m Online ISSN: 1597-2216

Kasu Journal of Computer Science Vol.3 No.1 [March, 2026], pp. 015-031 Print 'i.SNi %1597'2178
https://doi.org//10.47514/kjcs/2026.3.1.002 WWW.K]CS.edu.ng

Quantization-Aware Pruned MobileNetV2 for Real-Time Liver Tumor
Classification on CT Images

Amina Bala Jaafaru?, A. F. D. Kana?, M. Abdullahi?
!Department of Informatics, Kaduna State University
2Department of Computer Science, Ahmadu Bello University, Zaria
aminabala@kasu.edu.ng?, donfackkana@abu.edu.ng?, abdullahilwafu@abu.edu.ng?

Abstract

Early diagnosis of liver cancer is critical due to its high mortality rate and late clinical presentation. Computed
tomography (CT) remains the standard modality for liver lesion assessment; however, interpretation requires
experts that are skilled and prone to diagnostic variability. Deep learning has enhanced liver lesion classification
accuracy, though large models come with computational burdens that hinder deployment in clinical and resource-
limited setting. This study introduces an optimized MobileNetV2 architecture for liver tumor classification,
integrating unstructured pruning and quantization-aware training (QAT) to reduce the model size and latency while
maintaining diagnostic performance. Using LiTS17 CT dataset, 17,506 slices were extracted and labeled as tumor
or non-tumor. A Baseline finetuned MobileNetV2 achieved 99.6% accuracy but required 26.10 MB and 8 FPS
processing. After pruning and weight stripping, size reduced to 8.91 MB with a 31.57 FPS inference rate and 94.8%
accuracy. Further QAT vyielded an 8-bit TensorFlow Lite model with 8.46 MB size and 94.5% accuracy. These
results demonstrate that lightweight, compressed models can support real-time liver tumor diagnosis.

Keywords: Liver cancer, Computed tomography, MobileNetV2, Quantization-aware training, Pruning, LiTS17.

1. Introduction

Liver cancer remains one of the most prevalent malignancies worldwide, contributing significantly to global
cancer mortality (Bray et al., 2021). CT scans play a crucial role in liver cancer diagnostics due to their
ability to capture abnormal vascular contrast variations and lesion morphology (Hassan et al., 2023).
However, manual interpretation is time-intensive and subject to inter-observer variability, particularly in
early-stage tumors where visual differences may be subtle (Tang et al., 2020). Consequently, computer-
aided diagnosis systems based on deep learning have increasingly been adopted to support radiological
decision-making. Deep learning, especially Convolutional Neural Networks (CNNs), has demonstrated
outstanding performance in image classification and medical imaging tasks. CNN-based models have been
successfully applied to tumor detection, segmentation, and classification. Addressing Challenges with Deep
Learning effective diagnosis and treatment of liver cancer are hindered by challenges such as the difficulty
in accurately identifying tumors in medical imaging scans due to poor contrast and complex liver structure
(McMahon et al.,2023). Utilizing advanced image processing techniques, particularly CNNs, can aid in
improving the accuracy of liver cancer diagnosis, potentially reducing errors and biases in medical
assessments. CNNs can learn subtle features in CT scans that might be missed by humans, potentially
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leading to more accurate diagnoses. CNNs are less susceptible to bias compared to human interpretation
(Wei et al.,2023). CNNs have achieved notable success in liver lesion recognition, yet larger architectures
such as VGG and ResNet require significant computational resources, limiting real-time clinical
deployment (Chen et al.,, 2022). Lightweight CNNs like MobileNet are designed for low-resource
environments through depth-wise separable convolutions, but further optimization is needed for low-
latency diagnostic applications (Howard et al., 2019). Model compression techniques such as pruning and
guantization enable faster inference and reduced storage cost with minimal performance loss, particularly
for medical imaging tasks (Xu et al., 2023; Kim et al., 2022). These limitations highlight the need for
efficient, lightweight, and robust CNN architectures that can operate effectively on limited hardware while
maintaining high diagnostic accuracy, particularly for tasks such as liver cancer detection in low resource
clinical environments. This study presents an optimized, deployment efficient MobileNetV2 model for liver
cancer classification using unstructured pruning and quantization-aware training (QAT). The approach aims
to reduce model size and inference time while maintaining clinically relevant diagnostic accuracy, offering
a viable solution for real-time medical decision support systems.

