UNet and MobileNetV2–DeepLabV3. 

C. Training And Validation Curves 

The training and validation curves for MobileNetV2–UNet and MobileNetV2–DeepLabV3 are illustrated in Fig. 
3 and Fig. 4 respectively. The comparative analysis of the curves reveals that both models exhibit stable and 
consistent learning behavior throughout the training process. For the MobileNetV2–UNet architecture, the IoU 
curve in Fig. 3(a) and the Dice coefficient curve in Fig. 3(b) demonstrates a consistent upward trend over epochs, 
indicating effective learning and segmentation improvement. The loss curve in Fig. 3(c) shows a steady decline, 
with a slight gap between training and validation losses, suggesting mild overfitting. In comparison, the 
MobileNetV2–DeepLabV3 model exhibits slightly lower but stable performance, as shown in the IoU curve in 
Fig. 4(a) and Dice curve in Fig. 4(b). Notably, the training and validation losses in Fig. 4(c) are more closely 
aligned, reflecting better generalization and reduced overfitting. Although MobileNetV2–DeepLabV3 achieves a 
slightly higher overall accuracy of 98.02% than MobileNetV2–UNet with 97.95% accuracy, the latter exhibits 
more pronounced segmentation improvements during training. This comparative trend highlights the trade-off 
between segmentation precision and generalization capability across the two lightweight architectures.     

D. Computational Efficiency And Model Complexity Analysis 

The comparison table presented in Table III highlights the computational efficiency and model complexity of the 
two lightweight segmentation architectures, MobileNetV2–UNet and MobileNetV2–DeepLabV3, evaluated on 
the BUSI breast tumor test dataset. As highlighted in Table III, MobileNetV2–UNet achieves an average 
inference time of 0.1530 seconds per image and 6.54 FPS indicating its superior inference performance. This 
makes it highly suitable for real-time and edge deployment scenarios. On the contrary, MobileNetV2–
DeepLabV3 incurs a higher computational cost, with an average inference time of 0.4940 seconds per image and 
only 2.02 FPS. MobileNetV2–UNet has a smaller number of parameters of 6.6 million and a smaller model size 
of 25.55 MB. In comparison, MobileNetV2–DeepLabV3 has 12.6 million parameters and a model size of 48.51 
MB. These results show a clear trade-off between accuracy and efficiency. MobileNetV2–UNet is more suitable 
for devices with limited resources like mobile phones or embedded systems. The total inference time for 
MobileNetV2–UNet is 74.34 seconds for 486 images, while MobileNetV2–DeepLabV3 takes 240.06 seconds. 
This means MobileNetV2–UNet is over three times faster and better suited for real-time use in resource-limited 
settings.       

 
Fig. 3. Training and validation curves for MobileNetV2–UNet 

 
Fig. 4. Training and validation curves for MobileNetV2–DeepLabV3 
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TABLE III. COMPARISON OF INFERENCE PERFORMANCE BETWEEN MOBILENETV2–UNET AND MOBILENETV2–DEEPLABV3 

Model Total 
parameters 

Model Size Inference Time/ Image 
(sec) 

FPS (Frames 
Per Second) 

Total Inference 
Time (486 images) 

MobileNetV2–UNet 6.6M 25.55 MB 0.1530 sec 6.54 74.3422 sec 
MobileNetV2–DeepLabV3 12.6M 48.51 MB 0.4940 sec 2.02 240.0642 sec 

E. Comparison With Existing Work On BUSI Dataset 

The publicly available dataset, the BUSI dataset has been widely adopted in recent years for developing and 
evaluating deep learning models aimed at breast tumor segmentation. Using this dataset, many studies have 
explored a range of architectures from conventional U-Net variants to more advanced attention-based and 
transformer-integrated networks. The results obtained from these studies have demonstrated strong segmentation 
performance on this dataset. Most of these models often focus on improving accuracy and generalization, 
sometimes at the cost of computational efficiency. However, till date, very few works explicitly evaluate the 
performance of their models in terms of inference time, model size, or suitability for deployment on real-world, 
resource-constrained settings. Our work, on the other hand, emphasizes the balance between segmentation 
accuracy and lightweight design. Our proposed models could achieve competitive performance while 
significantly reducing model size and inference time. This makes them potentially more suitable for real-time 
applications on mobile or embedded devices. A brief summary of selected recent works utilizing the BUSI 
dataset is presented in Table IV for comparative context. This comparative context helps position our research 
within the broader landscape of BUSI-based segmentation studies. Moreover, it also highlights the importance of 
assessing both segmentation performance and computational efficiency in medical imaging applications. 

V. CONCLUSION AND FUTURE WORK 

This study presented a comparative evaluation of two lightweight deep segmentation architectures, 
MobileNetV2–UNet and MobileNetV2–DeepLabV3, for segmentation of breast tumor using ultrasound images 
from the BUSI dataset. The models were trained and validated on augmented benign and malignant classes, 
omitting the normal category due to its lack of meaningful annotations. This targeted approach enhanced the 
capability of the model to accurately localize lesions and generalize well within the domain of tumor detection 
and segmentation.  
Comprehensive quantitative and qualitative analyses demonstrated that MobileNetV2–UNet strikes a favorable 
balance between segmentation accuracy and computational efficiency, achieving a Dice coefficient of 86.14% 
and an average inference speed of 6.54 FPS. Its performance, coupled with a lower model size and faster 
inference time, makes it potentially suitable for deployment in resource-constrained and real-time clinical 
environments such as mobile health screening applications.  
While MobileNetV2–DeepLabV3 achieved slightly higher precision, it incurred significantly higher 
computational overhead, suggesting its suitability for offline or high-resource settings. In future work, the 
current segmentation framework will be extended to include lesion classification into benign and malignant 
categories, enabling a full end-to-end diagnostic framework.  
Further experiments will also evaluate the model’s cross-domain robustness using external datasets such as the 
Mendeley Breast Ultrasound BUSC Dataset and OASBUD Dataset. These datasets differ in acquisition settings 
and patient demographics, allowing assessment of the model’s generalizability across diverse clinical 
environments.  

TABLE IV. COMPARATIVE SUMMARY OF RECENT DEEP LEARNING MODELS USING THE BUSI DATASET FOR BREAST TUMOR SEGMENTATION 

Author Model/Method Dataset Segmentation 
Performance 

Edge Deployability 

Pramanik et al.[32] Dual-Branch U-Net (DBU-
Net) 

BUSI (benign+malignant) Dice=85.28%; IoU 
=74.34%  

Not Specified 

Pramanik et al.[33] Residual U-Net with Dual 
Attention (DAU-Net) 

BUSI (benign+malignant) Dice = 74.23% Not Specified 

Rahmani et al.[34] U-Net with Residual, 
Attention & Resolution 
Enhancement blocks 

BUSI (benign+malignant) Dice = 84.72% IoU = 
85.95%, (benign), 
Dice=82.14% 
IoU=82.21% 
(malignant) 

Not Specified 

Pan et al.[35] Multi-Scale & Multi-Edge U 
Net(M²U-Net) 

BUSI (benign+malignant) Mean Dice = 79.43%; 
IoU = 83.00%; Recall 
= 87.17% 

Not Specified 
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Ours (Proposed) 
MobileNetV2–UNet 

 

BUSI (benign+malignant) 

Dice=86.14%, 
IoU=79.50% 

Potentially suitable 
for edge deployment 

 
MobileNetV2–DeepLabV3 Dice=86.06%, 

IoU=78.61% 

Potentially suitable 
for edge deployment 
(with efficiency trade-
offs) 
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