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Abstract
To improve the accuracy of convolutional neural networks for image classifica-
tion, this study investigates network architectures and proposes a multi-model
fusion convolutional neural network. By extracting output feature vectors from
individual models and fusing them to obtain new output feature vectors, a single-
layer classifier is subsequently constructed for image classification, thereby en-
hancing classification accuracy. Comparative experiments between single mod-
els and multi-model fusion demonstrate that the multi-model fusion convolu-
tional neural network achieves improved classification accuracy. Additionally,
we analyze the weight distribution of the final fully connected layer in convolu-
tional neural networks, revealing that the weight distribution curves of the same
model on different datasets exhibit similarity, and that network models with su-
perior classification performance possess flatter weight distribution curves.
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Abstract: To improve the accuracy of image classification by convolutional neu-
ral networks, this paper investigates network structures and proposes a multi-
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model fusion convolutional neural network. By extracting output feature vectors
from individual models and fusing them to obtain new output feature vectors,
a single-layer classifier is then constructed for image classification, thereby im-
proving classification accuracy. A comparison between single-model and multi-
model fusion classification accuracy demonstrates that the multi-model fusion
convolutional neural network achieves higher classification accuracy. Further-
more, analysis of the weight distribution in the final fully connected layer of
convolutional neural networks reveals that the weight distribution curves of the
same model on different datasets are similar, and that network models with
better classification performance exhibit smoother weight distribution curves.

Keywords: convolutional neural network; multi-model fusion; feature vector;
feature extraction; weight distribution

0 Introduction
Image feature extraction and classification have always been fundamental and
important research directions in computer vision. Deep learning represents a
significant breakthrough in artificial intelligence over the past decade, with con-
volutional neural networks (CNNs) demonstrating remarkable effectiveness in
image classification. CNNs can mine abstract feature information from raw
input images, yielding feature representations with strong generalization capa-
bilities. In 1998, LeCun proposed the LeNet-5 network architecture [1], marking
the true emergence of CNNs, though this early CNN was only suitable for small
image recognition and performed poorly on large-scale data inputs.

In 2012, Krizhevsky et al. [2] designed the AlexNet convolutional neural network
structure, which won the ImageNet Large Scale Visual Recognition Challenge
(LSVRC), drawing increasing attention from researchers to CNNs. In 2014,
Szegedy et al. [3] increased CNN depth by proposing the GoogLeNet model
with over 20 layers. Simonyan et al. [4] investigated CNN depth and proposed
the VGGNet model, increasing network depth by continuously adding 3×3 con-
volution layers. In 2015, He et al. [5] proposed a residual network with 152 layers,
which won first place in the LSVRC-15 image classification competition. As con-
volutional neural network structures deepen, models require massive amounts
of training data. Due to limited dataset sizes, training networks suffers from
problems such as gradient dispersion and overfitting [6], leading to decreased
image classification accuracy. Researchers have proposed numerous solutions to
address these issues. In terms of network structure, methods such as changing
activation functions [7], introducing dropout layers [8], transfer learning, paral-
lel cross CNN models [9], and our previous work on cross-connections [10] have
been employed to improve models’feature expression capabilities and thereby
enhance image classification accuracy.

This paper first proposes a multi-model fusion convolutional neural network for
image classification. The dataset is trained using transfer learning [11] on several
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existing convolutional neural network models, and the output feature vectors
from the final fully connected layer of each trained model are extracted. Feature
vectors from multiple models are then fused, and the fused feature vectors un-
dergo Softmax classification to improve classification accuracy. Experimental
results validate the feasibility of this approach. Subsequently, the weight distri-
bution curves of the final fully connected layer for both single and multi-model
approaches are analyzed.

1 Multi-Model Fusion Convolutional Neural Network
Convolutional neural networks can directly input raw images, avoiding com-
plex preprocessing and eliminating the need for manual feature extraction, thus
demonstrating strong feature expression capabilities [12]. CNNs primarily con-
sist of convolutional layers, pooling layers, local response normalization (LRN)
layers [13], fully connected layers, and Softmax classification layers, with convo-
lutional and pooling layers being essential components. The training process of
CNNs 主要包括前向传播和反向传播两个过程 [14], primarily learning network parame-
ters such as convolution kernel parameters in convolutional layers and inter-layer
connection weights.

