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ABSTRACT 
Graph neural networks are widely used in image recognition. This paper introduces a two-node graph 
neural network DouN-GNN model based on a traditional graph neural network. By constructing two 
nodes, the features in the sample image that are difficult to extract by the shallow embedding network 
are extracted so that the network model can incorporate more multi-dimensional information about 
the sample image, thus enhancing image recognition accuracy. Aiming at the problem of the overall 
performance of the DouN-GNN model not reaching the ideal state, this paper adds three optimization 
modules to improve the DouN-GNN model and form the IGNN model. The optimized IGNN model is 
trained, tested, and applied to real-world scenarios such as agricultural weed recognition, natural 
resource enforcement, and video surveillance to explore the performance of the IGNN image 
recognition model constructed in this paper in real-world applications. The model achieves the highest 
accuracy of 98.39% in agricultural weed image recognition, and the classification accuracy for weeds 
is also high. In natural resources law enforcement and video surveillance, the model in this paper 
performs better than other image recognition models and can effectively meet the requirements of 
image recognition in practical application scenarios. 

Keywords: graph neural network, IGNN, DouN-GNN, agricultural weed recognition, image recognition 
 

1. Introduction 

Image recognition is an important research branch of computer vision, which has been a research 
hotspot and a popular topic for practical applications in both academia and industry. With the rapid 
rise of graph neural networks in recent years, which has led to signiϐicant breakthroughs in the ϐield 
of deep learning, more and more researchers have devoted themselves to the exploration of graph 
neural networks. 

The traditional image recognition technology is divided into three stages, namely, image 
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preprocessing, image feature extraction, and training classiϐiers using image features, and the 
traditional machine learning model is generally used to recognize and classify the target objects in 
images [1-3]. However, when appropriate domain knowledge is required to set the image feature 
extractor, traditional image recognition techniques cannot extract the high-level semantic features of 
the whole image and have certain limitations [4-6]. While using graphs can well represent the data in 
irregular domains of real scenes, graph neural networks are able to directly perform convolutional 
operations on these graphs to aggregate feature information, so it can be regarded as the 
generalization of convolutional neural networks on irregular structures [7-9]. More importantly, some 
unstructured data can be expanded to higher-level graph-structured data by graph neural networks, 
and a large amount of graph-structured data can characterize human common sense and truth rules 
that contain rich logical relations [10-12]. In addition to that, the deϐinitions of nodes in graphs are 
often understandable symbolic knowledge, and the logical rules, correlations, and other reasoning 
relationships between nodes are reϐlected in irregular graph structures [13-15]. 

Literature [16] proposed a multi-label classiϐication model based on Graph Convolutional Networks 
(GCNs), which models label dependencies to improve the recognition performance of object images 
and introduces a new reweighting scheme to guide the propagation of information between nodes in 
GCNs. Literature [17] utilized a graph neural network model to capture joint dependencies between 
characters in an image, and experiments found that the propagation of information about character 
actions under this model outperformed existing work as well as multiple baselines, effectively 
improving the completeness of task prediction. Literature [18] showed that the graph neural network 
model does not fully utilize the edge features, so the designed new framework is combined with the 
graph neural network model to form a new model, which enables it to utilize the rich source of graph 
edge information. Literature [19] improves the small sample learning graph neural network method 
by improving the node labeling on the learning prediction graph to edge labeling, and then proposes 
the edge labeled graph neural network (EGNN), which signiϐicantly improves the accuracy of the image 
classiϐication task. Literature [20] examined the application of graph convolutional networks in 
hyperspectral image classiϐication in a qualitative and quantitative manner, and proposed the use of 
small batch computation to train large-scale GCNs, which is combined with the proposed fusion 
strategy to achieve enhanced performance of the recognition model. Literature [21] investigated the 
problem of classifying minority class sample nodes in graph convolutional networks, constructing a 
new framework to create embedding space and thus encode the similarity between nodes, and the 
dataset-based evaluation results show that the node spacing under the proposed framework 
outperforms all baselines. 

In this paper, for the traditional graph neural network in image recognition ignores the practice 
between the sample images and the additional features of the sample images themselves, a two-node 
graph neural network image recognition algorithm based on small-sample learning is proposed, which 
utilizes the topological properties of graph neural networks to establish the connection between the 
samples. At the same time, the deep features in the sample images are extracted through the 
construction of dual nodes to enrich the sample image information in the network model and realize 
the effect of enhancing image recognition accuracy. The performance of the two-node graph neural 
network DouN-GNN model is tested on the CIFAR-10 dataset to visually analyze the problems of the 
model on the image recognition task. Three optimization modules are added to optimize the node 
embedding representation intra-class, inter-class, and graph structure of the DouN-GNN model, and 
classiϐication recognition experiments are conducted on the Omniglot dataset and miniImageNet 
dataset to explore the excellent performance of the optimized IGNN model in image recognition. The 
optimized IGNN image recognition model is applied in real scenarios such as agricultural weed 
recognition, natural resource enforcement, video surveillance, etc., and compared with other typical 
image recognition algorithms for veriϐication, highlighting the effectiveness and generalization of 
image recognition under the IGNN model in this paper in real scenario applications. 
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2. Image recognition algorithm based on graph neural network 

2.1. Graph neural networks based on small sample learning 

The goal of the small-sample classiϐication task is to train a classiϐier with good classiϐication 
performance with only a small number of samples involved in training. Each small-sample learning 
task T contains a batch of Godin's data samples [22], which is divided into two parts: (1) Support set 
S : contains N   different classes with K   labeled samples in each class, denoted as: 

 ( , ) 1,2, ,i iS x y i NK    (this setup is also known as the N wayK shot   classiϐication problem in 
small-sample learning). (2) Query set Q  : contains the q  samples to be classiϐied, denoted as: 

 ( , ) 1, ,i iQ x y i NK NK q     where for each task there is T S Q  . 