2. Related Works

Deploying convolutional neural networks (CNNSs) in clinical practice requires balancing accuracy,
computational efficiency, and hardware constraints. While CNNs have shown strong performance in
medical image analysis, their clinical translation is often limited by high computational costs, particularly
for high-resolution images like CT and MRI data, which demand significant memory and processing power
(Tian et al., 2025). These challenges are even more pronounced in resource-limited settings and on edge
devices, where processing capacity and energy budgets are restricted (Kumar et al., 2025).

Deep learning applications to liver cancer have predominantly focused on segmentation rather than
classification, with models such as UNet derivatives demonstrating improved lesion localization on CT
(Zhou et al., 2021). Classification studies using VGG16, ResNet50, or DenseNet have shown promising
accuracy but often incur high inference cost unsuitable for rapid deployment in hospital workflows (Chen
et al., 2022). Lightweight alternatives such as MobileNet and ShuffleNet have reduced complexity, though
many implementations lack compression strategies and remain suboptimal for embedded medical devices
(Howard et al., 2019; Wong et al., 2020). To address these barriers, researchers have investigated model
compression techniques such as pruning and quantization and explainable methods including Grad-CAM
and integrated gradients. These approaches can yield lightweight, transparent models with minimal loss in
diagnostic performance, improving suitability for real-world, resource-constrained deployment (Yang et
al., 2022; Malik et al., 2025). Lightweight architectures such as MobileNetV2 further enhance model
efficiency by reducing inference time and memory usage while preserving diagnostic utility. Several recent
studies highlight the effectiveness of lightweight models across medical imaging tasks. (Ahmad et al., 2024)
developed SkipGateNet, a compact CNN-LSTM hybrid achieving 99.91% accuracy with an 8 ms inference
time, demonstrating feasibility for real-time use on low-power devices. In liver imaging, (Alawneh et
al.,2022) introduced LiverNet, an eight-layer CNN achieving 95.6% accuracy, 100% when paired with an
SVM though limited architectural detail may impede replication. (Sindhura et al., 2022) proposed Efficient-
PSP-Net for CT liver segmentation, combining PSP modules with EfficientNet to balance context
understanding and computational efficiency. Similarly, (Alici Karaca et al., 2022) designed a lightweight
CNN for classifying radiation induced liver disease, outperforming deeper models, though without pruning
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3.1

or quantization to further enhance deployability. MobileNet based models have been increasingly explored
for liver and lung imaging tasks due to their efficiency. (Raghava et al., 2023) and (Valeri et al., 2023)
found MobileNet to provide competitive accuracy for CT protocol optimization, although hybrid models
introduce higher computational cost. (Hameed et al., 2023) similarly reported MobileNet as a practical
alternative to more accurate but resource intensive models like ResNet and VGG16. For segmentation,
(Riaz et al., 2023) integrated MobileNetV2 with U-Net, achieving a Dice score of 89.75% while
maintaining computational efficiency. Overall, lightweight architectures particularly MobileNetV2 offer a
promising pathway toward clinically viable deep learning systems by enabling rapid inference, reduced
memory consumption, and broader use on portable or low power devices. These advantages are especially
relevant for CT based liver cancer classification and other applications where real-time or point-of-care
deployment is critical (Sandler et al., 2018) Pruning has been widely explored to reduce model redundancy
by removing less significant parameters, with structured pruning offering hardware friendly improvements
for compressed CNNs (Xu et al., 2023). Quantization-aware training (QAT) allows models to operate at
low numeric precision (e.g., 8-bit) with minimal accuracy degradation, showing promise for diagnostic
imaging tasks (Kim et al., 2022). Yet, few studies combine pruning and QAT for liver CT classification,
and fewer evaluate deployment level performance such as inference speed and memory footprint. This work
addresses these gaps by integrating pruning and QAT into MobileNetV2 to produce a lightweight, accurate,
and real-time capable liver tumor classification model.

