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pruning, 8-bit  USe, which limits their use on embedded and edge devices. This study proposes a
multi-stage compression method for resource-limited inference. The method uses

quantization, S

knowledge structured pruning to remove redundant channels, 8-bit quantization to reduce
distillation, memory and computation cost, and teacher-student distillation to recover accuracy
edge after compression. Experiments were conducted on MobileNet and ResNet and
computing, deployed on Jetson Nano. The results showed that the method reduced model
efficient parameters by about 72%, lowered inference latency to 38% of the original model,
inference, and reduced energy use by about 45%. Top-1 accuracy decreased by only 1.6%,
Jetson Nano showing that the compressed model maintained stable recognition performance.

These results indicate that the method can improve deployment efficiency with
limited accuracy loss. The method provides a practical approach for low-power
vision tasks, mobile sensing, and edge monitoring systems.

1. INTRODUCTION

Deep neural networks have been widely used in image recognition, object detection, medical
monitoring, and industrial inspection. Their strong feature representation ability has improved
prediction accuracy in many visual and sensing tasks. However, modern neural networks often
require large memory capacity, high computational cost, and considerable energy
consumption, which limits their deployment on embedded and edge devices such as Jetson
Nano [1,2]. This problem is more serious in real-time inference scenarios, where the model
must maintain acceptable accuracy while meeting strict latency and power constraints.
Evidence from fast MRI reconstruction also shows that different algorithmic strategies may
perform differently under specific hardware and task conditions, suggesting that model
evaluation should not rely only on theoretical performance indicators but should also consider
practical deployment efficiency and application-specific constraints [3]. Model compression
has become an important approach for resource-limited deep learning deployment. Pruning
reduces model size by removing less important weights, channels, filters, or layers. Compared
with unstructured pruning, structured pruning is more suitable for edge devices because it can
directly reduce tensor dimensions and improve hardware execution efficiency [4,5].
Quantization further reduces memory usage and computational cost by replacing full-precision
weights and activations with low-bit representations, such as 8-bit integers [6,7]. Knowledge
distillation provides another effective way to improve the performance of compressed models.
In this strategy, a compact student model learns from the output distribution or intermediate
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features of a larger teacher model, which helps reduce the accuracy loss caused by compression
[8,9]. Although these methods have been widely studied, existing research still has several
limitations. Many studies evaluate compression mainly through parameter size, FLOPs, or
theoretical compression ratio. These indicators can describe model complexity, but they do not
always reflect real inference performance on edge hardware. A model with fewer parameters
may not necessarily achieve lower latency if its operators are not hardware-friendly [10,11].
Similarly, a lower FLOP count may not directly lead to lower power consumption because
memory access, kernel scheduling, and hardware utilization also affect runtime efficiency
[12,13]. Therefore, real-device testing is necessary for evaluating the practical value of
compressed models. Another limitation is that pruning, quantization, and distillation are often
tested separately. This makes it difficult to understand the combined effect of a full
compression pipeline. In practical deployment, a single compression technique may not be
sufficient to satisfy both accuracy and efficiency requirements. Strong pruning can reduce
computation but may damage feature representation. Quantization can reduce memory and
accelerate inference, but it may introduce numerical errors. Distillation can recover part of the
lost accuracy, but its effectiveness depends on the teacher model, training strategy, and
compression strength [14]. Therefore, a multi-stage compression framework is needed to
balance model compactness, accuracy retention, inference speed, and energy efficiency. This
issue is especially important for lightweight and edge-oriented networks. Models such as
MobileNet are already designed for efficient inference, so aggressive compression may lead to
clear accuracy degradation [15,16]. Larger networks such as ResNet contain more redundancy,
but their deployment cost remains high on low-power devices [17,18]. A practical compression
method should therefore be evaluated across different model architectures and should include
both algorithm-level indicators and hardware-level indicators. This can provide a more reliable
understanding of whether the compressed model is truly suitable for resource-limited
environments [19,20]. To address this problem, this study proposes a multi-stage compression
method for resource-limited inference. The method combines structured pruning, 8-bit
quantization, and teacher-student knowledge distillation. Structured pruning is used to remove
redundant channels and reduce computational cost. Quantization is used to lower memory
usage and improve inference efficiency. Knowledge distillation is used to recover accuracy
after compression and improve the stability of the compact model. Experiments are conducted
on MobileNet and ResNet, and the compressed models are deployed on Jetson Nano for real-
device evaluation. The purpose of this study is to examine whether a combined compression
pipeline can achieve a better balance between accuracy and deployment efficiency than isolated
compression strategies. Parameter size, Top-1 accuracy, inference latency, and power
consumption are used as evaluation metrics. The significance of this study lies in shifting model
compression evaluation from theoretical complexity reduction to practical edge deployment
performance. The proposed method aims to provide a compression strategy that can reduce
memory and computation requirements while maintaining acceptable accuracy, making deep
neural networks more practical for embedded vision, medical monitoring, and industrial
inspection tasks under limited hardware resources.