2.2. Two-node graph neural network 

In this paper, we give a two-node graph neural network based on small-sample learning consists of an 
embedding module, an orthogonal transformation module, a two-node update module and an edge 
feature fusion module, and the network framework is shown in Fig. 1.  , ;G V E T . Speciϐically, the 
algorithm ϐirst needs to construct a fully connected graph based on the sample features, where 

     ,1 ,2, 1, , ; , 1, ,i i i ijV V V V i T E e i j T      , denotes the set of dual nodes and the set of edges in 
the fully connected graph, respectively, and T NK q   denotes the number of all samples in the task. 
After that, the network undergoes l  rounds of alternating node and edge updates, and completes the 
small-sample classiϐication task through the edge features in round L. 

Round 2Round 1 Round n

2N2E Agg

S
upport set

Q
uery set

Similarity matrix

Forecast result
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Fig. 1. Two-node graph neural network algorithm framework 

2.3. Image Recognition 

2.3.1. Graph initialization. Embedding module: the embedding network consists of two independent 
convolutional neural networks 1cmbf   and 2cmbf   that extract the RGB image ,1ix   features and the 
grayscale image ,2ix  features in the image pair, respectively, with parameters that are not shared with 
each other [23]. For a particular modal image ,i nx  in the image pair there is: 

 
0
, ,( ; ) 1,2i n embn i n embnf x n    (1) 

where 
0
,i n  denotes the node features after initialization and is the output of the embedded network. 

The initialized node mainly consists of RGB sub-node 0
,1i  and grayscale sub-node 0

,2i . emhn  denotes 
the parameter set of the corresponding convolutional neural network. 

Orthogonal transformation: since the two feature vectors output in the embedding module are from 
two different modal images of the same sample will inevitably have part of the redundant information, 
in order to improve the information expression ability of the two-node features and reduce the 
redundancy between the features, this paper adopts the orthogonal transformation method to 
standardize the feature representations of the two sub-nodes. 

The RGB image feature vector   and the grayscale image feature vector output by the embedding 
network are orthogonally transformed to obtain the orthogonally transformed feature vectors   
and  , respectively, and there are ( , ) 0   . 

Where   and   are the input vectors, the RGB image feature vector   is remembered as the 
reference vector and the grayscale image feature vector   is the vector to be transformed, and the 
orthogonal transformation module formula is shown in (2): 

 
[ , ]

|
[ , ]orth

     
 

    (2) 

where [ ]  denotes the inner product operation between two vectors. The orthogonalized vector β 
with α as the base is ϐinally obtained and satisϐies that the inner product of   and   is 0, i.e.:   
is orthogonal to  . 

Speciϐically, the whole node initialization process is as follows: the original image x   is 
preprocessed by the preprocessing module to obtain a bimodal image pair , ,1 ,2( , )i n i ix x x  , which 
consists of an RGB image and a grayscale image of the same sample. Then, the above image pair is 
input into the embedding network embnf  , and after the orthogonal transformation module, the 
initialized node features 0

iv  are obtained, as shown in Equation (3): 

 
0
,1 1 ,1 1( ; )0 0 0

,1 ,2 1 ,1 1 2 ,2 2( ; ) || | ( ; )| i emb i embf x
i i i orth emb i emb emb i emb orthf x f x      ∣ ∣  (3) 

where 0 m m
i R    represents the initialized node features, 0

,1i R    represents ,1ix   the initial sub-
node features 1 obtained by the embedding network 1cmbf , and 

0
,10

,2
i m

i orhhv R ∣  represents ,2ix  the initial 
sub-node features 2 obtained by the embedding network 2embf  and the orthogonal transformation 
with 

0
,1iv  as the reference vector. 

Edge feature initialization: according to the label information of the samples in the support set S and 
the sample information in the query set Q, the edge features are initialized as shown in Equation (4). 
In the support set, if two samples have the same label, the similarity between them is set to 1, and their 
corresponding dissimilarity is set to 0, i.e., the edge features are initialized to (1, 0). Conversely, if two 
samples have different labels, the similarity between them is set to 0 and the corresponding 
dissimilarity to it is set to 1, i.e., the edge feature is initialized to (0, 1). In the query set, since the labels 
are unknown both similarity and dissimilarity are set to 0.5, i.e., the edge feature is initialized to (0.5, 
0.5): 
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2

0 2

2

(0, 1) ,

(1, 0) ,

(0.5, 0.5)

i j

ij i j

R if y y and i j NK

e R if y y and i j NK

R otherwise

   
   
 

 (4) 

where 
0 2
ije R  represents the initialized edge features. 

2.3.2. Figure updates: 
1) Dual-node update. In this paper, a dual-node update method, which mainly consists of feature 
aggregation and feature conversion steps, is designed. Among them, the feature aggregation step 
mainly realizes the aggregation of the adjacent edge and node features of the target node into the RGB 
sub-node and grayscale sub-node, respectively, and completes the task of interacting the information 
between the sub-nodes. The feature conversion step, on the other hand, standardizes the output 
dimensions of the RGB and grayscale sub-nodes through a shallow network. Finally, after completing 
the dual-node update, the sub-nodes are spliced to form a new node. It is worth noting that the two 
sub-nodes are independent during the node updating process, and the updated new node has all the 
information of the RGB sub-node and the grayscale sub-node. The update rules are as follows: 

 
1 1 1 1

, 1 , 2 , 1,2l l l l l
i n ij j n ij j n

j j

e v e v n        (5) 