1.1.1 AlexNet Model

The AlexNet model addressed the limitation of previous CNNs that could only
handle small-sized image inputs and demonstrated the effectiveness of CNNs
under complex models. Compared to traditional CNNs, AlexNet introduced
improvements in network architecture, activation functions, and dropout layers.
AlexNet increased network depth, with deeper architecture providing better fea-
ture extraction and expression capabilities. Local response normalization per-
forms normalization operations on adjacent regions or feature maps of feature
maps, creating mutual inhibition between neighboring responses. For activation
functions, AlexNet abandoned traditional sigmoid and tanh functions in favor
of the ReLU piecewise linear activation function, enabling rapid network conver-
gence, providing sparse expression capability, and effectively mitigating gradient
vanishing problems. Dropout was applied in fully connected layers, where dur-
ing training, some neural network units are randomly and temporarily dropped
from the network with a certain probability, enhancing model generalization
and improving overfitting.

1.1.2 VGGNet Model

The VGGNet model evolved from AlexNet, primarily demonstrating that net-
work depth is a key component of algorithm performance. VGGNet introduced
two main improvements: using 3×3 convolution kernels exclusively, and training
and testing images across the entire picture and multi-scale. VGGNet has mul-
tiple variants based on different network depths, with VGG-16 being commonly
used. Its structure is shown in [Figure 1: see original paper].
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1.2 Multi-Model Fusion Convolutional Neural Network

Training CNN models often encounters overfitting problems, reducing image
classification accuracy. Due to limited input images and numerous network pa-
rameters, feature vectors are prone to redundancy during classification in fully
connected layers. Analysis of network model fully connected layers reveals that
methods to improve overfitting and increase classification accuracy mainly in-
volve reducing fully connected layer weight parameters and increasing output
feature vectors. Based on this foundation, we propose a multi-model fusion
convolutional neural network model. For the same training dataset, output fea-
ture vectors from different network models after transfer learning are extracted
and fused. The fused output feature vectors then undergo classification using
a newly constructed single-layer classifier, as shown in [Figure 2: see original
paper].

After fusing output feature vectors from different network models, the increased
output feature vectors participate in final classifier classification, providing cer-
tain improvements to classification accuracy. Meanwhile, when obtaining out-
put feature vectors from different models, only the pre-trained models are used
to fine-tune network parameters to obtain the final fully connected layer out-
put feature vectors. After fusing different models’output feature vectors, only
single-layer classifier training is required, reducing computational requirements
to some extent and lowering hardware demands during training.

2 Weight Distribution in the Final CNN Layer
Through analysis of convolutional neural network structures, we observe that
convolutional and pooling layers aim to extract image features, while the final
fully connected layers transform extracted features into one-dimensional out-
put feature vectors. Each unit of the final fully connected layer output feature
vector can be considered as features contained in training samples, yielding
a one-dimensional vector (1×n) after the final fully connected layer, where n
represents the number of categories in the sample dataset. The final fully con-
nected layer essentially performs classification on feature vectors. Research on
the final fully connected layer involves obtaining the network model’s final layer
weight parameters and analyzing their distribution. Assuming the output fea-
ture vector contains 4096 units, the final fully connected layer process is shown
in [Figure 3: see original paper].

As shown in the figure, the fully connected layer input is {X�, X�, X�, ⋯, X����},
output is {a�, a�, ⋯, a�}, where n represents the number of categories for the
classification task, and w represents the fully connected layer weight parame-
ters. The fully connected layer can be represented by a system of multivariate
equations.

Analysis reveals that each classification category is composed of 4096 features
weighted by certain proportions. During classification, the fully connected layer
input multiplied by weights yields net activation, which then passes through the
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ReLU activation function. Net activation values less than or equal to zero are set
to zero by ReLU, retaining only values greater than zero. Therefore, only partial
output features actually determine classification categories. Consequently, the
weight distribution in the final fully connected layer largely determines model
classification effectiveness.

3 Experiments
3.1 Experimental Datasets

This study employs the Caltech-101 dataset [15] and the 2017 Baidu Image
Competition dataset for experiments. The Caltech-101 dataset is a digital image
collection created by Fei-Fei Li et al. at Caltech in 2003, containing 9,146 images
across 101 foreground object categories and one background category, with 30–
800 images per category (most categories contain 50 images). [Figure 4: see
original paper] shows sample images from Caltech-101.

The 2017 Baidu Image Competition dataset comprises 100 categories of different
dog breeds, as shown in [Figure 5: see original paper]. The training set contains
8,153 images, and the test set contains 10,624 images, with 30–200 images per
category.