Methodology

This study follows an experimental research design. The approach is to train a deep learning model
(MobileNetV2) to classify CT image slices as either containing a tumor or not. To improve efficiency,
unstructured pruning was applied to remove redundant weights based on magnitude, introducing sparsity
while preserving the overall model structure, and quantization-aware training to reduce memory usage
and speed up inference, without significantly affecting accuracy. The model is evaluated using multiple
performance metrics including accuracy, precision, recall, F1-score, inference time, and model size.

Dataset description

This study utilized the Liver Tumor Segmentation Challenge dataset (LiTS17), which contains contrast
enhanced abdominal CT scans from multiple hospitals and imaging protocols (Bilic et al., 2019). Each case
includes a full 3D volume with expert provided liver and tumor masks. From the 130 available volumes,
relevant 2D slices were extracted from the 3D CT volumes, a total of 17,506 2D slices were extracted and
labeled into tumor and non-tumor classes based on pixel level annotations. Slices containing >1 pixel
labeled as tumor were classified as tumor slices, while others were labeled non tumor. A slice-wise split
was applied: 70% training, 15% validation, and 15% testing. All slices were resized to a uniform resolution
and normalized to standardize pixel intensity.
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Figure 1: Sample of the LiTS17 Dataset (Bilic et al., 2023).

3.2 Data Preparation and Pre-processing

Prior to model training, as shown in Figure 2, the CT slices and their corresponding masks were loaded
using Python libraries such as os, TensorFlow, Keras preprocessing utilities, and image-handling
functions. All images were resized to 224 x 224 pixels, matching the input requirement of MobileNetV2.
Pixel intensities were normalized to a [0,1] range to ensure stable network convergence. Slice labels were
assigned automatically based on the segmentation masks, where any slice containing tumor-labelled
pixels was categorized as “tumor”, while all others were labeled as “no-tumor.” Labeling was
automated using the LiTS17 segmentation masks: a binary tumor label was assigned to any CT slice
where the corresponding mask contained at least one tumor pixel. This yields a simple binary
classification target. A total of 17506 CT slices were extracted and categorized into tumor slices of 10770
and no-tumor slices of 6736 classes. (Bilic et al., 2023). To improve model generalization and minimize
overfitting, data augmentation was applied, including random horizontal and vertical flips, rotational
transforms, and brightness/contrast adjustments, consistent with medical augmentation standards. Finally,
the dataset was split using a slice-wise partitioning strategy, allocating 70%o of the images for training,
15% for validation, and 15% for testing.
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Figure 2: Dataset Splitting Process
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3.3 Model Architecture
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Figure 3 illustrates the overall workflow of the proposed liver tumor classification framework based on a
Quantization-Aware MobileNetV2 architecture. The process begins with CT image dataset loading
followed by several preprocessing steps, including image resizing, normalization, noise removal, filtering,
and contrast enhancement to improve image quality and feature visibility. The dataset is then divided into
training, validation, and testing sets, after which image augmentation techniques such as rotation, flipping,
and scaling are applied to increase data variability and improve model generalization. A baseline
MobileNetV2 model is first trained to establish initial classification performance and learn relevant image
features. The trained model is subsequently optimized using unstructured weight pruning, followed by
retraining to maintain model accuracy. Next, quantization-aware training (QAT) is performed to simulate
low-precision computations during training. Finally, the optimized model is converted to TensorFlow Lite
(INT8) format for efficient inference, producing the final classification outputs of tumor and no-tumor from
CT images.
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Figure 3: Research Model Architecture
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3.4 Pruning method used (unstructured pruning)

