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Abstract- The rapid growth of edge computing has changed how artificial intelligence is deployed on devices with limited 

resources such as smartphones, embedded systems, and IoT devices. In such environments, constraints related to memory, 

power, and storage make it difficult to use traditional deep learning models directly. Although modern neural networks perform 

well in tasks like computer vision, they often need high computational resources, which limits their practical use on edge devices. 

In this work, we focus on lightweight deep learning architectures that are designed to operate efficiently under these constraints. 

Specifically, we examine three widely used models—MobileNetV2, SqueezeNet, and EfficientNet-B0—for real-time inference on 

edge devices. The CIFAR-10 dataset is used as a benchmark to evaluate model performance. To improve training efficiency, we 

also apply transfer learning by utilizing features from pre-trained models. In addition, optimization techniques such as 

structured pruning and dynamic quantization are used to reduce unnecessary parameters and improve computational efficiency 

without significantly affecting performance. These methods help in lowering model size and speeding up inference, making 

deployment more feasible in resource-limited environments. The experimental results show noticeable differences in 

performance across the selected models. EfficientNet-B0 achieves the highest classification accuracy of 92.06%, while 

SqueezeNet provides faster inference due to its compact architecture and fewer parameters. MobileNetV2 offers a balanced 

trade-off between accuracy and latency, making it suitable for practical applications. Overall, the findings highlight the 

importance of selecting appropriate lightweight architectures along with effective optimization strategies when deploying deep 

learning models on edge devices. This work provides useful insights into balancing accuracy, model size, and inference speed,  

which are key factors in real-world edge computing scenarios.  

Keywords- Edge Computing, Lightweight Neural Networks, Deep Learning, Model Compression, Pruning, Quantization, and 

Edge AI. 

I. INTRODUCTION 
 

Deep learning and artificial intelligence have influenced 

many industries, including computer vision, healthcare, 

autonomous systems, and intelligent surveillance [1], 

[9]. In tasks such as object detection and image 

classification, modern neural networks perform very 

well [27]. However, these models usually need a large 

amount of memory, energy, and processing power, 

which makes them difficult to use on devices with 

limited resources. Recently, there has been a shift from 

centralized cloud-based systems to edge devices due to 

the increasing demand for real-time processing [8], [22]. 

Even with this shift, deploying deep learning models 

directly on edge devices remains challenging because of 

constraints in power, storage, and computational 

capacity. In our work, we focus on lightweight neural 

network architectures that are designed to handle such 

limitations. Models such as MobileNetV2, SqueezeNet, 

and EfficientNet aim to reduce model complexity while 

maintaining good performance. These models are 

particularly useful for applications running on embedded 

and mobile platforms. 

Many fields, including computer vision, healthcare, 

autonomous systems, and surveillance, have benefited 

from advancements in artificial intelligence and deep 

learning [1], [9]. These technologies have led to 

noticeable improvements in solving complex problems. 

However, despite their strong performance, deep neural 

networks often require high memory and computational 

resources, making it difficult to deploy them efficiently 

on devices that operate under strict hardware limitations. 

With the growing adoption of edge computing, there has 

been a move away from centralized cloud infrastructure 

toward decentralized processing on edge devices in 

recent years [8], [22]. This shift supports faster response 

times but also introduces new challenges when working 

with resource-intensive models. 

To further improve the efficiency of deep neural 

networks in resource-constrained environments, 

optimization techniques are commonly used along with 

architectural improvements. Methods such as pruning 

and quantization help reduce both model size and 

computational cost [3], [24]. Pruning removes less 

important or redundant parameters from trained models, 

while quantization lowers the precision of weights, which 

helps reduce memory usage and improve inference 

speed. These approaches make it easier to deploy deep 

learning models on devices with limited resources 

without causing a major drop in performance. 

 

Despite these developments, the intrinsic trade-off 
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between classification accuracy and processing 

efficiency makes selecting the best architecture for edge 

deployment challenging. While some models favor faster 

inference and cheaper computational costs at the penalty 

of reduced performance, others provide improved 

prediction accuracy at the expense of higher latency and 

memory utilization. 

 

• Three lightweight deep learning architectures 

intended for edge computing scenarios are compared 

[4], [5], and [6]. 

