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Abstract: In this paper, a multi-scale image estimation method based on wavelet transform is proposed, which can effectively 

remove motion features from multiple videos. Then the autoencoder with sparsity limit is used to adjust the input signal to 

achieve effective compression. The effective features are extracted and the optimal unique vector is learned. The improved 

convolutional neural network is used to recognize weak moving objects. Experiments show that the algorithm can achieve high 

accuracy without large-scale learning samples, and the highest recognition rate is 99.36%. This algorithm has a great 

improvement over conventional algorithm. 
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1. Introduction 

Image sequence refers to a series of images obtained 

consecutively from the target at different times and in 

different directions, which is a kind of multi-modal image. 

Generally, in complex continuous images, weak moving 

objects usually appear only a single or a few pixels, and are 

susceptible to strong waves, and the signal-to-noise ratio is 

relatively poor, so how to efficiently and accurately identify 

them has become a research focus. 

Deep learning is a concept that evolved from studying 

neural networks. It involves breaking down the learning 

structure into hidden and multi-layer perceptron’s. The key 

idea is to imitate the brain's processes to study and understand 

data, and then interpret the findings in a way that mirrors how 

the brain works. Currently, there's extensive research focused 

on detecting weak moving objects in video sequences. One 

approach to this uses wavelet signal transformation to defocus 

an image, minimizing the wavelet coefficient values [1]. After 

that, other noise-related coefficients are removed, followed 

by dynamic object clustering. This technique is quick but has 

limitations when it comes to identifying similar targets 

accurately. Another approach uses time-space non-local 

similarity to segment weak moving objects [2]. This method 

involves matching similar features in multiple images to 

create a segmented time-space field. Though it has a high 

recognition rate, it struggles with distinguishing similar 

targets. 

In recent years, with the development of deep learning 

technology, it has made important breakthroughs in many 

fields [3][4]. For example, convolutional neural networks 

(CNNs) perform well with medical recognition but encounter 

limitations in computing power, network depth, and 

optimization algorithms when applied to other types of 

recognition [5][6]. Another study that used an 8-layer deep 

CNN for image recognition reported good results, leading to 

further applications in image processing [7]. Another study 

indicates that a 2D convolutional neural network can detect 

the time characteristics, but due to the constraints of the 

network itself, it is only suitable for short-time video, and 

cannot meet the demand of massive data[8]. The LRCN 

algorithm proposed in the literature [9] overlaps the results of 

temporal network and CNN, thus taking into account the 

characteristics of both time and time. However, the uncertain 

information of other modes makes the method cannot be 

applied well. The dual-stream algorithm proposed improves 

image identification efficiency by adding optical flow to 

conventional RGB images, but does not effectively mine 

image information containing features such as depth and 

skeleton in images [10]. In addition, it is more difficult to 

detect real-time images because of the increase in optical flow 

computation. At present, a lot of research work is based on the 

feature vocabulary package to achieve the extraction and 

expression of spatiotemporal interest points. However, due to 

the impact of shooting Angle, shaking, complex background, 

and other factors, the algorithm is faced with great challenges. 

Studies have shown that Hamiltonian corner points are 

extended to 3D scenes, and traditional feature representation 

methods such as SIFT and HOG are extended to SIFT 3D and 

HOG-3D [11]. Although several feature extraction algorithms 

based on manual design have obtained good results, their 

performance on large samples is not ideal. The deep 

convolutional neural network is a kind of neural network with 

a multi-level structure, which often convolves or centralizes 

the variation in order to obtain the characteristics of the input. 

However, due to the constraints of data sources, its 

application in image sequences is more complex, usually only 

applicable to the image of a single image.  

Recurrent neural networks (RNN) are very different from 

traditional forward neural networks [12]. In this method, the 

inner information of neurons is collected by forming a 

directed ring of neurons, so that the time series can be sensed. 

At present, recurrent neural networks have been widely used 

in speech recognition. In the past, the hidden Markov model 

was mainly used, but with the popularization of deep network, 

it is gradually replaced by Markov model. In the recurrent 
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neural network, the basic delay backward transfer algorithm 

is used to correct the weights and solve the network errors. 

However, classical recurrent neural networks do not work 

well with historical data. Some scholars proposed short-term 

memory neural network for the first time in 1997, and added 

new functions such as input port and amnesia gate, so that it 

can selectively remember the key information at a certain 

point in time. 

2. Design of intelligent image 
recognition system. 

 

Fig. 1 Structure of image recognition system 

The Unet network is used to realize the efficient connection 

of the underlying features, the efficient connection between 

the underlying features and the underlying features, and the 

efficient fusion of the underlying features [13]. In order to 

solve the problem of difficulty in obtaining image features 

due to the large Angle difference between moving end and 

complex scene, an image classification method based on 

OpenCV is proposed to realize automatic face recognition. 

the structure of the image recognition system is shown in 

Figure 1 (image cited in LAMSTAR: For IoT‐based face 

recognition system to manage the safety factor in smart cities) 

2.1. U-net network image semantic 

segmentation 

 

Fig. 2 U-net neural network structure 

In practice, photos taken on Android phones are affected by 

factors such as shooting Angle, lighting and background, 

making it difficult to accurately segment different areas. A 

method of semantic segmentation of Unet using deep neural 

networks is proposed. U-shaped network can be divided into 

left and right regions on the premise that the size of the 

original image is equivalent. The left side is the compressed 

channel, and the right side is the expanded channel, also 

known as up-sampling and down-sampling. Features are 

obtained through down-sampling, and the number of image 

channels will be doubled during down-sampling. The feature 

map dimension of the image will also be reduced to half of 

the original. The adaptability to nonlinear modeling is 

realized by the improved ReLU excitation function. Through 

upper sampling, the dimension of the feature graph is reduced 

to the same degree as the input graph, so that when passing 

the upper sampling layer, the dimension of the feature graph 

is doubled, and the number of channels is reduced by half. 