2. Materials and Methods

2.1 Samples and Study Description

This study used ImageNet-1K validation images and CIFAR-100 test images to test model
compression on edge devices. A total of 50,000 ImageNet-1K images and 10,000 CIFAR-100
images were used. The images included common objects, natural scenes, animals, vehicles,
tools, and indoor items. MobileNetV2 and ResNet-50 were selected as test models.
MobileNetV2 represents a lightweight network, while ResNet-50 represents a deeper residual
network. All images were resized according to the input size of each model. ImageNet-1K
images were resized to 224 x 224 pixels, and CIFAR-100 images were resized to 32 x 32
pixels. The deployment test was conducted on NVIDIA Jetson Nano to reflect a low-power
edge inference setting.
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2.2 Experimental Design and Control Groups

The experiment compared the proposed multi-stage compression method with three control
settings. The proposed group used structured pruning, 8-bit quantization, and teacher-student
distillation in sequence. The first control group used the original full-precision model without
compression. The second group used structured pruning only. The third group used pruning
and 8-bit quantization without distillation. These groups were used to test the separate and
combined effects of pruning, quantization, and distillation. The same training and testing
samples were used for all groups. For each model, the pruning ratio was set from 30% to 70%.
The final setting was selected according to validation accuracy and inference latency.

2.3 Measurement Methods and Quality Control

Top-1 accuracy, parameter size, inference latency, and power use were measured for each
model. Top-1 accuracy was calculated on the full test set. Parameter size was obtained from
the number of trainable weights after compression. Inference latency was measured on Jetson
Nano with a batch size of 1 to match real edge inference. Each model was warmed up for 100
runs before testing. Latency was then averaged over 1,000 inference runs. Power use was
recorded during inference by platform-level power monitoring. All deployment tests were
repeated five times, and the mean value was reported. The same software environment, input
size, batch size, and device power mode were used for all models.

2.4 Data Processing and Model Formulation

Before training, image pixels were normalized using the mean and standard deviation of the
training dataset. Structured pruning removed channels with low importance scores. The

channel importance score was calculated by the L1 norm of convolutional filters:
Cin

K K
S;= ZZ!Wj,i,k,ll

i=1 k=1 I=1

where S; is the importance score of the j-th output channel, and W;;; is the convolutional
weight. Channels with lower scores were removed first. After pruning and 8-bit quantization,
teacher-student distillation was used to recover accuracy. The student model was trained with
hard labels and teacher soft outputs:

L=(1-0)Lce(y.3+oT*KL(p/|Ip])
where L¢g is the cross-entropy loss, KL is the Kullback-Leibler divergence, ptT and psT are the

teacher and student outputs under temperature T, and a\alphaa controls the distillation weight.
2.5 Statistical Analysis and Evaluation Criteria