 

• An evaluation of the trade-off between inference 

latency and classification accuracy. 

 

• Examining model compression methods like 

quantization and pruning [3], [24]. 

 

II. Literature Review 
 

Developing neural network designs that provide high 

predicted accuracy while maintaining computational 

economy has been the focus of recent deep learning 

advancements [1], [9]. For edge computing applications, 

where devices must operate within strict constraints on 

processor power, memory, and energy consumption, this 

has become particularly crucial [8], [22]. In order to 

facilitate the effective deployment of deep learning 

models on hardware with constrained resources, 

researchers have proposed lightweight neural network 

topologies and model compression techniques [3], [24]. 

 

A. Lightweight Neural Network Architectures 

 

Because lightweight neural network topologies can 

maintain competitive performance while reducing 

computational complexity, they have garnered a lot of 

attention. MobileNet is one of these architectures that is 

widely utilized in embedded and mobile applications. In 

this approach, convolution is divided into two steps: 

depthwise and pointwise operations. This structure 

reduces computational cost while maintaining model 

performance, as used in MobileNet. In comparison to 

conventional convolutional neural networks, this design 

significantly reduces the number of parameters and 

computational load without sacrificing classification 

accuracy [12]. MobileNetV2 enhances this architecture 

by introducing linear bottlenecks and inverted residual 

blocks, which improve feature representation while 

maintaining computational efficiency [4]. 

 

B. Model Compression Techniques for 

Edge Deployment 

 

To optimize deep learning models for edge 

deployment, model compression strategies have 

been extensively studied in addition to efficient 

architecture design [3], [24]. Two of the most 

popular compression methods are pruning and 

quantization. By removing unnecessary or less 

important parameters from trained neural networks, 

pruning approaches lower model complexity and 

computational overhead [3]. Pruning improves the 

applicability of models for deployment on devices 

with limited resources by eliminating unnecessary 

weights, which also speeds up inference. 

 

C. Research Gap 

 

There are few studies that provide a thorough 

comparison of several lightweight architectures 

along with an assessment of pruning and 

quantization effects under identical experimental 

conditions [4], [5], [6], [3], [24]. Previous research 

has looked at lightweight neural network 

architectures and model compression techniques 

separately. While many previous studies focus on 

architectural improvements or dataset-specific 

evaluations, they frequently neglect to thoroughly 

investigate how compression techniques impact the 

trade-off  between inference latency and 

classification accuracy. 

 

The current study uses a single experimental 

methodology to systematically evaluate 

MobileNetV2, SqueezeNet, and EfficientNet-B0 in 

order to close this gap [4], [5], [6]. The study also 

looks at how pruning and quantization affect model 

efficiency, inference delay, and classification accuracy 

in edge computing environments [3], [24], [8]. 

 

III. METHODOLOGY 
 

A. Dataset 

 

The CIFAR-10 dataset, a well used benchmark for 

assessing image classification algorithms, was used in 

this study's tests [2]. Ten classes airplane, automobile, 

bird, cat, deer, dog, frog, horse, ship, and truck make up 
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the dataset's 60,000 color photos, each with a resolution 

of 32 by 32 pixels. The CIFAR-10 dataset consists of 

60,000 images, out of which 50,000 are used for training 

and 10,000 are reserved for testing. To allow for model 

evaluation during training, the training set in this study 

was further split into training and validation subsets. In 

particular, the model was trained using 80% of the 

training data (40,000 photos) and validated using the 

remaining 20% (10,000 images). The test set, which 

included 10,000 photos, was retained for the models' 

final performance assessment. 

 

Therefore, the dataset employed in the experiments 

comprises: 

 
Table I. Distribution Of The Cifar-10 Dataset Used In The 

Experimental Setup 

 

Dataset Images 

Training 40,000 

Validation 10,000 

Testing 10,000 

 

By training, validating, and evaluating models on distinct 

datasets, this data split prevents overfitting and ensures a 

reliable assessment of performance. 

 

B. Data Preprocessing 

 

The dataset was prepared for deep learning using a 

number of preprocessing processes before the model was 

trained. To meet the input size requirements of 

pretrained convolutional neural network architectures, the 

photos were first scaled to a resolution of 224 x 

224 [27]. In order to preserve uniform pixel distributions 

across the dataset, the images were then transformed into 

tensors and normalized. Pretrained models may 

efficiently extract significant visual features from the 

dataset thanks to these preprocessing procedures, which 

also improve training stability [1], [28]. 