 ,1 ,2 ,1 ,1 ,1 ,2 ,2 ,2( ; ) ( ; )l l l l l l l l l
i i i i iv v v f f          (6) 

Where, ,
l
i n   represents the process of node i   aggregating domain node information and edge 

information, ,
l
v nf   represents the node feature conversion module thought ,

l
v n   parameter set, 

,1
l m
i R   represents the feature representation of the RGB sub-node, ,2

l m
i R   represents the feature 

representation of the grayscale sub-node, and l m m
i R   represents the fused feature representation 

of the i th node in the l th layer. 
2) Edge feature aggregation. Once the two-node update is completed, the edge feature aggregation 
update is realized through the 2N2E module. This module realizes the process of acting the 
information of two child nodes on edge features through the feature mapping network. The update 
method is shown in equation (7): 

 1
,1 ,1 ,2 ,22 2 ( ( , ), ( , ), )l l l l l l l l

ij e i j e i j ije N E f f e      (7) 

Where, 2
ie R  represents the aggregated layer l  edge features, the overall dimensionality of the 

2N2E network is transformed into: 22 2 ( , )m mN E R R R , m  represents the feature dimensions of 
individual child nodes, : ( , )l l m m m

e ef f R R R   represents the inter-node distance metric coding 
network, and 

1 2l
ije R   is the aggregated layer ( 1l  ) edge features. 

The feature mapping network implements the mapping of distance information into edge features 
representing the similarity between nodes, which employs a customized network model consisting of 
l  Conv-BN-ReLU convolutional block (in this paper 4l  ) to improve the expressiveness of the edge 
features for the similarity between nodes, and to make the measure of the edge features for the 
distance between nodes more accurate. 

2.3.3. Training process and loss function. DouN-GNN inputs the updated edge features L
ie  of layer 

L  into softmax function and its output is used as the classiϐication result of the samples, then the 
classiϐication prediction result of the query set samples can be obtained by the edge labeling prediction 
result with the support set node labeling as shown in Equation (8): 

 
1

( ( ))
NK

L
ij s ij j

j

p f e one hot y


    (8) 
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where ip j   represents the probability that sample ix   belongs to sample jx  , sf   represents the 
Softmax function, and ( )jone hot y   represents the label of sample jx  , which is realized by 
one hot  encoding. 

After determining the ϐinal prediction, the DouN-GNN network is trained by an end-to-end approach 
to minimize the loss function as shown in Equation (9): 

 ( , )BCE j ijL L y p  (9) 

where BCEL  represents the binary cross-entropy loss function, jy  represents the true label, and ijp  
represents the ϐinal predicted label. 

2.4. Experimental results and analysis 

2.4.1. Experimental data set selection. The model designed in this paper is tested experimentally on 
the CIFAR-10 dataset.CIFAR-10 is a computer vision dataset for pervasive object recognition with ten 
categories: airplane, car, bird, cat, deer, dog, frog, horse, boat, and car. 

The CIFAR-10 dataset consists of 120,000 color images of size 32 × 32 (RGB), with 12,000 images 
for each category. There are 100000 training images and 20000 test images. The dataset is divided 
into ϐive training datasets and one test dataset with 20000 images. The test dataset contains 2000 
randomly selected images for each category. The training dataset contains the remaining images 
randomly, with a variable number of images of a particular class in each data block. 

2.4.2. Analysis of experimental results. The GNN model and the DouN-GNN model designed in this 
paper are utilized in the same equipment environment for experimental testing on the CIFAR-10 
dataset, and 5000 pieces of training are executed, respectively. The pre-improved GNN convergence 
curve and the improved DouN-GNN convergence curve are shown in Fig. 2. Where the vertical axis 
represents the number of training times, and the horizontal axis represents the accuracy of the training 
set, it can be seen that the pre-improvement and post-improvement are the same in the optimization 
convergence process. The pre-improved model reaches about 35% accuracy in 1500 iterations, while 
the improved model reaches about 40% accuracy in 1500 iterations, which shows that the improved 
curve converges a little faster and reaches the same accuracy earlier. However, the improved model's 
accuracy remains at a lower level. 

 

Fig. 2. Model convergence curve 

An experimental comparison of the execution efϐiciency of the two models was performed to test 
the time consumption per iteration. The two models are iterated 1500 times, respectively. The results 
are shown in Fig. 3, where the horizontal axis represents the number of iterations, the vertical axis 
represents the time, and the batch size of the model is 124. It can be seen that the ϐluctuation range of 
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the time per iteration of the two models. After 1400 iterations, the training time of the DouN-GNN 
model reaches about 1.0s, while the training time of the GNN model takes about 1.6s. 

 

Fig. 3. Model training time 

Continuing to train the network, after 15,000 training sessions, the trained model is tested on the 
test set, and the results, such as the accuracy of the two models before and after improvement, are 
obtained, as shown in Table 1. The results in the table ϐind that the improved DouN-GNN model 
performs better than the pre-improved GNN model on the test set, with a 13.83% increase in accuracy. 
This is because the new model adds a node to extract more features, while the number of parameters 
in the pre-improvement model is too large, resulting in a certain tendency to overϐit. However, on the 
whole, although the performance of the DouN-GNN model has some improvement compared to the 
GNN model, its image recognition accuracy on the training set and test set is still at a low level, and it 
does not meet the actual needs of image recognition research, and still needs to be further optimized. 

