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Abstract	

For	mobile	 devices,	 recognizing	 plant	 leaves	 in	 real	 time	 is	 an	 important	 task.	 But	
traditional	convolutional	neural	networks	are	not	good	at	 this	 task.	They	 struggle	 to	
work	 fast	 enough	 on	 these	 devices.	 To	 fix	 this	 problem,	 this	 paper	 looks	 into	
optimization	methods	for	lightweight	convolutional	neural	networks.	The	paper	picks	
three	 baseline	models:	MobileNetV2,	 ShuffleNetV2,	 and	 EfficientNet‐B0.	 It	 also	 uses	
several	 compression	 techniques,	 such	 as	 knowledge	 distillation,	 pruning,	 and	
quantization.	Along	with	 structural	 improvements,	 these	methods	 help	 build	 lighter	
models.	The	paper	tests	these	models	on	the	Flavia	dataset.	The	results	are	clear.	The	
optimized	model	reaches	a	Top‐1	accuracy	of	97.51%.	Its	parameter	count	drops	to	1.4M.	
The	model	size	is	reduced	by	75%.	And	its	inference	speed	becomes	much	faster,	which	
meets	the	needs	of	mobile	devices.	
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1. INTRODUCTION	
Traditional recognition methods for plant leaves rely on manual feature extraction, such as 

shape and texture. These methods are inefficient, subjective, and have limited generalization 
ability. Plant leaf recognition is a key task for smart classification, pest diagnosis, and ecological 
surveys. To overcome the drawbacks of traditional approaches, deep learning has become a 
powerful alternative. In recent years, it has made great progress in image classification. 
Convolutional neural networks, in particular, can automatically learn high-level semantic 
features and thus improve the accuracy of leaf recognition [1]. 

Currently, models like MobileNet, ShuffleNet, and EfficientNet perform well on general image 
classification tasks. They reduce model size and computation cost a lot while keeping high 
accuracy. They do this by improving convolution structures, cutting down the number of 
channels, and simplifying network layers. So they offer a useful solution for visual tasks on 
mobile devices.  

But for plant leaf recognition, these models still have some shortcomings. Most of them are 
general designs and are not made for fine details like leaf veins and serrated edges. Also, there 
is always a trade-off between making the model lightweight and keeping its recognition 
accuracy. 

This paper works on plant leaf recognition for mobile devices. It has three main questions to 
answer. First, it checks how well the current lightweight CNNs perform on leaf recognition and 
for which use cases they are suitable. Second, it looks at ways to make these models better. That 
means improving accuracy and making them work well on mobile devices. This is done by 
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changing network structures and using compression techniques. Third, it tests the improved 
model to see if it can meet real mobile needs in terms of accuracy, file size, and processing speed. 

To build a mobile plant leaf recognition model that balances accuracy and speed, this study 
uses three techniques: comparative experiments, structural improvements, and model 
compression. The experiments are run on the public Flavia leaf dataset. 

2. CURRENT	 STATUS	 OF	 LIGHTWEIGHT	 CONVOLUTIONAL	 NEURAL	
NETWORKS	IN	PLANT	LEAF	RECOGNITION	

2.1. Overview	of	Mainstream	Lightweight	Convolutional	Neural	Networks	

Lightweight convolutional neural networks achieve a balance between accuracy and 
efficiency. They do this by innovating convolution methods and optimizing network structures. 
Their main goal is to reduce computational complexity and adapt to mobile device power. 

MobileNetV2 adds inverted residual blocks and linear bottleneck layers to improve feature 
representation and work on low-power devices. The original MobileNet (V1) uses depthwise 
separable convolution as its key idea. This splits standard convolution into depthwise and 
pointwise convolution, so computation cost drops by 8–9 times and the number of parameters 
decreases a lot. Both versions come from Google's MobileNet series. 