 

C. Exploratory Data Analysis 

 

To find out how photos are distributed throughout the 

different classes in the dataset, we used exploratory data 

analysis (EDA). The dataset is evenly distributed 

throughout all ten categories, preventing any one class 

from controlling the training process, according to the 

class distribution study [2]. To confirm that samples are 

evenly distributed throughout all categories, a class 

distribution graphic was made. In order to provide 

balanced training data and trustworthy model evaluation 

in image classification tasks, such preliminary  data  

analysis  is  crucial  [1]. 

 

 

Fig. 1. Class distribution of the CIFAR-10 dataset 

showing balanced representation across all ten 

categories. 

 

D. Lightweight Model Selection 

 

To assess the performance of efficient neural network 

architectures in edge computing environments, three 

lightweight convolutional neural network models were 

chosen. 

 

• MobileNetV2 

• SqueezeNet 

• EfficientNet-B0 

 

By using depthwise separable convolutions, inverted 

residual blocks, and linear bottlenecks, MobileNetV2 

dramatically lowers computational cost while 

maintaining good classification performance [4], [12]. By 

using fire modules that combine squeeze and expand 

layers to reduce parameters while preserving 

representational capacity, SqueezeNet reduces model  

size  [5]. 

 

In order to improve classification accuracy while 

maintaining computational efficiency, EfficientNet- B0 

employs a compound scaling technique that balances 

network depth, width, and input resolution [6], [14]. 

 

E. Model Training 

 

The cross-entropy loss function for multi-class 

classification and the AdamW optimizer (learning rate: 

0.001) were used to train each model. Using GPU 

acceleration whenever feasible, the models were trained 

over several epochs with a batch size of 32. A popular 

strategy in deep learning-based image classification 

systems, backpropagation was used to adjust model 

parameters during training in order to minimize 

classification loss [1], [28]. 

 

F. Model Compression Techniques 

 

We used two compression methods, pruning and 

quantization, to improve model deployment efficiency in 

edge contexts. 

 

Pruning: 

By removing less important weights from neural 

networks, pruning lowers the complexity of the model. 

30% of the weights in the convolutional layers were 

eliminated in this work using L1-based structured 

pruning. Deep neural networks have made extensive use 

of pruning approaches to minimize model size and 

computational demands [3]. 
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Quantization: 

By converting floating-point weights into lower- 

precision representations, like 8-bit integers, quantization 

reduces numerical precision. On hardware that can do 

low-precision calculations, this technique can improve 

inference speed and reduce memory consumption [24]. 

 

IV. RESULTS AND ANALYSIS 
 

The experimental assessment of lightweight deep neural 

network topologies for image classification using the 

CIFAR-10 dataset is presented in this part [2]. Model 

size, architectural complexity, inference latency, and 

classification accuracy are used to assess the models. 

Furthermore, model compression methods like 

quantization and pruning are used to examine their effects 

on computing efficiency and model performance [3], 

[24]. Finding the architecture that offers the best balance 

between computational efficiency and predictive 

performance for deployment in resource-constrained 

edge contexts is the aim of this evaluation [8], [22]. 

 

A. Baseline Model Performance 

 

Pretrained versions of the following lightweight neural 

network architectures were used for the baseline 

evaluation: 

 

• MobileNetV2 [4] 

• SqueezeNet [5] 

• EfficientNet-B0 [6] 

 

Because of their effectiveness and adaptability for 

deployment on edge devices, these architectures were 

chosen. The models' classification performance and 

computational efficiency were assessed using the 

validation set after they were refined on the CIFAR- 10 

dataset. 

 

Table II. Baseline Performance Of Evaluated 

Lightweight Architectures. 

 

Model Accuracy Latency 

MobileNet 86.91 2.601 

SqueezeNet 59.06 0.918 

EfficientNet 92.06 3.388 

 

According to the testing results, EfficientNet-B0 

demonstrated a good feature extraction capability, 

achieving the best classification accuracy of 92.06% 

[6]. In contrast to previous lightweight networks, this 

model also had the highest inference delay among the 

assessed topologies, suggesting greater computing 

complexity. On the other hand, SqueezeNet's compact 

architecture and fewer parameters allowed it to reach 

the fastest inference time [5]. SqueezeNet 

demonstrated a discernible decline in classification 

performance when compared to the other models, 

despite this computational benefit. 