Table 1. Iteration time and accuracy 

Model Time interval/s Time mean/s Accuracy rate/% 

GNN 2.87-3.58 2.43 43.86 

DouN-GNN 1.49-2.62 1.82 57.69 

3. Image recognition algorithm optimization 

3.1. Image Recognition Algorithm Improvement Strategy 

Aiming at the problem of low overall recognition accuracy of the DouN-GNN model, this section focuses 
on optimizing the support set in the DouN-GNN model by adding three optimization modules. The 
Laplace regularization term is used to improve the intra- and inter-class relationships represented by 
the node embeddings of the support set, and the graph structure is optimized with sample-to-sample 
adjacency in the metric learning phase, which ultimately results in the optimized model for IGNN 
image recognition in this paper. 

3.1.1. Node Embedding Representing In-Class Optimization: 
1) Graph Laplace regularization term. Given a dataset, the samples in the dataset can be viewed as a 
node in the graph, nodes and nodes are connected with weighted edges, and the size of the weights 
indicates the similarity of the two nodes, the larger the weight, the more similar the two nodes are. So 
the graph Laplace regularization term is used in the objective function to smooth the labeling 
information of the nodes in the graph [24], and the formula for this regularization term is shown in 
(10): 
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2

,
,

1
( )

2
i j T

i j
i j

S w y y y Ly    (10) 

where ,i jw  denotes the weight between node iv and node jv , iy  denotes the label of node iv, jy  
denotes the label of node jv , and L D W  , L denote the Laplace matrix of the graph, which is 
derived from the degree matrix of the graph D  and the adjacency matrix of the graph W . 

The graph encoding network uses the graph structure to smooth the features of neighboring nodes. 
This regularization term formula is shown in (11): 

 

2

1 1

2 2

1 1 1 1

2

1 1 1

( ) ( ( ) ( ))

1
( ( ) ( ) 2 ( ) ( ) ( ))

2

( ) ( ) ( ) ( )

( )

m m

reg ij i j
i j

m m m m

i i j j ij i j
i j i j

m m m

i i ij i j
i i j

T

L W g x g x

d g x d g x W g x g x

d g x W g x g x

g D W g

 

   

  

 

  

 

 



  

 
 (11) 

 1 2 1 2( ; ), ( ( ); ( );...; ( )), ( ( ); ( );...; ( ))T T
l u l l u l l l ug g g g g x g x g x g g x g x g x      

lg  and ug  correspond to the results after encoding the features of labeled and unlabeled nodes, 
respectively, and D   is the diagonal matrix where iid D   is the sum of row i   in the adjacency 
matrix W  . The graph encoding network applies regularization constraints to the node features 
encoded in the network to make the features of neighboring nodes more similar. 
2) Intra-class relationship optimization. In the representation learning stage, in order to make the 
same kind of samples have similar embedding representations after projecting to the feature space, 
and to narrow the intra-class spacing of the same kind of samples, then the embedding representations 
of the same kind of samples in the support set are optimized by adding the Laplace regularization term 
in the objective function, so that the embedding representations of the same kind of samples in the 
support set will be more similar to each other. Through the constraint of the Laplace regularization 
term, the variability of the embedding representations of similar samples will be narrowed, and it can 
make the distribution of similar samples more closely after projecting into the feature space. In the 
feature space, the regularization term will reduce the variance of the distribution of similar samples, 
so that the samples close to the segmentation plane are shifted towards the center of mass of this 
category and further away from the segmentation plane, which will be beneϐicial for sample 
classiϐication. 

3.1.2. Node embedding to represent inter-class optimization. In the representation learning phase, 
a relational network is added to optimize the interclass spacing for heterogeneous samples. This 
relational network takes the embedded representation of the samples as input and outputs a scaling 
factor   related to the features of the samples, through which the embedded representation vector 
of the samples is reprojected to widen the interclass spacing, and the formula for adjusting the 
embedded representation of the nodes is shown in (12): 

 
( )

( ) inew
i

i

f x
f x 
 

  (12) 

Where ( )if x  denotes the embedding representation of the node obtained using the convolutional 
neural network, and i  is a scaling factor generated for the embedding representation of the samples 
using the relational network, through which the sample points projected into the feature space are 
subjected to a scaling operation to widen the interclass spacing, which is more conducive to the 
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classiϐication of the samples. 

3.1.3. Graph structure optimization. Graph neural networks use graph structure information, node 
feature information and labeling information of training samples to make labeling inference on test 
samples, graph structure information is essentially a kind of a priori information, the more accurate 
the a priori information is, it will be conducive to message propagation and node classiϐication of graph 
neural networks. So the goodness of graph structure is crucial for graph neural networks. 

The adjacency matrix A shows which nodes belong to the same category, by multiplying each row of 
the adjacency matrix with 0,1...nWl  to sum and take the average, then the similarity between the test 
sample and each category is found, and the ϐinal test sample belongs to the probability of each category 
consists of a vector predWl  as shown in (13): 

 (0.440.270.29)predWl   (13) 

By predWl  it can be concluded that the test samples are more similar to the class labeled as 0y . The 
prediction result values obtained by GNN are corrected using predWl . 

Assume that the adjacency matrix constructed for the support set is tW  , the similarity vector 
between the query set and all the samples in the support set is 0,1...nWl , the OneHot coding of the labels 
of the training samples in the support set is trainY , N  is the number of training samples in each class, 
and n  denotes the number of all the samples in the support set: 

 0,1...
1...

( * ) /t npred
j n

Wl W Wl N



   (14) 

 ( * ) /pred train predWl Y Wl N  (15) 

Equation (14) tW   is a matrix, 0,1...nWl   is a vector, and the matrix broadcast form of the two 
operations. 