Pointwise group convolution is the main way ShuffleNet reduces computation. But group 
convolution can isolate channel information. To fix this, ShuffleNet uses channel shuffling. In 
this way, it lowers the number of parameters and keeps high accuracy. So it works well for mid-
to-low-end mobile devices with very low computing power. 

For high-precision mobile leaf recognition, EfficientNet offers a useful option. Its core method 
is a compound scaling strategy. This strategy does not adjust only one dimension. It changes 
network depth, width, and input resolution all together. It also optimizes the ratio among these 
three dimensions. As a result, it achieves higher recognition accuracy with fewer 
parameters[2,3,4]. 

2.2. Advantages	and	Disadvantages	of	Existing	Methods	

Lightweight CNNs have two main advantages over traditional manual feature methods. First, 
they automatically learn deep features like texture, shape, and edges from leaf images. This 
removes the need for hand-designed features. So they generalize better and work well under 
different lighting, angles, and growth conditions. Second, they have much fewer parameters and 
lower computation cost than traditional CNNs. This makes them able to run on mobile devices. 
They can also adjust their network size based on the device's computing power. So they can fit 
different types of devices. 

Lightweight models for plant leaf recognition face three main problems in practice. First, 
most studies test only in labs. They ignore real mobile conditions like limited computing power, 
battery use, changing light, and complex backgrounds. So lab results often do not match 
real-world performance. Second, the models themselves have design flaws. Current lightweight 
networks are general image classifiers. They are not tuned for fine details like leaf veins, 
serrated edges, or shape outlines. This leads to poor accuracy for leaves of closely related 
species. Third, there is a basic trade-off between being lightweight and keeping accuracy. Very 
light models lose too much accuracy. High-accuracy models cannot run in real time on mobile 
devices. So it is hard to achieve both practicality and good recognition results[5]. 

3. OPTIMIZATION	STRATEGIES	FOR	LIGHTWEIGHT	CNN	MODELS	
To address the problems of insufficient fine-grained feature extraction, difficulty in balancing 

lightweighting and accuracy, and poor mobile adaptability of existing lightweight models in 
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plant leaf recognition, this paper constructs a dual optimization framework of structural 
improvement + model compression to enhance model performance from three dimensions: 
feature enhancement, network simplification, and model compression. 

3.1. Network	Structural	Improvement	

3.1.1 Fine-Grained Feature Enhancement Module 
Targeting fine-grained features such as leaf vein texture and serrated margins, leaf vein 

texture enhancement modules and leaf margin feature capture modules are newly added and 
embedded into the middle-level feature extraction stage of the network to precisely enhance 
the representation of key features. 

(1) Leaf Vein Texture Enhancement Module: It adopts 3×3 small-kernel depthwise separable 
convolution combined with 1×3 and 3×1 multi-scale convolution to capture leaf vein texture 
details from horizontal and vertical dimensions; paired with a lightweight SE channel attention 
module, it adaptively strengthens important feature channels and suppresses invalid channels 
without additional computational burden, significantly improving the distinguishability of leaf 
vein features. 

(2) Leaf Margin Feature Capture Module: It uses dilated convolution with dilation rates of 2 
and 4 to expand the receptive field without increasing kernel size and computational complexity, 
accurately capturing edge features such as serrated margins and contours, solving the problem 
that small kernels have insufficient receptive fields and struggle to capture global edge 
features[6]. 

3.1.2 Network Structural Simplification 
On the basis of feature enhancement, redundant network structures are simplified to 

significantly reduce the number of parameters. 
(1) Simplify redundant high-level convolutional and pooling layers, reducing unnecessary 

feature dimensionality reduction operations to avoid the loss of fine-grained features. 
(2) Use global average pooling and 1×1 convolution instead of fully connected layers. This 

cuts the number of parameters by over 90% and keeps global feature information. 
(3) Use the normal 224×224 size for leaf images. Also reduce the number of downsampling 

steps. This stops fine details like leaf edges and textures from being lost due to too much 
downsampling. 