3.2.1 Multi-Model Fusion

This study randomly selects 30 images per category from Caltech-101 as train-
ing samples, using the remainder as test samples. For the 2017 Baidu Image
Competition dataset, 8,153 training images are used for training and 10,624 test
images for testing. Images are first preprocessed by scaling all dataset images
to 256×256 pixel patches. Since lower-level filters learned from the ImageNet
dataset typically describe various local edges and texture information, these fil-
ters demonstrate good generalization for general images. When extracting final
fully connected layer output vectors from different models, parameters trained
on the ImageNet dataset are used as initial weights, followed by fine-tuning
using the input datasets. For CaffeNet model fine-tuning and feature vector
extraction, input images are processed to 227×227 pixels, and all images un-
dergo mean subtraction. The CaffeNet model structure is similar to AlexNet,
differing only in LRN layer placement: in AlexNet, the LRN layer precedes
pooling layers, while in CaffeNet it follows pooling layers. For VGG-16 model
fine-tuning and feature vector extraction, 224×224 pixel images are used as in-
put. The initial learning rate is 0.0001, decreasing by a factor of 10 every 1,000
iterations, with total training iterations of 8,000. After fusing the two network
models, the output vector contains 8,192 units, which then undergo single-layer
Softmax classifier classification.

Using Caltech-101 dataset, classification results on the test set are shown in for:
CaffeNet feature vector extraction with single-layer classifier training, VGG-16
feature vector extraction with single-layer classifier training, and fused feature
vectors from both models with single-layer classifier training.
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Classification accuracy of different models on Caltech-101 dataset

Using the 2017 Baidu Image Competition dataset, classification results on the
test set are shown in for: CaffeNet feature vector extraction with single-layer
classifier training, VGG-16 feature vector extraction with single-layer classifier
training, and fused feature vectors from both models with single-layer classifier
training.

Classification accuracy of different models on 2017 Baidu Image Competition
dataset

Experimental results on both datasets demonstrate that for the same training
sample dataset, VGG-16 model training yields higher classification accuracy
than CaffeNet, and multi-model fusion achieves higher classification accuracy
than single-model training.

3.2.2 Analysis of Final Fully Connected Layer Weights

From the previous experiments, trained convolutional neural network models
of different structures are obtained. The final fully connected layer weights
are extracted from each model and plotted in order of magnitude. The weight
distributions of CaffeNet’s final fully connected layer after training on Caltech-
101 and the 2017 Baidu Image Competition dataset are shown in [Figure 6: see
original paper]. In [Figure 6: see original paper], the horizontal axis represents
the dimension of the final fully connected layer feature vector (typically 4,096
units, ranging from 0 to 4,500), and the vertical axis represents weight parameter
values (ranging from -0.06 to 0.08). Comparing weight distribution curves of
the same model on different datasets reveals similar distribution patterns.

Weight distribution curves of CaffeNet and VGG-16 models on Caltech-101
dataset are plotted in [Figure 7: see original paper]. Analysis of different models
on the same dataset shows that VGG-16 exhibits smoother weight distribution
in its final fully connected layer compared to CaffeNet.

Weight distribution curves of the multi-model fusion CNN after training on
Caltech-101 and the 2017 Baidu dataset are extracted and shown in [Figure
8: see original paper]. In [Figure 8: see original paper], the horizontal axis
represents the dimension of the final fully connected layer feature vector (8,192
for the fused model, ranging from 0 to 10,000), and the vertical axis represents
weight parameter values (ranging from -0.2 to 0.1). Since the 2017 Baidu Image
Competition dataset is not cleaned and contains lower-quality images compared
to Caltech-101, classification accuracy is lower. Comparing weight distribution
curves of the multi-model fusion CNN on both datasets reveals that fused model
weight distribution depends on dataset quality—the better the dataset quality,
the smoother the classification curve, with better overall consistency.
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4 Conclusion
Convolutional neural networks automatically and implicitly learn features with-
out manual definition. With sufficient training samples, networks can learn ex-
cellent features for classification. However, excessive network parameters with
limited training samples often lead to overfitting, reducing classification accu-
racy. Complex network structures also entail substantial computation and high
hardware requirements. This paper first proposes a multi-model fusion convolu-
tional neural network model, which achieves higher classification accuracy than
single models. Since only single-layer network training is required after multi-
model fusion, hardware requirements are reduced and computational speed is
improved. Analysis of the final fully connected layer reveals that the same
model exhibits similar weight distribution curves across different datasets, while
different models show distinct weight distribution curves on the same dataset.
Multi-model fusion weight distribution correlates with dataset quality—better
quality yields smoother classification curves with greater consistency.
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