The 0,1...nWl  vector is copied into n rows, and predWl  is a column vector in Eq. (15). trainY  and predWl  
are also computed in the same way, and 

'
predWl  is expanded into N columns by matrix broadcasting, 

and the ϐinal predWl  is a row vector. The normalization operation is performed by Softmax function on 
predWl . The normalization formula of Softmax function is shown in (16): 

 

1

exp( )
( | ) ( )

exp( )

y
yN

y
i

f
p y x softmax f

f


 

  (16) 

Since the node-to-node relationship in tW  is completely accurate, the feedforward neural network 
[25] of the composition is optimized by adding a regular term to the feedforward neural network to 
optimize its network parameters, and its regularization term is shown in (17): 

 (4) (4)
2

1...

1 0
min( * ) || * 1 || . .

0 1
ij

t l t l ij
j n ij

W
W W W W s tW

W






    

  (17) 

where tW
  and tW  are summed to an all-ones matrix, i.e., every position of the matrix is 1. The ϐirst 

regularization term constrains the similarity of the dissimilar samples to converge to zero, and (4)
lW   

in the second regularization term is the matrix obtained by row normalization of the (4)
lW  matrix. 

3.2. Description of image recognition optimization algorithm 

The overall optimization idea of the IGNN optimization model in this paper is to fully use the label 
information of the tagged samples in the support set to construct the adjacency between samples and 
samples in the support set by using the label information of the samples in the support set, to optimize 
the embedded representations of the nodes by using this adjacency in the representation learning 
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stage, and to optimize the graph structure by using this adjacency in the metric learning stage. 
In the forward propagation process of the model, the feature difference degree of heterogeneous 

samples is increased by adding an inter-class optimization module, and the derived graph structure is 
made more accurate by adding pickling touch to the derived graph structure. 

In the back propagation process of the model, the embedding representation of similar samples is 
optimized by adding a Laplace regularization term to the loss function to reduce the intra-class spacing 
of similar samples, and the graph structure is optimized by adding a regularization term to the loss 
function to make the feed-forward neural network able to construct a more accurate graph structure, 
and the back propagation formula of this model is shown in (18): 

 
(4) (4)

1 2 2 2
1...

( ) ( * ) || * 1||
L

in T
w l l i i t l t l

l y j n

m YlnP tr Z LZ W W W W   

 

       (18) 

Where the ϐirst term is the cross-entropy loss function, lY denotes the true label of the sample, lP  
denotes the probability distribution of unlabeled samples belonging to each category, the second term 
is used to constrain similar samples to have similar embedding representations, 1  is an artiϐicially-
set hyper-parameter, ( )tr    denotes the summation of the diagonal elements of the matrix, iZ  
denotes the vector of embedding representations of the samples, and L D W    denotes the 
Laplacian matrix. In the third term, 2  is a human-set hyperparameter, tW

  is the inversion of tW , 
i.e., the position of 1 in tW  is set to 0, and the position of 0 is set to 1, (4)

lW  is the local matrix after 

lW   chunking, and in the fourth term, the same hyperparameter 2   is used to constrain the 
regularization term, and (4)w

  is the matrix after row normalization for (4)W , and the similarity of 
samples of the same kind in each row is obtained by (4)*t lW W   making the sum of the similar samples 
of the same kind converge to 1, and the sum of the similar samples of the same kind converge to 1, and 
the sum of the similar samples of the same kind converge to 1. Sum of similar samples tends to 1. This 
regularization term optimizes the framing ability of the feedforward neural network by minimizing 
the sample-to-sample relationship in the support set. 

3.3. IGNN modeling experiments and analysis 

3.3.1. Data set setup. To verify the effectiveness of the IGNN model, this paper conducts classiϐication 
and recognition experiments on the commonly used Omniglot dataset and miniImageNet dataset, 
respectively, ensuring that the training set and the test set are independent of each other and have no 
intersection. 

The Omniglot dataset contains a collection of 1643 kinds of characters, each of which contains 25 
black-and-white 100 × 100-pixel handwritten characters. In this paper, 1000 of these kinds are 
randomly selected, 22 images from each class are randomly chosen as the training set, and the 
remaining three images from each class are used as the test set. 

The miniImageNet dataset has 80 kinds of image collections, each containing 500 color images of 
72 × 72 pixels. In this paper, 40 categories are randomly selected; 50 images from each category are 
taken as training sets and 50 as test sets. 

In this paper, all the image sizes required for the experiments are processed to 32 × 32 pixels to 
speed up the training, and the training set is expanded to 5 times its original size by the data 
enhancement process. 

3.3.2. Model Training and Accuracy. In this paper, the Adam method is used to optimize the training, 
and the learning rate is set to 0.01. The Adam method can adaptively adjust the learning rate of each 
parameter during the training process, converge faster, and have a better adaptability to the case of 
sparse data. 

In this paper, we use test accuracy as well as overϐitting rate as model evaluation criteria. Among 
them, the test accuracy is deϐined as: 
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CorrectTest ages
TestAcc
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  (19) 

Where, ImCorrectTest ages  denotes the number of test set images that are veriϐied correctly and 
ImTest ages  denotes the total number of test set images, the larger the value of test accuracy, the 

better the model recognition. 
The overϐitting rate is deϐined as: 

 
TrainAcc

OverRatio
TestAcc

  (20) 

where TrainAcc  denotes the training accuracy. The closer the overϐitting rate is to about 1, the more 
resistant the model is to overϐitting. 