3.2. Model	Compression	Technology	

To further reduce model size and speed up inference, we apply three compression techniques 
after improving the network structure. These are knowledge distillation, channel pruning, and 
INT8 weight quantization. They help us keep accuracy loss within a controlled range[7]. 

3.2.1 Knowledge Distillation 
To improve the lightweight model's recognition accuracy, we use a teacher–student 

distillation strategy. The teacher is EfficientNet-B0, a high-accuracy model with a large number 
of parameters. The student is MobileNetV2, which has been improved in structure. The student 
learns from the teacher during training. As a result, the lightweight model achieves better 
accuracy. 

To help the student model capture correlation information between classes, it should learn 
not only the true labels but also the class probability distribution from the teacher. So we choose 
a soft label distillation method. The loss function combines cross-entropy loss and KL 
divergence with weighted terms, and we set the temperature to 10. This lets the student learn 
from both sources. Experiments show this approach can boost the student's accuracy by 2%–
3% without adding more parameters or computation. 
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3.2.2 Channel Pruning 
An L1 regularization iterative pruning strategy is adopted to address convolutional layer 

channel redundancy, with differentiated pruning rates set by layer: low-level convolutional 
layers extract basic texture features with a pruning rate of 5%–10%; middle and high-level 
convolutional layers extract advanced semantic features with higher redundancy and a pruning 
rate of 10%–20%. 

A pruning–fine-tuning iterative mode is adopted: after pruning 5% of channels each time, the 
model is fine-tuned with a small learning rate to repair accuracy loss caused by pruning. 
Ultimately, the number of model parameters can be reduced by 30%–40%, computational 
complexity by 25%–35%, with accuracy loss controlled within 1%–2%. 

3.2.3 INT8 Weight Quantization 
A combined scheme of post-training quantization and quantization-aware training is adopted 

to convert the model’s 32-bit floating-point weights into 8-bit integers, significantly reducing 
model size and improving inference speed. 

(1) Post-training Quantization: Directly convert the weights of the trained 32-bit floating-
point model to INT8 without retraining, reducing model size by 75% and inference speed is 
improved by 2-3 times, but causing certain accuracy loss. 

(2) Quantization-Aware Training: Simulate quantization errors and adapt to accuracy 
deviations caused by quantization in advance during training, fine-tuning model parameters to 
control accuracy loss within 1%–2%, balancing model size, speed, and accuracy. 

The three compression technologies are combined in the order of distillation → pruning → 
quantization, with superimposed compression effects and overall accuracy loss controlled 
within 5%, achieving the optimal balance between lightweighting and high accuracy. 

4. EXPERIMENTAL	RESULTS	AND	ANALYSIS	

4.1. Experimental	Setup	and	Dataset	

4.1.1 Dataset 
To improve the model's generalization, we apply data augmentation: random rotation (0–

360°), horizontal flipping, and random changes in brightness and contrast. These simulate leaf 
images taken under different angles and lighting. We then split the dataset into training, 
validation, and test sets at a ratio of 8:1:1. The Flavia leaf dataset used in the experiment has 
4,248 images of 32 common plants, with simple backgrounds and clear leaf contours. This 
makes it well suited for fine-grained leaf feature recognition research. 

4.1.2 Experimental Environment and Parameter Settings 
The training uses a batch size of 32, an initial learning rate of 0.001, and the AdamW optimizer. 

The maximum number of epochs is 50, and early stopping is applied: training halts if the 
validation loss does not decrease for 5 consecutive epochs. The experiments run on an NVIDIA 
RTX 3060 GPU with 16GB memory, using PyTorch 2.0 as the deep learning framework. The 
model performance is evaluated by Top-1 accuracy, parameter count, model size, and inference 
speed. 