3.5

3.6

3.7

Unstructured pruning (weight-level sparsification) was applied using TensorFlow Model Optimization
pruning callbacks. Pruning followed a gradual sparsity schedule during training, low-magnitude weights
were progressively set to zero until a final target sparsity of 20% was reached. After the pruning schedule
completed, post-pruning fine-tuning was performed to recover any lost accuracy, and finally executed
weight stripping to physically remove zeroed weights from the saved model so that model-size
reductions were realized on disk. Note that unstructured sparsity does not automatically provide hardware
acceleration unless the sparse model is stripped or executed on sparse-aware kernels; weight-stripping
plus quantization were used to obtain actual size and inference improvements.

Quantization-Aware Training (QAT)

Following pruning and fine-tuning, quantization-aware training (QAT) was used to prepare the model for
8-bit integer inference. Fake-quantization nodes were inserted into weights and activations during
retraining to simulate low-precision arithmetic. After a short QAT fine-tune to stabilize scale parameters,
the model was converted to an 8-bit TensorFlow Lite (TFLite) representation with representative
calibration data to preserve activation ranges. This produced the final TFLite model used for deployment
benchmarking.

Training Procedure

The model was trained using the Sparse Categorical Cross-Entropy loss, which is appropriate for binary
image classification tasks with integer labels. Optimization was performed using the Adam optimizer with
an initial learning rate of 0.0001(1e-4) and a batch size of 32. Base fine-tuning training was conducted for
up to 30 epochs, depending on convergence. A ReduceLROnNPIlateau scheduler was applied to
automatically decrease the learning rate whenever the validation loss stopped improving, promoting more
stable convergence. To prevent overfitting, early stopping was implemented based on validation loss
rather than validation accuracy, as loss provides a more sensitive reflection of model learning by
incorporating prediction confidence, whereas accuracy may remain unchanged even if the model is
overfitting. Monitoring validation loss also aligns directly with the optimization objective of minimizing
cross-entropy. Additionally, checkpointing was used to save the best-performing model based on
validation accuracy, while saving weights at each epoch to facilitate further fine-tuning and compression
experiments. This training configuration ensured both optimal convergence and reliable selection of the
most generalizable model prior to pruning and quantization steps. Pruning phase followed the same
optimizer settings, pruning used a gradual schedule embedded within training and was followed by a fine-
tuning phase until validation performance converged.

Standard MobileNetV2 Convolutional Block

The diagram in Figure 4 explains MobileNetV2 which is based on inverted residual blocks with linear
bottlenecks, designed to provide high accuracy with low computational cost. Each convolutional block
consists of three stages: a 1x1 expansion convolution that increases feature dimensionality, a 3x3 depthwise
convolution that performs efficient spatial filtering, and a 1x1 linear projection that reduces the channels to
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3.8

the desired output size. Batch normalization and ReLU6 activation are applied after the expansion and
depthwise layers to maintain stability and efficiency. When input and output dimensions match, a residual
connection is used to improve gradient flow and convergence. This design enables an effective balance
between model efficiency and representational power, making MobileNetV2 well-suited for resource-
constrained applications.
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Figure 4: Standard MobileNetV2 Inverted Residual Block (Mark Sandler et al., 2018)
Modified MobileNetV2 Convolutional Neural Network Algorithm