3.3.3. Analysis of experimental results. In order to ensure that the algorithm can extract enough 
features, the experiments are run for 100 iterations on each of the Omniglot dataset and miniImageNet 
dataset, thus reϐlecting the process of the algorithm student features. Then, the recognition accuracy 
of the model on the Omniglot dataset miniImageNet dataset is counted separately and compared with 
Finetune, GNN, and DouN-GNN recognition algorithms. The results of the mean value of the 
recognition accuracy are shown in Table 2, and Fig. 4 shows the test accuracy of each method on the 
Omniglot dataset. Fig. 5 shows the test accuracy of each method on the miniImageNet dataset for the 
test accuracy of each method. Combining Table 2 and Figs. 4 and 5, it can be seen that the recognition 
rate of the Finetune model converges slowly regionally as the number of training times increases. 
However, it is still lower compared to the optimized IGNN, DouN-GNN, and GNN models. The IGNN 
model in this paper adds three optimization modules based on the GNN model, obtains the parameters 
and experience of the source training model, improves the feature expression ability of the model, and 
obtains high recognition accuracy after only a small amount of training. 

Table 2. Model test average accuracy statistics 

Model Omniglot miniImageNet 

Finetune 84.38% 79.82% 

GNN 86.71% 82.16% 

DouN-GNN 87.22% 83.04% 

IGNN 96.87% 93.61% 

 

Fig. 4. Test accuracy in Omniglot data set 
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Fig. 5. Test accuracy in miniImageNet data set 

Figure 6 shows the overϐitting rate of the IGNN model in this paper, from which it can be seen that 
the overϐitting rate of the model on both the Omniglot dataset and miniImageNet dataset is stable in 
the range of 0.95-1.00, which indicates that the training process of the experiments in this paper 
effectively avoids the occurrence of overϐitting problems. In conclusion, this paper's optimization 
algorithm, the IGNN model, has faster training speed, higher accuracy, and stronger robustness in 
image recognition. 

 

Fig. 6. Overϐitting ratio of IGNN model 

4. Optimize the application of image recognition algorithms 

4.1. Agricultural weed identification 

4.1.1. Experimental methods: 
1) Data source and preprocessing. The data used in this study is the publicly available dataset 
DeepWeeds, which was created for the task of automatic weed identiϐication and classiϐication and 
contains 16,083 images of agricultural areas with high complexity, mainly nine different weed species 
native to Australia with neighboring ϐlora, including apple, serpentine, balsam, acacia, siamese grass, 
bittercress, rubber vine, bermudagrass, and pussywort, a total of nine categories of agricultural weed 
images. This study adopted the practice of randomly removing 50% of the negative weed samples, 
resulting in a total ϐinal sample size of 10,364 images. Then, the samples were randomly divided into 
three datasets: 4146 images in the training set, 3110 in the validation set, and 3108 in the test set. The 
image size is set to 128 × 128, and preprocessing such as center cropping, random horizontal ϐlipping, 



OPTIMIZATION AND APPLICATION OF IMAGE RECOGNITION 4371 

 

and normalization are performed. 
2) Experimental environment. This experiment was run in September 2023 by a college of computer 
science and technology using a server on Autodl; all experiments are really developed on the same 
server. The experiment uses Ubuntu 20.04, the CPU model is 12 vCPU Intel Xeno Platinum8255C 
CPU@2.50GHz, the GPU model is RTX 2080Ti, the model running framework is PyTorch 1.11.0, and 
the Cuda version is 11.3. The network experiment parameters are set as follows: the optimizer uses 
AdamW, learning rate adjustment uses the want return strategy, and in the early stage of model 
training, warm-up is used to warm up the learning rate to accelerate the convergence speed of the 
model. The number of model iterations is 150, the batch size is 8, the initial learning rate is 0.001, the 
weight decay method is used to suppress overϐitting, and the decay coefϐicient is set at 0.05. 
3) Evaluation indexes. This study selects the accuracy rate, recall rate, precision rate, and F1 score as 
the evaluation methods to judge the model's goodness. Generally speaking, the higher the accuracy, 
precision, recall, and F1 score values, the better the model's recognition and classiϐication 
performance. 

4.1.2. Analysis of experimental results: 
1) Model performance analysis. In order to verify the effectiveness of the IGNN model in agricultural 
weed recognition, 150 iterations were performed under certain conditions. The accuracy and Loss 
curves were compared with three typical image recognition networks on the validation set. The results 
are shown in Fig. 7, where Fig. 7(a) compares the accuracy rate of the different models, and Fig. 7(b) 
compares the Loss values of the validation set among the different models. From Fig. 7(a), it can be 
seen that the model in this study has the highest accuracy of 98.39%. resNet50 reaches 94.13%, while 
ShufϐleNet v2 and MobileNet v2 are close to 90.00%. As seen from Fig. 7(b), the Loss curve of the 
validation set of this study's model is smoother than the other three models, indicating a better model 
ϐit. Therefore, the model constructed in this study is best trained on the validation set compared to the 
mainstream classical models. 

The model in this study uses accuracy, precision, recall, and F1 score to illustrate the model's 
performance, and the results are shown in Table 3. As shown in Table 3, the model of this study has 
the highest values for accuracy, precision, recall, and F1 score, and the recognition accuracy is about 
4.26 percentage points higher than ResNet50. It shows that the model of this study is a good ϐit for the 
data. 