4.2. Performance	Comparison	of	Baseline	Models	

To compare their performance, we select three baseline models: MobileNetV2, ShuffleNetV2, 
and EfficientNet-B0. All of them are trained and tested under the same experimental conditions. 
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Table	4‐2.	Performance Comparison of Baseline Models 

Model Top-1 Accuracy Parameters (M) 

MobileNetV2 88.51% 2.35 
ShuffleNetV2 87.40% 1.36 

EfficientNet-B0 81.88% 4.14 

 
Among the three lightweight models, ShuffleNetV2 has the fewest parameters (1.36M) but 

the lowest accuracy (87.40%). EfficientNet-B0 has the most parameters (4.14M) but its 
accuracy is only 81.88%. MobileNetV2 achieves 88.51% accuracy with 2.35M parameters. 

4.3. Performance	of	the	Optimized	Model	

To significantly improve model performance, we apply four optimization methods to the base 
model MobileNetV2. These include structural improvement, knowledge distillation, channel 
pruning, and INT8 quantization. As a result, the optimized model performs much better than 
the original. 

 
Table	4‐3.	Comparison of Key Indicators Before and After Optimization 

Model Top-1 Accuracy Parameters (M) Model Size (MB) 

Original 
MobileNetV2 

88.51% 2.35 9.4 

Optimized Mode 97.51% 1.40 2.35 

 
The optimized model meets real-time mobile recognition requirements. On a Snapdragon 

870 Android phone, INT8 quantization makes inference about 2.5 times faster, and the inference 
time for one leaf image is about 15 ms. The model is also very lightweight. Its size drops from 
9.4MB to 2.35MB, a 75% reduction, and its parameter count falls from 2.35M to 1.40M, a cut of 
about 40%. This fits mobile storage limits. In addition, recognition accuracy improves a lot. 
Top-1 accuracy goes up from 88.51% to 97.51%, which is about a 9% gain. The training and 
validation accuracy curves rise steadily, and validation loss keeps decreasing. There is no 
overfitting, so the model has strong generalization. 

4.4. Result	Discussion	

For mobile plant leaf recognition, the optimized model reaches a Top-1 accuracy of 97% or 
higher. Its parameter count is no more than 1.5M, and its model size stays below 3MB. These 
numbers show that the model strikes a good balance. 

The optimized model has high accuracy, a lightweight design, and fast inference speed. These 
three features make it suitable for various mobile devices, from high-end to low-end. It also 
outperforms the baseline models in all these aspects. 

The recognition accuracy for very similar leaf species can still be improved. In addition, the 
validation is done only on the Flavia dataset, which has simple backgrounds, so real-world 
conditions like complex backgrounds, extreme lighting, and blurred leaves are not covered. Also, 
we have not measured inference time or power consumption on mobile devices. These are the 
main limitations of this research. 
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5. CONCLUSION	
To balance lightweight and high accuracy for mobile plant leaf recognition, we construct a 

dual optimization framework that includes structural improvement and model compression. 
We evaluate three baseline models – MobileNetV2, ShuffleNetV2, and EfficientNet-B0 – and 
select MobileNetV2 as the base model because it offers the best trade-off between accuracy and 
efficiency. In the structural improvement part, we embed special modules to extract vein and 
margin features and also simplify redundant network layers. In the compression part, we use 
knowledge distillation, channel pruning, and INT8 quantization to systematically reduce model 
size and computation. 

The optimized model has its parameter count reduced to 1.40M, and its model size cut by 
75%. Its inference speed becomes 2-3 times faster. Its Top-1 accuracy reaches 97.51% on the 
Flavia dataset, which is about 9% higher than the original MobileNetV2. 

To address the current shortcomings, future work will focus on three areas. First, we will 
introduce fine-grained feature fusion and multi-modal recognition to improve discrimination 
among closely related leaf species. Second, we will collect more diverse data, including complex 
backgrounds, extreme lighting, and blurred leaves, to enhance model robustness. Third, we will 
measure inference time and power usage on mobile devices to refine our deployment 
evaluation. 
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