Finally, the original data is restored to the original size. In this 

algorithm, the compressed channel is composed of 4 scaling 

elements, each of which is composed of 2 convolution and 1 

pool, and is up-sampled after the end of down sampling. 

Among them, the expansion channel is composed of 4 

expansion cells, and each expansion cell is composed of upper 

sampling layer, convolution and 1x1 convolution module. 

The network has a U-shape, so it is widely used in semantic 
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segmentation of medical images, traffic signs and other fields. 

The input image size of the network is 512x512, and the 

network structure is shown in Figure 2. 

2.2. Convolutional neural network character 

recognition 

Convolution is a common operation in image processing. 

This algorithm is not only suitable for image denoising, 

enhancement, edge detection, prediction and other fields [14], 

but also suitable for image feature extraction [15]. The 

operation steps of two-dimensional convolution are given in 

Figure 3. 

 

Fig.3 Convolution calculation process 

The input of the convolutional network is generally a multi-

channel plane model with dimensions of length × width × 

number of channels, that is, a multi-channel 2D characteristic 

graph. An important parameter of the convolutional neural 

network is the convolution kernel function. Multiple 

convolution functions are used to convolve images from left 

to right and from top to bottom to generate feature images of 

multiple images. By adding convolution functions, the 

complex and abstract internal structure of the image can be 

extracted, and then multiple convolution calculations can 

finally realize the abstract expression of the image at multiple 

levels. Convolutional neural network architecture is shown in 

Figure 4 (the picture is quoted in How to draw Deep learning 

network architecture diagrams?).  

 

Fig. 4 Convolutional neural network structure diagram 

3. Dim Unit target recognition 
algorithm based on CNN multi-
modal learning 

Each feature mapping layer is regarded as a two-

dimensional space with the same weight, and each feature is 

mapped to the two-dimensional space with the same weight. 

In this project, the sigmoid function is used as the excitation 

function, and a feature mapping of location invariants is 

established. Through the interrelation of each layer and 

operation layer of the convolutional neural network, the local 

mean is obtained, and then the secondary extraction is carried 

out. Each convolution layer  performs linear  

filtering on the input plane  of the  layer. 

The value of  at  in the  plane is calculated 

as follows 

  (1) 

The bias  and filter weight  are trained by 

backpropagation algorithm. The output plane is 

 , where  . The 

subsampling layer   is smoothed by   on each 

access plane 

  (2) 

"Softmax" layer is introduced to explain these vectors, and 

the calculation formula is as follows 

                (3) 

 (4) 

After optimization, the parameter θ is trained by the 

stochastic gradient descent algorithm, and the gradient 

  of the random sample  is calculated, 

and then updated: 

           (5) 

In the process of dim dim target recognition, this method 

uses the fixed features of continuous and non-continuous 

frames to optimize the recognition method, so as to ensure the 



 

82 

high accuracy of the recognition results. 

4. System Simulation 

Through simulation experiments, the proposed algorithm is 

studied experimentally. Using small-scale Imagenet image 

data as the research object, MATLAB simulation software 

was used to conduct experiments, and a 1.0Gb image was 

selected as the training image. Through the identification 

method of a multi-modal deep network, the weak object 

identification method based on the multi-modal deep network 

is studied. The reasonable values of each parameter are 

obtained by testing the sampled images. Firstly, the 

corresponding convolution features will be extracted from the 

existing image, and then the specific values will be 

determined according to the existing image structure and the 

sampled image. The effect of these methods on the accuracy 

of images with different characteristics is shown in Figure 5. 

 

Fig. 5 Effect of recurrent neural networks and the number of hidden neurons on accuracy 

When the number increases, the recognition accuracy of 

this method is gradually improved, and when the number is 

72, the accuracy of this method is the highest. Therefore, 

when the algorithm is used to classify the weak objects in an 

image sequence, the number is set to 72, so that the most 

accurate object recognition rate can be obtained. However, 

the accuracy of existing object recognition algorithms based 

on text comparison is not as good as that of the algorithm 

proposed in this paper, and its accuracy also fluctuates greatly. 

5. Conclusion 

This project intends to carry out research on weak moving 

target identification in multi-mode deep neural networks. 

Through image preprocessing and sparse self-coding and 

decoding, an improved convolutional neural network is used 

to recognize weak-moving objects. Through experiments, the 

new algorithm proposed in this paper can realize high-

precision image recognition without relying on large-scale 

sample data, so as to achieve the purpose of high efficiency 

and accuracy. 
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