 

Conversely, MobileNetV2 showed a fair trade-off 

between computing efficiency and prediction accuracy 

[4]. It maintained a much shorter inference latency 

while maintaining good classification performance, 

even though its classification accuracy was marginally 

lower than EfficientNet-B0. Because of this 

equilibrium, MobileNetV2 is especially well- suited for 

real-time inference in edge computing contexts with 

limited resources. 

 

Fig. 2. Confusion matrix illustrating class-level 

prediction performance on the CIFAR-10 dataset. 

 

MobileNetV2 Performance: 

 

With a classification accuracy of 86.91%, MobileNetV2 

showed excellent performance with a comparatively 

modest model size. When compared to conventional 

convolutional neural networks, MobileNetV2's 

architectural design, which makes use of depthwise 

separable convolutions to dramatically reduce 

computational cost, is one of its  

main advantages [4], [12]. 

 

This architectural approach reduces the amount of 

parameters and necessary computations while allowing 

the model to perform effective feature extraction. 

Consequently, MobileNetV2 provides a useful balance 

between computing efficiency and classification 

accuracy. 

 

Because of these features, MobileNetV2 is especially 

well suited for deployment on edge devices with 

moderate computational restrictions, where it is crucial to 

strike a compromise between resource efficiency and 

predictive performance [8], [22]. 

 

SqueezeNet Performance: 

 

Compared to the other architectures assessed in this 
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study, SqueezeNet's classification accuracy of 59.06% is 

noticeably lower. The model's capacity to capture 

complex visual elements in the dataset is limited by the 

aggressive reduction in parameters, despite its high 

memory use and parameter count efficiency [5]. 

 

Because of its incredibly compact construction, 

SqueezeNet offers a substantial advantage despite its 

somewhat lower predicted accuracy. The model is ideal 

for memory-constrained applications because it was 

particularly created to dramatically reduce the amount of 

parameters while retaining acceptable performance [5]. 

 

Consequently, SqueezeNet remains a viable option for 

implementation in severely resource-constrained edge 

devices, where achieving quick inference speeds and 

reducing memory usage are more important than 

optimizing classification accuracy [8][22]. 

 

EfficientNet Performance: 

 

When compared to the other architectures assessed in this 

study, EfficientNet-B0 demonstrated its superior 

capacity to extract significant visual information, with the 

greatest classification accuracy of 92.06% [6]. Its 

compound scaling strategy, which methodically raises 

network depth, width, and input resolution to enhance 

predictive performance while preserving computing 

efficiency, is responsible for this performance advantage 

[6], [14]. 

 

Nevertheless, compared to the previous lightweight 

systems, the enhanced predictive capability comes at the 

expense of higher computational complexity and greater 

inference latency. Because of this, even if EfficientNet-

B0 yields the most accurate classification results, its 

implementation can be restricted in settings with stringent 

latency constraints or limited processing resources.  

 

In these situations, the trade-off between computing 

efficiency and forecast accuracy becomes crucial when 

choosing an appropriate edge computing applications [8], 

[22]. 

 

 
 

Fig. 3. Baseline classification accuracy comparison of 

MobileNetV2, SqueezeNet, and EfficientNet-B0 on the 

CIFAR-10 dataset. 

 

B. Inference Latency Analysis  

 

Inference latency is a crucial performance parameter for 

edge computing applications that need to make decisions 

in real time. It calculates how long it takes a trained 

model to digest incoming data and produce predictions. 

Maintaining low inference latency is crucial for 

responsive and effective system operation in edge 

contexts, where processing power and computational 

resources are constrained [8], [22]. 

 

Deep learning models can support real-time applications 

like intelligent surveillance, autonomous systems, and 

mobile vision tasks by lowering inference latency. Thus, 

assessing inference latency in addition to classification 

accuracy offers a more thorough knowledge of a model's 

appropriateness for implementation in edge computing 

situations with limited resources. 