Although MobileNetV2 is inherently efficient, additional optimization is necessary for deployment in
resource-constrained medical imaging environments. This study proposes a modified MobileNetV2
architecture that integrates unstructured weight pruning and quantization-aware training (QAT) within
its convolutional blocks as shown in figure 5. Unstructured pruning removes less significant weights to
reduce parameter redundancy and computational cost without altering the network structure. Additionally,
QAT simulates low-precision operations during training, enabling robust conversion to low-bit
representations for efficient inference. The resulting model preserves the core MobileNetV2 design while
achieving reduced memory usage and latency. In contrast to the standard MobileNet\VV2 block shown in
Figure 4, which operates using full-precision weights and dense connections, the modified architecture
presented in Figure 5 introduces unstructured pruning and quantization-aware training to further enhance
computational efficiency. These modifications enable significant reductions in model size, memory
footprint, and inference time, making the proposed approach suitable for deployment in real-world clinical
environments.
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Figure 5: Modified MobileNetVV2 CNN Algorithm for liver cancer classification in CT scan

4. Results and discussion

The model was trained using early stopping based on validation loss, which helped prevent overfitting.

4.1 Classification Results for optimized Mobilenetv2 model

Table 1 presents the performance of the fine-tuned, pruned, and quantized MobileNetV2 models developed
for liver cancer classification using CT slices. The fine-tuned model achieved the highest performance, with
an accuracy of 99.6% and near-perfect precision, recall, and F1-score of 0.99 each. After applying
unstructured pruning, performance slightly decreased to 94.8% accuracy, but remained clinically relevant
while retaining strong precision and recall values. The quantization-aware trained TFLite model showed
comparable results of 94.5% accuracy, demonstrating that compression preserved discriminative capability.
These findings confirm that model compression substantially reduces size while maintaining high

classification quality.

Table 1. Classification Performance of Optimized MobileNetV2 Models

Model Accuracy (%) Precision Recall Flscore AUC
Finetuned mobilenetv2 99.6% 0.99 0.99 0.99 0.9999
Pruned and stripped 94.8% 0.96 0.95 0.96 0.9887
QAT TFLite 94.5% 0.96 0.95 0.96 0.9859
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4.2 Model Efficiency Results of Optimized Mobilenetv2 Model

The deployment efficiency of MobileNetV2 was significantly improved through unstructured pruning and
8-bit quantization, as shown in Table 2. The fine-tuned model had a size of 26.10 MB and an inference
speed of 8 FPS. Applying unstructured pruning by removing less important weights (20% weight sparsity)
while largely preserving the network’s representational capacity, reduced the model size by 65.9% to 8.91
MB and increased inference speed to 31.57 FPS. Further quantization to 8-bit TFLite reduced the model
size slightly to 8.46 MB (67.6% reduction from the original) with minimal impact on speed which remained
high at 31.42 FPS. It should be noted that the dataset was split slice-wise, meaning slices from the same
patient could appear in multiple splits. While this allows more training samples, it may slightly inflate
reported metrics. Overall, these results demonstrate that unstructured pruning and quantization effectively
optimize MobileNetVV2 for deployment on resource-constrained devices, providing a practical balance
between model size, inference speed, and predictive performance.

Table 2. Deployment performance of the fine-tuned, pruned, and quantized MobileNetV2 models.

Model Model Size (MB) Size Reduction (%) Inference Speed (FPS)
Mobilenetv2 (fine-tuned) 26.10 - 8.00
Pruned Mobilenetv2 8.91 65.9 31.57
Quantized Mobilenetv2 (8- | 8.46 67.6 31.42
Bit TFLite)
4.3 Combined Bar Chart of Model Evaluation Metrics

Figure 6 presents a combined visualization of all evaluation metrics for the three models: the fine-tuned
MobileNetV2, the pruned and stripped model, and the QAT-TFLite model. Panel A compares the core
performance metrics (accuracy, precision, recall, and F1-score), showing that the fine-tuned model
achieved the highest values across all metrics, largely due to its dense architecture and slice-wise data
separation. Panels B and C highlight the improvements from model optimization. Pruning reduced the
model size from 26.10 MB to 8.91 MB, while quantization further reduced it to 8.46 MB. This reduction
directly translated into faster inference speeds, increasing from 8 FPS in the baseline model to over 31
FPS in both optimized versions. Panel D displays the sparsity levels applied, showing that only the
pruned and QAT models used 20% weight sparsification. Overall, the combined visualization clearly
demonstrates the trade-off between predictive performance and computational efficiency, emphasizing
that pruning and QAT significantly enhanced deployability with only a modest reduction in classification
accuracy.
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Figure 6: Performance Overview of the Optimized Liver Cancer Classification Model