The compressed models were evaluated by accuracy loss, parameter reduction, latency
reduction, and energy reduction. Accuracy loss was calculated as the difference between the
original model and the compressed model. Parameter reduction was calculated as the
percentage decrease in trainable parameters. Latency reduction was calculated from the
average inference time before and after compression. Energy reduction was estimated from
measured power use and inference time. A compression method was considered effective when
it reduced model size and latency while keeping Top-1 accuracy loss within 2%. Paired
comparisons were used because all models were tested on the same image sets and the same
hardware platform. The final analysis examined whether the proposed multi-stage method
achieved a better balance among accuracy, speed, and energy use than single-stage
compression methods.

3.Results and Discussion

3.1 Compression Effect on Model Size

The proposed method reduced the number of model parameters by about 72%. This result
shows that structured pruning removed redundant channels while keeping the main feature
path. Compared with pruning alone, the full method gave a better balance between model size
and accuracy. This was mainly because distillation helped the compressed model retain useful
class information. This result is consistent with previous compression studies showing that
pruning and distillation can reduce model size with limited accuracy loss [21,22].
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Fig. 1. Parameter size after different compression settings.

3.2 Inference Latency on Jetson Nano

The compressed models showed clear speed gains on Jetson Nano. The average inference
latency decreased to 38% of the original model. This reduction came from two parts. First,
structured pruning reduced active channels and convolution operations. Second, 8-bit
quantization reduced memory access and improved inference speed. Pruning alone reduced
latency, but its effect was weaker than the full compression process. This result supports
previous edge deployment studies showing that real hardware tests are needed, because
parameter reduction does not always lead to the same speed gain [23].
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Fig. 2. Inference latency and energy use on Jetson Nano after compression.

3.3 Accuracy Change after Compression

The proposed method kept the Top-1 accuracy loss within 1.6% after compression. This shows
that the teacher-student stage reduced the accuracy loss caused by pruning and quantization.
MobileNet was more sensitive to compression because it was already a compact model. ResNet
had a smaller accuracy drop because it had more redundant channels. Compared with pruning-
only and pruning-plus-quantization settings, the full method gave more stable accuracy. This
suggests that distillation is useful after structural reduction, as it guides the compressed model
to learn the teacher model’s output pattern rather than only fitting hard labels [24,25,26].
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3.4 Energy Use and Deployment Value
Power tests showed that the proposed method reduced energy use by about 45%. This is
important for edge devices, where battery life and heat control affect real use. The compressed
model reduced both inference time and active computation, so energy use decreased on the
same hardware. Overall, the results show that the proposed method improves deployment by
reducing model size, latency, and energy use while keeping accuracy loss small. Some limits
remain. The experiments used only MobileNet and ResNet on Jetson Nano. The results may
not fully apply to transformer models or other edge chips. Future work should test more model
types, more hardware platforms, and longer continuous-running conditions.

4.Conclusion

This study developed a multi-stage compression method for deep model inference on resource-

limited devices. The method uses structured pruning, 8-bit quantization, and teacher-student

distillation to reduce model size, inference time, and energy use while maintaining accuracy.

Tests on MobileNet and ResNet deployed on Jetson Nano showed that the method reduced

parameters by about 72%, lowered inference latency to 38% of the original model, and reduced

energy use by about 45%. Top-1 accuracy decreased by only 1.6%, which shows that
distillation helped recover part of the information lost after pruning and quantization. These
results indicate that the method can support efficient deep model deployment on embedded and
edge platforms. The main value of this study is that it evaluates compression through real

latency and energy use on edge hardware, rather than parameter size alone. This provides a

practical basis for low-power vision tasks, mobile sensing, and field monitoring systems. Some

limits remain. The experiments used only MobileNet, ResNet, and Jetson Nano. Future work
should test transformer models, other edge chips, and longer continuous-running conditions.
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