 

MobileNetV2 Latency: 

 

MobileNetV2's balanced design between computational 

economy and predictive performance is seen in its 

reasonable inference latency. When compared to 

conventional convolutional neural networks, the 

architecture's use of depthwise separable convolutions 

drastically lowers the number of calculations [4], [12].  

 

MobileNetV2 is able to maintain good classification 

performance while maintaining comparatively rapid 

inference because to this design. Because of this, 

MobileNetV2 is a good choice for deployment in edge 

devices with little processing power, where 

computational economy and accuracy are crucial factors 

[8], [22]. 

 

SqueezeNet Latency: 

 

SqueezeNet has the lowest inference latency of all the 

designs that were assessed. Faster processing of input 

images while inference is made possible by its compact 

architecture and substantially lower parameter count [5]. 

Because of these features, SqueezeNet is especially well 

suited for real-time applications on embedded systems 

with limited processing capability and low-power 

Internet of Things devices. Its incredibly small model 

size and quick inference speed make it useful for 

extremely resource-constrained edge situations, even 

though its classification accuracy is worse than the other 

models [5], [8]. 
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EfficientNet Latency: 

 

Because EfficientNet-B0 has a deeper architecture and 

more parameters than the other models, it showed the 

highest inference delay. Although its compound scaling 

technique enhances classification accuracy and feature 

representation, the increased architectural complexity 

results in higher processing demands during inference 

[6], [14]. As a result, inference times are longer than those 

of the other lightweight architectures. Even though 

EfficientNet-B0 offers better predictive performance, its 

application can be restricted in edge computing scenarios 

where quick response times and minimal processing 

overhead are essential. 

 

Fig. 4. Comparison of inference latency across baseline,   

pruned,   and   quantized   models. 

 

 

C. Impact of Model Compression Techniques 

 

The assessed architectures were further optimized for 

deployment in edge computing contexts using pruning 

and quantization as model compression techniques. 

These techniques seek to maintain reasonable predictive  

performance  while  lowering  model complexity, 

memory utilization, and computing demands [3], [24]. 

 

Fig. 5. Classification accuracy comparison across 

baseline,  pruned,   and   quantized   models. 

 

Effect of Pruning: 

 

30% of each model's least important convolutional 

weights were eliminated by pruning. Following 

trimming, the following outcomes were noted: 

 

• MobileNetV2  accuracy  decreased  from 

86.91% to 51.91% 

• SqueezeNet achieved 57.36% accuracy 

• EfficientNet-B0 maintained relatively strong 

performance with 85.33% accuracy 

 

According to these findings, pruning can greatly 

simplify models, but depending on the design, it may 

also result in a discernible decline in performance. The 

accuracy of MobileNetV2 was significantly reduced, 

indicating that severe pruning may be detrimental to 

designs with constrained parameter capacity. 

EfficientNet-B0, on the other hand, maintained a 

somewhat better accuracy, suggesting more resistance to 

parameter reduction 

 

Effect of Quantization: 

 

Floating-point weights were converted into lower- 

precision representations, like 8-bit integers, in order to 

implement quantization. On hardware that can do low-

precision calculations, this method greatly lowers 

memory consumption and increases computing 

efficiency [24]. 

 

According to the experimental findings, quantization 

yielded accuracy values that were comparable to those 

found in this implementation following trimming. 

Predictive performance may be adversely affected by 

excessive precision reduction, even though quantization 

increases model size and memory efficiency. 

 

Table III. Accuracy Comparison Before And After 

Compression 

 

Model Baseline 

Accurac 

y (%) 

Pruned 

Accurac 

y (%) 

Quantize 

d 

Accuracy 

(%) 

MobileNetV2 86.91 51.91 51.91 

SqueezeNet 59.06 57.36 57.36 

EfficientNet- 

B0 

92.06 85.33 85.33 

 

The results demonstrate that although model 

compression techniques improve computational 

efficiency, they can also introduce trade-offs in 

predictive performance depending on the architecture 

and compression level. 
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D. Accuracy vs Model Size Trade-off 

 

One of the most important factors to take into account 

when implementing deep learning models in edge 

computing settings is model size. Strict memory 

limitations are common in devices like embedded 

systems, cellphones, and Internet of Things sensors. 

Consequently, it is important to choose designs that offer 

robust predictive performance while preserving small 

model sizes [8], [22]. 