4.4 Confusion Matrix Results of Optimized Mobilenetv2 Model

The confusion matrix results in Table 3 provide a detailed view of the classification performance of the
MobileNetV2 models. The fine-tuned model achieved 2,040 true positives and 1,281 true negatives, with
only 9 false positives and 6 false negatives, reflecting its very high accuracy of 99.6%, with precision,
recall, and F1-score of 0.99 each. After unstructured pruning, there is a slight decrease in true positives and
true negatives, results include TP = 1,025 and TN =634, with FP =40 and FN =52, while the 8-bit quantized
TFLite model achieved similar values of TP =1,019, TN = 636, FP = 38, and FN = 58. These small increases
in misclassifications are consistent with the modest reduction in accuracy of the pruned and TFLite
guantized models with 94.8 and 94.5% respectively with F1-score of 0.96 after compression. These results
demonstrate that MobileNetV2 can maintain robust predictive performance for liver cancer classification
while being highly optimized for deployment on resource-constrained devices.

Table 3: Confusion matrix values for the fine-tuned, pruned, and quantized MobileNetV2 models.

Model TP TN FP FN
Mobilenetv2 (fine-tuned) | 2040 1281 9 6
Pruned Mobilenetv2 1025 634 40 52
Quantized Mobilenetv2 (8- | 1019 636 38 58
Bit TFLite)
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45 Auc/Roc Curve and Confusion Matrix for the Fine-Tuned MobileNetV2

Figure 7 shows the evaluation of the fine-tuned MobileNetV2 model on the test set. Having ROC curve
with AUC = 0.9999, indicate near-perfect discriminative ability between tumor and non-tumor slices.
Confusion matrix showing true positives (TP) = 2,040, true negatives (TN) = 1,281, false positives (FP) =
9, and false negatives (FN) = 6, highlighting minimal misclassifications.

Auc/Roc¢ curve and Confusion matrix of Baseline Fineuned MobileNetV2

AOC Curve (heost) Confusion Matrix (best)

e
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Figure 7: Auc/Roc Curve and Confusion Matrix for the Fine-Tuned MobileNetV2

4.6 Auc/Roc Curve and Confusion Matrix for the Pruned MobileNetV2

Evaluation of the pruned MobileNetV2 model (20% unstructured weight sparsity) on the test set. Shows in
figure 8 the ROC curve with AUC = 0.9887, showing a modest reduction in discriminative ability after
pruning. Confusion matrix showing TP = 1,025, TN = 634, FP = 40, and FN = 52, reflecting slightly higher
misclassification compared with the fine-tuned model.

Auc/Roc¢ curve and Confusion matrix forPruncd MobileNetV2 Maodel

Pruned Stripped ROC Curve Fruned_Stripped Confusion Matrix
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Figure 8: Auc/Roc Curve and Confusion Matrix for the Pruned MobileNetV2
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4.7 Auc/Roc Curve and Confusion Matrix for quantized TFL.ite (8-bit) MobileNetV2

4.8

Evaluation of the 8-bit quantized MobileNetV2 model on the test set in Figure 9 shows ROC curve with
AUC = 0.9859, demonstrating minimal reduction in discriminative performance after quantization, with
Confusion matrix showing TP = 1,019, TN = 636, FP = 38, and FN = 58, indicating robust predictive
capability despite model compression.