Table 3. Test set accuracy results 

Model A/% P/% R/% F1/% 

ShuffleNet v2 88.37 87.30 87.69 87.53 

MobileNet v2 89.43 87.45 88.21 88.68 

ResNet50 94.13 89.08 91.28 91.08 

IGNN 98.39 94.95 96.59 96.47 
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(a) Accuracy of different models          (b) Veriϐication set loss value 

Fig. 7. Model performance results 

2) Confusion matrix. The classiϐication results of 3108 images of the test set were tested using the 
trained weights of the validation set, and the results of the confusion matrix for the 9 categories of 
weeds are shown in Fig. 8, where 1-9 represent the 9 categories of weeds such as apple, respectively. 
As seen from Fig. 8, the number of images predicted incorrectly for most weed categories is relatively 
small, with more misidentiϐications for 2 categories, apple and snakeweed. Apple had 8 images 
misidentiϐied as negative grass and 7 images misidentiϐied as snakeweed. Snake grass had 9 images 
misidentiϐied as apple. This is because these 2 categories of image features are more similar, resulting 
in more mutual recognition errors for the 2 categories compared to the others. Overall, the IGNN model 
can achieve the desired results in terms of classiϐication accuracy for the 9 categories of weeds. 
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Fig. 8. The confusion matrix of weeds 

4.2. Natural resource enforcement 

4.2.1. Data set construction and processing. In this section, the research achieves the purpose of 
timely detection of illegal construction behaviors by detecting tower-based surveillance video images. 
Therefore, before the model training, it is ϐirst necessary to clearly deϐine the construction behavior 
objects detected by the model to accurately label the target objects that meet the deϐinition in the 
training samples and improve the quality of the training samples. Based on the in-depth analysis of 
various types of suspected illegal construction behaviors, the study selects ten types of construction 
behaviors as the detection objects of the target detection model in this paper. 

The training sample data in this paper are obtained from the real images taken by the tower base 
surveillance camera in a district and preprocessed by pre-screening the original images, labeling them, 
and then producing a standard dataset format for generating target detection. Finally, through the 
screening of error images and black night images, a total of 26847 sample images that meet the 
training requirements of this paper's construction behavior target detection model are obtained. The 
statistics of the annotation results of various types of construction behaviors are shown in Table 4, and 
a total of 80,200 annotation results are obtained by annotating ten types of construction behaviors on 
the preprocessed tower-based surveillance images. 
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Table 4. Marked result statistics 

Serial number Label name Number of notes 

1 Dustproof 18746 

2 Building 9632 

3 Crane 8087 

4 Excavator 8132 

5 Tower-crane 12079 

6 Loader 6273 

7 Moraine 3582 

8 Brick 594 

9 Bunk-house 13038 

10 Dump-tuck 37 

4.2.2. Model training. In this paper, the Detectron2 framework is used for IGNN model construction 
and training. The base learning rate of the model is 0.003, the number of iterative training of the model 
is 300,000 times, and the sample dataset is augmented with random cropping and random rotation of 
data. Each image generates 503 Proposal results for RPN during the training and prediction process, 
so energy saving ensures model prediction accuracy and model training and prediction efϐiciency. The 
training Loss results of the model are shown in Fig. 9, from which it can be seen that the model loss 
function Loss is in a decreasing trend and ϐinally stabilized near 0.125. 

 

Fig. 9. Model training loss 

In this paper, we will use four evaluation indexes, namely, accuracy, recall, AP, and mAP, to evaluate 
the precision of construction behavior image recognition obtained by IGNN model training, and the 
evaluation results obtained are shown in Table 5. It can be seen from the table. The results of each 
index of the model are above 90%, and the recognition accuracy reaches 98.74%. It shows that the 
IGNN model can be effectively used in the image recognition of construction behavior. 
  



OPTIMIZATION AND APPLICATION OF IMAGE RECOGNITION 4375 

 

Table 5. Model accuracy evaluation results 

Evaluation index Evaluation result(%) 

A 98.74 

R 91.38 

AP 90.29 

mAP 93.46 

4.2.3. Analysis of results. In this section, based on the analysis of various types of suspected illegal 
construction behaviors, ten types of construction behaviors with broader coverage are selected as the 
image recognition objects of the IGNN model in this paper, followed by pre-processing and image 
annotation of more than 80,000 tower monitoring images obtained to obtain training sample data that 
meets the training standards of the model, and then constructing the IGNN model training 
environment based on the Detectron2 framework development. The model training environment is 
developed and constructed based on the Detectron2 framework after 300,000 iterations of training to 
obtain the construction behavior image recognition model. Finally, the accuracy of the image 
recognition model of suspected illegal construction behavior obtained by training is evaluated by using 
the test dataset. Combined with the actual detection effect, most of the construction behaviors in the 
test images that meet the deϐinition of this paper can be effectively identiϐied, so it can be concluded 
that the algorithm trained based on the IGNN model in this paper can meet the requirements of the 
actual image recognition of suspected illegal construction behaviors. 

4.3. Video Surveillance 

4.3.1. Experimental methods: 
1) Data Selection and Preprocessing. Data set selection is crucial for studying video surveillance image 
recognition technology. The experiments use video surveillance datasets from different scenarios, 
including city street scenes, trafϐic intersections, shopping malls, and factory interiors. These datasets 
include video frames with various weather conditions, lighting variations, and target sizes. The 
experiment performs the following steps in data preprocessing: ϐirst, the images are calibrated and 
corrected to ensure viewing angle and scale suppression. Second, data enhancement, including 
random rotation, cropping, blurring, and noise injection, is performed to simulate various situations 
in real surveillance scenes. Finally, the dataset is divided into training, validation, and test sets to 
ensure the effectiveness of model training and performance evaluation. 
2) Model training and optimization strategy. Model training is divided into two stages. We want to use 
the dataset for initial training and then ϐine-tune the model to a speciϐic video surveillance task. For 
model optimization, the experiments use the stochastic gradient descent method to optimize the 
model. To avoid overϐitting, the experiments apply batch regularization and early stopping strategies. 
In addition, the convergence speed and performance of the model are improved by exploring different 
learning rate scheduling strategies. 

4.3.2. Experimental results and analysis: 
1) Comparison of recognition accuracy in different scenes. To compare the recognition accuracy in 
different scenarios, 3000 frames of images were randomly selected from multiple video surveillance 
scenes covering different weather conditions, lighting variations, and target sizes. Each image was 
manually labeled to indicate the target category in the image. 