 

The association between model size and classification 

accuracy for MobileNetV2, SqueezeNet, and 

EfficientNet-B0 was assessed in this study. 

 

SqueezeNet, which needed about 2.98 MB of storage, 

showed the smallest model size. Fire modules and 

massive 1x1 convolutions, which drastically lower 

parameter counts without sacrificing representational 

capabilities, are used to accomplish this small 

architecture [5]. 

 

MobileNetV2 demonstrated good classification accuracy 

with a moderate model size of roughly 9.18 MB. 

Depthwise separable convolutions, which significantly 

lower computing costs while maintaining efficient feature 

extraction capabilities, are used in its architecture [4], 

[12]. 

 

Out of all the studied architectures, EfficientNet-B0 

required the highest model size, at 16.37 MB. In order to 

attain improved prediction accuracy, its compound 

scaling technique balances network depth, width, and 

input resolution; however, this comes at the expense of 

increased computational complexity [6], [14]. 

 

Table IV. Model Size And Accuracy Comparison For 

Lightweight Architectures. 

 

Model Accuracy 

(%) 

Model Size 

(MB) 

MobileNetV2 86.91 9.18 

SqueezeNet 59.06 2.98 

EfficientNet- B0 92.06 16.37 

 

 
 

Fig. 6. Relationship between model size and classification 

accuracy. 

 

E. Model Architecture Complexity 

 

The appropriateness of deep learning models for practical 

applications is influenced by architectural complexity in 

addition to model size and accuracy. The number of 

trainable parameters, which directly affects computational 

cost, memory utilization, and inference time, is commonly 

used to quantify model complexity. 

 

With roughly 740,554 parameters, SqueezeNet showed the 

least amount of complexity among the assessed designs. 

Although it restricts the model's capacity to identify 

intricate visual patterns in the dataset, this decreased 

parameter count helps to speed up inference times and use 

less memory [5]. 

 

With almost 2.23 million parameters, MobileNetV2 

showed a moderate level of complexity. Depthwise 

separable convolutions, which divide conventional 

convolution operations into depthwise and pointwise 

convolutions, are used in its architecture. This method 

preserves strong feature extraction capabilities while 

drastically lowering computational costs [4], [12]. 

 

With over 4.02 million parameters, EfficientNet-B0 had 

the most architectural complexity. The model may learn 

richer feature representations and capture more intricate 

spatial relationships inside images thanks to the increased 

number of parameters, which improves classification 

accuracy [6]. 

 

Table V. Number Of Trainable Parameters In The 

Evaluated Architectures. 

 

Model Parameters 

MobileNetV2 2,236,682 

SqueezeNet 740,554 
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EfficientNet-B0 4,020,358 

 

F. Analysis 

 

The experimental findings show that choosing a suitable 

architecture for edge deployment necessitates striking a 

balance between a number of performance criteria, such 

as model size, architectural complexity, inference 

latency, and classification accuracy. 

 

In the majority of evaluation metrics, MobileNetV2 

continuously showed balanced performance. 

MobileNetV2 offers a good balance between 

computational efficiency and predictive performance 

with an accuracy of 86.91%, a reasonable model size, and 

comparatively low inference latency. It maintains high 

classification capabilities while drastically reducing 

computing overhead through the use of depthwise 

separable convolutions [4], [12]. 

 

SqueezeNet is very effective for deployment on low- 

power edge devices because it showed the smallest model 

size and fastest inference time. Lower classification 

accuracy is the result of its aggressive parameter 

reduction, which restricts its capacity to catch intricate 

visual features [5]. 

 

EfficientNet-B0 demonstrated better feature extraction 

capacity by achieving the greatest classification 

accuracy. However, adoption in contexts with stringent 

latency and resource constraints may be limited due to its 

higher model size and increased computing complexity 

[6], [14]. 

 

The trade-offs between efficiency and performance are 

further highlighted by the use of model compression 

techniques. Excessive compression may result in 

discernible decreases in classification accuracy, 

especially in designs with limited parameter capacity, 

even while pruning and quantization effectively reduce 

model complexity and memory consumption [3], [24]. 

 

Overall, the results demonstrate that MobileNetV2 offers 

the best useful mix between predictive performance and 

efficiency, which makes it ideal for real-time edge AI 

applications. 