Auc/Roc¢ Curve and Confusion Matrix for the QuantizedIFLite (8-bhit) MobileNetV2

QAT _Trise ROC Curve QAT TFLite Confusion Matrix
1000

Figure 9: Auc/Roc Curve and Confusion Matrix for TFLite (8-bit) MobileNetV2
Training and Validation Performance (Accuracy and Loss Curve)
In Figure 10, Accuracy curves showing the rapid increase in both training and validation accuracy during
the first five epochs, with validation accuracy closely tracking training accuracy and plateauing near 0.99.
Loss curves illustrating the sharp decline in training and validation loss, stabilizing below 0.02. The

consistency between training and validation curves indicates that the model learned to distinguish tumor
from non-tumor CT slices effectively, without significant overfitting.

Training and validation accuracy and loss curve

Figure 10. Training and validation performance of MobileNetV2 model.
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4.9

Benchmark Comparison Discussion

The benchmark comparison in Table 4 highlights the improvement achieved by the proposed models
relative to the baseline architectures previously reported by Hameed et al. Rather than re-implementing the
baseline networks, this study adopts their reported performance metrics for ResNet50, VGG16, and
MobileNetV1, as they were evaluated on the same LiTS dataset used in this work. According to Hameed
et al., ResNet50 achieved only 62% accuracy, which may be attributed to overfitting and its high
computational cost on a limited medical dataset. VGG16 performed considerably better, reaching 91.1%
accuracy, although its large parameter size makes it less suitable for practical deployment. Meanwhile,
MobileNetV1 achieved 94.1% accuracy, confirming the potential of lightweight architectures but without
additional optimization. In comparison, the fine-tuned MobileNetV2 developed in this study attained a
significantly higher 99.6% accuracy, outperforming all baseline models. More importantly, the pruned
version achieved a substantial 65.9% reduction in model size, while maintaining 94.8% accuracy, a
performance similar to MobileNetV1 but with markedly greater efficiency. The QAT (TFLite) compressed
model further reduced the model size to 8.46 MB and achieved real-time inference speeds of 31 FPS, while
sustaining 94.5% accuracy. These results indicate that the optimized MobileNetVV2 models not only surpass
conventional high-capacity architectures like ResNet50 and VGG16, but also provide a superior balance of
accuracy, computational efficiency, and deployability, even when compared to previous lightweight models
such as MobileNetV1. With the performance comparison establishing the superiority of the optimized
MobileNetV2 models over existing baselines, the next step focuses on evaluating their practicality for real-
world deployment. To this end, the effects of pruning and quantization on model size, execution speed, and
inference stability are examined to determine suitability for use on resource-limited clinical systems.

Table 4: Benchmark Comparison with Baseline Models

Model Accuracy | Precision Recall F1- score | AUC Size inference
ResNet50 62% - - - - - -
VGG16 91.1% - - - - - -
MobileNetV1 | 94.1% - - - - - -
MobileNetV2 | 99.6% 0.99 0.99 0.99 0.9999 |26.10 |8.00
Pruned 94.8% 0.96 0.95 0.96 0.9887 |8.91 |3157
QAT TFLite | 94.5% 0.96 0.95 0.96 0.9859 8.46 31.42