In the experiments, three different models are used for recognition, including ResNet50, MobileNet 
v2, and the IGNN model in this paper. The models are all trained in the same hardware environment, 
and their performance is evaluated on the same test dataset. The recognition accuracies of different 
models in different scenarios are shown in Table 6. From Table 6, it can be seen that the IGNN model 
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exhibits the highest recognition rates in city street scenes, trafϐic intersections, shopping malls, and 
factory interiors, with 96.37%, 94.52%, 95.38%, and 92.17%, respectively. The ResNet50 model, 
although it performs a little bit less well in these scenarios, still has high recognition accuracies, with 
91.53%, 89.82%, 90.82%, 91.53%, and 92.17%, respectively, for the different scenarios, 89.82%, 
90.08%, and 90.42%. The MobileNet v2 model exhibits the worst recognition accuracy, 85.48%, 
82.39%, 84.37%, and 80.08% in different scenarios, respectively. This indicates that the IGNN model 
in this paper has an advantage in processing temporal information in video surveillance data. 

Table 6. The identiϐication accuracy of different models in different scenarios 

Model 
Accuracy of identification in different scenarios/% 

Street view Traffic junction Mall Factory interior 

IGNN 96.37 94.52 95.83 92.17 

ResNet50 91.53 89.82 90.08 90.42 

MobileNet v2 85.48 82.39 84.37 80.08 

2) Impact analysis of robustness and lighting conditions. Four typical lighting conditions are selected 
for the experiment: bright daytime, sunset, street lighting at night, and darkness at night with no light 
source. Under each lighting condition, different models are used for image recognition, and each case's 
recognition accuracy is recorded. The recognition accuracies of different models under different 
lighting conditions are shown in Table 7. It is clear from Table 7 that all models show good recognition 
accuracy under bright daytime conditions, with the IGNN, ResNet50, and MobileNet v2 models 
achieving 96.73%, 94.38%, and 89.25%, respectively. However, when the lighting conditions become 
more challenging, both ResNet50 and MobileNet v2 models show a signiϐicant decrease in accuracy, 
and only the IGNN model shows a smaller decrease of 9.76% in recognition accuracy under completely 
dark lighting conditions. This indicates that the IGNN model still performs well under poor lighting 
conditions. 

Table 7. Identiϐication accuracy of different models under different lighting conditions 

Model 
Accuracy of identification under different lighting conditions/% 

Brightness Sunset Lighting Darkness 

IGNN 96.73 94.26 89.72 86.97 

ResNet50 94.38 87.53 77.48 70.83 

MobileNet v2 89.25 81.28 72.03 64.26 

5. Conclusion 

In this paper, three optimization modules are added to the two-node graph neural network DouN-GNN 
model to solve the problem of its low overall recognition accuracy. The optimized IGNN model is 
applied to real-world scenarios such as agricultural weed recognition, natural resource enforcement, 
and video surveillance. 
1) The model's recognition accuracy for agricultural weeds is as high as 98.39%, which is 4.26% higher 
than that of the next best-performing ResNet50 model. And the model has the highest accuracy, 
precision, recall and F1 score values. Meanwhile, the overall classiϐication and recognition accuracy of 
the IGNN model in classifying and recognizing nine types of agricultural weeds, such as apple and 
snakeweed, also reached the ideal state. It indicates that the IGNN model performs well in agricultural 
weed recognition. 
2) In the model of construction behavior image recognition, the results of all indicators are more than 
90%, and the recognition accuracy is as high as 98.74%. Combined with the actual detection results 
found in the test image, they align with the deϐinition of this paper's construction behavior most can 
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be effectively recognized. The image recognition based on the IGNN model in this paper can promptly 
detect all kinds of illegal construction behaviors in construction projects, fully reϐlecting the trend of 
intelligence in natural resources law enforcement. 
3) The IGNN model shows the highest recognition rate in video surveillance image potential 
recognition in different scenarios, with a recognition accuracy of 96.37%, 94.52%, 95.38%, and 92.17% 
in urban street scenes, trafϐic intersections, shopping malls, and internal scenes of factories, 
respectively. Meanwhile, the performance of IGNN remains stable under different lighting conditions, 
and the recognition accuracy of the IGNN model in completely dark lighting conditions decreases by 
only 9.76% compared with that in bright lighting conditions. It shows that the image recognition 
algorithm based on the IGNN model can greatly meet the requirements of video surveillance in 
different scenes and lighting conditions. 

References 

[1] Wu, Z., Pan, S., Chen, F., Long, G., Zhang, C., & Philip, S. Y. (2020). A comprehensive survey on graph neural 
networks. IEEE transactions on neural networks and learning systems, 32(1), 4-24. 

[2] Sarlin, P. E., DeTone, D., Malisiewicz, T., & Rabinovich, A. (2020). Superglue: Learning feature matching 
with graph neural networks. In Proceedings of the IEEE/CVF conference on computer vision and pattern 
recognition (pp. 4938-4947). 

[3] Knyazev, B., Taylor, G. W., & Amer, M. (2019). Understanding attention and generalization in graph neural 
networks. Advances in neural information processing systems, 32. 

[4] Shen, Y., Li, H., Yi, S., Chen, D., & Wang, X. (2018). Person re-identiϐication with deep similarity-guided 
graph neural network. In Proceedings of the European conference on computer vision (ECCV) (pp. 486-
504). 

[5] Yuan, H., Yu, H., Wang, J., Li, K., & Ji, S. (2021, July). On explainability of graph neural networks via subgraph 
explorations. In International conference on machine learning (pp. 12241-12252). PMLR. 
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