 

 

 

 

 

 

 

 

 

 

Table VI. Overall Performance Comparison Of 

Lightweight Architectures Under Baseline And 

Compression Techniques. 

 

Mode 

l 

Bas 

elin 

e 

Acc 

ura 

cy 

Pru 

ned 

Acc 

ura 

cy 

Qua 

ntize 

d 

Acc 

urac 

y 

Bas 

elin 

e 

Lat 

enc 

y 

Pru 

ned 

Lat 

enc 

y 

Qua 

ntize 

d 

Late 

ncy 

Mobil 86.9 51.9 51.9 2.6 2.5 3.39 

eNetV 1 1 1 0 3  

2       

Squee 59.0 57.3 57.3 0.9 0.9 1.84 

zeNet 6 6 6 1 6  

Effici 92.0 85.3 85.3 3.3 2.8 5.50 

entNe 6 3 3 8 4  

t-B0       

 

V. CONCLUSION 
 

The performance of lightweight deep neural network 

designs for use in edge computing environments— 

where memory, processing power, and energy 

consumption are frequently constrained—was examined 

in this study. The main goals were to assess how model 

compression methods affect deployment efficiency and 

to examine the trade-off between inference latency and 

classification accuracy among lightweight models. The 

CIFAR-10 dataset was used to assess three 

architectures—MobileNetV2, SqueezeNet, and 

EfficientNet-B0—under the same experimental setup. 

 

This study looked at the performance of lightweight deep 

neural network designs for usage in edge computing 

contexts, where memory, processing power, and energy 

consumption are often limited. The primary objectives 

were to evaluate the impact of model compression 

techniques on deployment efficiency and investigate the 

trade-off between inference latency and classification 

accuracy in lightweight models. Three architectures— 

MobileNetV2, SqueezeNet, and EfficientNet-B0— were 

evaluated using the CIFAR-10 dataset in the same 

experimental configuration. 

 

MobileNetV2 achieved competitive classification 

performance while preserving effective computational 

requirements by offering a balanced trade-off between 

accuracy, model size, and inference speed. Because of this 

combination, MobileNetV2 is especially well- suited for 

real-time edge AI applications where resource efficiency 

and predictive performance are crucial. 

 

Additionally, the study looked at the effects of model 

compression methods including quantization and 

pruning. The results show that extreme compression may 
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result in discernible decreases in classification accuracy, 

even if these methods can successfully reduce computing 

complexity and model size. Therefore, in order to retain 

acceptable model performance, rigorous optimization is 

required when implementing compression approaches. 

Overall, the results highlight how crucial it is to choose 

suitable lightweight architectures in edge computing 

environments depending on particular application 

requirements. This work offers useful insights for 

creating effective deep learning systems that can support 

real-time artificial intelligence applications on devices 

with limited resources by methodically examining the 

trade-offs between accuracy, latency, model size, and 

architectural complexity. 

 

VI. FUTURE  APPLICATIONS  AND 

RESEARCH DIRECTIONS 
 

Artificial intelligence models may now be deployed on 

resource-constrained devices like smartphones, 

embedded systems, and Internet of Things (IoT) 

platforms thanks to the quick development of edge 

computing and lightweight deep learning architectures. 

Deploying conventional deep learning models on edge 

devices is challenging due to limited memory and 

processing power. Efficient neural network architectures 

like MobileNetV2, SqueezeNet, and EfficientNet-B0 

have been created to overcome this difficulty by 

achieving competitive accuracy with lower 

computational complexity and smaller model sizes [4], 

[5], [7], and [8]. 

 

To increase the effectiveness of deep learning models for 

edge deployment, optimization strategies like pruning, 

quantization, and parameter reduction have been 

extensively investigated in addition to architectural 

enhancements [3]. These methods enable quicker 

inference on embedded and mobile devices by reducing 

model size, computational overhead, and energy 

consumption. The capacity of deep learning models to 

function effectively in real-time situations has also been 

enhanced by recent advancements in hardware-aware 

neural architecture design and specialized edge AI 

accelerators [18]. 

 

Even with these developments, there are still a number 

of issues, such as inference latency, energy efficiency, 

hardware constraints, and effective data processing. In 

order to enable scalable and dependable edge 

intelligence systems, these issues must be resolved. 