410

Comparative Evaluation Report

Figure 11 presents a comprehensive comparison of MobileNetV2 at different stages of optimization, pre-
optimization (fine-tuned), pruned, and quantization-aware trained (QAT 8-bit) alongside baseline models
including ResNet50, VGG16, and MobileNetV1. The chart visualizes multiple performance dimensions:
accuracy, F1-score, model size, and inference speed (FPS). The fine-tuned MobileNetV2 achieves the
highest accuracy of 99.6% and F1-score of 0.99, indicating excellent discriminative capability at the slice
level. However, it is the largest model at 26.10 MB and exhibits the slowest inference speed of 8 FPS,
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which may limit real-time deployment in clinical environments. The figure also highlights a potential metric
inflation due to slice-wise splitting, where adjacent slices from the same volume appear across training and
test sets. Applying 20% unstructured pruning and model stripping reduces the model size significantly to
8.91 MB, while maintaining strong accuracy of 94.8% and F1-score of 0.96. Inference speed improves
dramatically to 31.57 FPS, showing the efficiency gains achievable with model compression. The QAT 8-
bit MobileNetVV2 model retains the same level of sparsity but further reduces the size to 8.46 MB. Accuracy
and F1-score remain robust at 94.5% and 0.96, respectively, while inference speed remains high at 31.42
FPS, demonstrating that quantization-aware training can preserve predictive performance under lower
numerical precision. By contrast, baseline models ResNet50, VGG16, and MobileNetV1 achieve lower
accuracy of 62%, 91.1% and 94.1% and provide no reported F1-score, model size, or inference metrics,
highlighting the advantages of the proposed MobileNetV2 optimization pipeline. Overall, the chart clearly
demonstrates that pruning and quantization effectively balance predictive performance with model
efficiency, making the optimized MobileNetV2 suitable for real-time clinical deployment.

Comparidon of MobileNetV2 (Pre/Post Optimization) and Baselines
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Figure 11: Comparative Evaluation of MobileNetV2 (Pre/Post Optimization) and Baseline Models

4.11

Summary of Findings

The fine-tuned MobileNetV2 achieved the highest predictive performance, recording an accuracy of
99.6% and an AUC of 0.9999, confirming its strong capacity for liver tumor classification. However, the
model required 26.10 MB of storage and an inference time of ~125 ms per image, limiting its suitability
for deployment on lightweight or embedded clinical systems. Applying unstructured pruning reduced the
model size to 8.91 MB and improved inference speed to 31.57 FPS, with only a moderate reduction in
accuracy to 94.8% and AUC to 0.9887, demonstrating a substantial gain in computational efficiency
while maintaining clinically reliable performance. Further compression through 8-bit Quantization-Aware
Training (QAT TFLite) produced the smallest model (8.46 MB) with a similarly high inference speed
(31.42 FPS) and a slightly reduced accuracy of 94.5%, alongside an AUC of 0.9859. Overall, the results
emphasize the trade-off between maximum accuracy and deployment efficiency, showing that while
the fine-tuned model performs best in prediction, the pruned and quantized models offer a practical
balance of speed, size, and accuracy for real-world medical use, especially in resource-limited
environments.
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5. Conclusion

This study demonstrates that MobileNetV2, when enhanced with unstructured pruning and
guantization-aware training, provides an effective and deployable solution for liver cancer
classification using CT images. Although the fine-tuned model delivers the highest accuracy, the
compressed models particularly the QAT TFLite model offer a more balanced option for clinical settings
where computational resources and real-time performance are essential. These optimization strategies
show that it is feasible to retain high diagnostic reliability while significantly reducing model size and
accelerating inference, thereby improving the accessibility of deep learning solutions in real-world
medical workflows. Although the optimized MobileNetV2 models demonstrated strong performance for
liver cancer classification, further work is required to support full clinical deployment. Future studies
should focus on validating the model using larger, multi-institutional datasets to ensure generalizability
across different patient populations, scanners, and imaging conditions. Additionally, the current work
utilized a slice-wise dataset split, which, although common in medical imaging research, may lead to data
leakage; therefore, future experiments should adopt a strict patient-wise splitting strategy, ensuring that
slices from the same patient do not appear across training, validation, and test sets. To further enhance
diagnostic accuracy, especially after pruning and quantization, advanced optimization strategies such as
knowledge distillation, hybrid quantization, or structured pruning can be explored to recover accuracy
losses while maintaining efficiency. Finally, integrating the optimized model into clinical imaging
workflows such as PACS systems, radiology workstations, edge devices, or point-of-care diagnostic tools
would allow real-time decision support for radiologists and could accelerate the clinical translation of
machine-learning-assisted cancer diagnosis.
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