Lightweight deep learning models are anticipated to 

be crucial in enabling real-time and privacy-preserving 

artificial intelligence systems as edge computing 

continues to grow across domains like mobile 

applications, IoT networks, and smart infrastructure 

[11], [17]. 

 

Potential application fields where intelligent edge 

systems can be enabled by lightweight deep learning 

architectures are highlighted in the following 

subsections. 

 

A. Real-Time AI on Smartphones 

Modern smartphones are increasingly equipped with 

mobile machine learning frameworks and dedicated 

neural processing units (NPUs) that can do on-device 

inference. Lightweight neural network designs enable 

real-time computer vision and audio processing tasks to 

be performed directly on mobile devices without 

requiring cloud-based computation [4], [5]. 

 

Typical uses include facial recognition software, 

augmented reality apps, mobile picture classification, 

and intelligent camera functions like object and scene 

identification. By performing inference locally on 

smartphones, these models reduce reliance on internet 

access, improve user privacy, and reduce network 

latency. 

 

B. Intelligent IoT Systems 

The integration of deep learning with IoT devices has 

opened up new opportunities for intelligent data 

processing at the network edge. IoT devices often have 

limited energy, processing, and memory capacities. 

Lightweight neural network topologies provide a 

workable solution to provide machine learning 

capabilities within these constraints [17]. 

 

Applications include environmental monitoring 

networks, smart home automation systems, industrial 

monitoring sensors, and precision agricultural platforms. 

For example, IoT sensors equipped with lightweight 

neural networks could assess sensor data in real time to 

help with equipment problems, abnormalities, and 

predictive maintenance plans. 

 

C. Autonomous and Robotic Systems 

Deep learning's integration with IoT devices has opened 

up new opportunities for intelligent data processing at the 

network edge. IoT devices often have limited energy 

resources, computing power, and memory capacity. 

Lightweight neural network topologies provide a useful 

means of enabling machine learning capabilities within 

these constraints [17]. 

 

Applications include smart home automation systems, 

environmental monitoring networks, industrial 

monitoring sensors, and precision agricultural platforms. 

For example, IoT sensors equipped with lightweight 

neural networks may analyze sensor data in real time to 

help with equipment problem identification, anomaly 

detection, and predictive maintenance planning. 
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D. Healthcare and Wearable Technologies 

 

For instance, drones used in aerial surveillance or delivery 

services need to interpret visual data in real time in order 

to identify things, detect impediments, and navigate 

safely. Thanks to efficient neural architectures, these 

systems can perform complex perceptual tasks locally 

without relying on remote cloud-based processing 

infrastructure. 

 

Similar to this, mobile robots in logistics and warehouse 

automation use computer vision algorithms to carry out 

tasks including obstacle avoidance, object detection,  and  

navigation.  Lightweight  neural networks enable these 

systems to efficiently complete certain tasks while 

operating with little hardware. 

 

E. Smart City Infrastructure 

 

In order to monitor urban settings and enhance public 

services, smart city systems rely on vast networks of 

sensors, cameras, and linked devices. Lightweight neural 

networks enable edge-based AI to analyze massive 

amounts of data locally, lowering latency and enhancing 

overall system responsiveness [11]. 

 

Applications include public safety surveillance systems, 

intelligent traffic monitoring systems, smart parking 

solutions, and environmental pollution monitoring. For 

instance, traffic cameras with lightweight deep learning 

models can help optimize traffic flow throughout urban 

regions by analyzing vehicle movement patterns in real 

time. 

 

F. AI Deployment in Low-Resource Environments 

 

In settings with limited internet connectivity, 

computational equipment, and energy resources, 

lightweight deep learning models are especially useful. 

Edge AI systems can operate efficiently even in remote 

or resource-constrained environments by enabling local 

inference [17]. 

 

Potential uses include disaster response systems, AI- 

assisted instructional tools, offline language translation 

systems, and rural healthcare diagnostics. For instance, 

without depending on cloud-based medical 

infrastructure, portable diagnostic devices using 

lightweight neural networks can help medical personnel 

identify illnesses in remote areas. 

 

The growth of inclusive digital ecosystems and the 

accessibility of intelligent technologies are greatly 

increased when artificial intelligence solutions can be 

implemented in low-resource situations. 
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