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Abstract


The grassland ecosystem plays a crucial role in providing ample forage resources for grassland animal husbandry, ensuring its development. Identifying grassland forage is essential for understanding forage resources and cultivating high-quality forage. To address the low accuracy of forage image identification and the issue of some features being ignored during image preprocessing, we have proposed a novel forage identification model, Dual-attention Auto-Encoding Dense Convolution Network (DAEDN), which has not been applied to forage identification before. DAEDN simultaneously calculates the weighted features of both channels and spaces, and utilizes Auto-Encodings to better capture the data, thereby enhancing the feature extraction capability and identification classification performance for grassland forage data. Additionally, it enhances the analysis of edge, texture, and other detailed features by leveraging the feature reuse and direct connection of each layer in the dense convolution structure. We evaluated the model performance through six evaluation parameters including overall accuracy (OA) and average accuracy (AA) and verified the effectiveness of the model by comparing it with popular convolutional neural network models. Experimental results show that the identification accuracy of DAEDN is 98.31%. Experiments proved that DAEDN enhanced ability to extract forage features, improved identification accuracy, and offered a new approach for the identification research of forage hyperspectral images.
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1. Introduction


Grasslands play a crucial role in China’s economic development through climate regulation, water conservation, and soil protection [1,2]. In addition, grasslands provide abundant forage resources for livestock, thereby supporting animal husbandry. Within grassland ecosystems, forage plants represent a diverse array of plant resources [3,4], characterized by strong regenerative capacity and high contents of trace elements and vitamins. They serve as an important feed source for animal husbandry. Forage plants also contribute to improving the grassland ecological environment by preventing soil erosion, maintaining soil moisture, conserving water resources, and combating desertification [5].



Currently, global forage research focuses on improving quality and yield, intelligent monitoring, ecological conservation, and integrated crop–livestock systems, forming a multidisciplinary and multi-scenario research framework [6,7]. In temperate pastoral regions, efforts emphasize ecological improvement of forested pastures, optimizing forage community structures, and enhancing feed quality. Tropical forage research centers on intelligent monitoring and mixed cropping, utilizing multispectral remote sensing combined with machine learning models to non-destructively and accurately predict forage biomass and nutritional quality, thereby establishing a comprehensive intelligent decision-making system for grazing nutrition. Global forage research is characterized by intelligence, ecological sustainability, and precision, driving further development of grassland animal husbandry [8,9].



The cultivation and research of high-quality forage seeds in China began relatively late, resulting in a shortage of superior forage varieties and a heavy reliance on imports. Facing a shortage of over 40 million tons of high-quality forage, China urgently needs to address key issues related to forage germplasm resources, breeding, genetics, and other critical areas. It is essential to develop high-yielding, high-quality forage varieties that are well suited to the country’s diverse regions and environmental conditions. Accurate forage identification is critical for this endeavor, as different forage varieties exhibit distinct growth habits and nutritional values. By accurately identifying forage germplasm resources, researchers can gain insights into the characteristics, growth requirements, genetic factors, and other essential information of different forage varieties [10]. This knowledge enables targeted improvement, breeding, and cultivation practices to enhance forage quality and yield, increase the utilization rate of high-quality forage, and meet the demands of the livestock industry [11,12]. Currently, forage identification relies heavily on manual experience and traditional methods, resulting in low accuracy and inefficiency in the rapid assessment of large forage areas. Therefore, rapid and accurate identification of grassland forage is of great significance for the research, development, cultivation, and planting of forage resources.



Hyperspectral imagery (HSI) has become an important tool in agricultural monitoring and analysis. Hyperspectral images combine spatial and spectral information, providing continuous, high-resolution, multi-band image data [13,14,15]. HSI can capture spatial information in the X and Y dimensions, as well as spectral information in the Z dimension, thereby enhancing the detection and identification of objects [16,17]. It has been widely used in food safety [18], agricultural development [19], aerospace [20], environmental monitoring [21], and other fields. Xu [22] introduced the MSR-3DCNN model, which expanded the concepts of multi-scale features and convolution by incorporating the spectral dimension. This model used three-dimensional convolution and residual connections, effectively leveraging spectral band information. Qing [23] proposed the 3DSA-MFN model, which integrated spatial and spectral features of feature maps through three-dimensional multi-head self-attention. By enhancing the three-dimensional multi-head self-attention mechanism, they achieved superior results on public datasets. Xue [24] employed partial least squares discriminant analysis (PLS-DA) and support vector machine (SVM) modeling to analyze hyperspectral samples of sandalwood-like rosewood. The classification model, which combined SVM with normalized preprocessing, achieved a prediction accuracy of more than 99.8%.



Deep learning learns feature representations and data patterns by constructing deep neural network models. It has been successfully applied in various fields, such as image processing, speech recognition, and natural language processing [25,26,27,28]. Dense convolutional network, or DenseNet, is a neural network architecture in which each layer is connected to other layers in a feed-forward manner. Each layer receives additional input from all preceding layers and passes its features to all subsequent layers, ensuring maximum information flow throughout the network [28,29,30]. Kuang [31] used DenseNet to develop a model for single-image super-resolution tasks. This model can learn the mapping relationship between low-resolution and high-resolution images and generate high-resolution images from low-resolution inputs. The study demonstrated promising results across various datasets. Liu [32] presented a cloud detection method for remote sensing images that incorporates an attention mechanism. After augmenting samples with cloud labels and applying preprocessing, they used DenseNet as the model and incorporated dilated convolutions to enlarge the receptive field. The detection accuracy for remote sensing cloud images exceeded 95%. Liang [33] proposed a novel classification approach based on a multi-scale densely connected convolutional network and a bidirectional recurrent neural network with an attention framework. DenseNet was used to extract multi-scale spatial information and exploit spatial feature correlations within convolutional layers, while the recurrent network captured spectral correlations across the continuous spectrum.



The attention mechanism focuses on information that is most relevant to the current task. It can efficiently learn feature weights, focus on important information, and guide the network toward regions that require greater attention [34,35,36]. Numerous studies have integrated attention mechanisms with DenseNet to strengthen feature extraction capabilities and improve image recognition accuracy. Zhang [37] combined DenseNet and an attention mechanism within a CNN, using multi-scale convolution and three-dimensional convolution for feature extraction, followed by dense analysis and weighted feature processing. Zhang et al. [38] proposed a Transformer-CNN-based method for alpine meadow condition recognition. The proposed framework integrates UAV imagery with the Am-mask segmentation model to automatically identify grassland terrain, vegetation abundance, and degradation conditions. Wang [39] proposed the Gradient Aggregated Residual Dense Block, which incorporates Sobel and Laplacian operators to preserve both strong and weak texture features. They then introduced spatial and channel attention mechanisms to refine the channel and spatial information of feature maps, thereby enhancing the model’s ability to capture information. Peng [40] proposed Siamese NestedUNet with Attention Feature Fusion (SNAFF), a network based on dense connections and attention feature fusion. This architecture extracts multi-level dual-sequential features through a Siamese network and combines global and local information for effective feature fusion. Finally, a deep supervision strategy is implemented to address issues related to vanishing gradients and slow convergence.



Currently, hyperspectral datasets dedicated specifically to forage research remain scarce. Researchers aiming to study forage hyperspectral images must therefore rely on publicly available datasets or satellite remote sensing images, such as the Indian Pines, Pavia University, and WHU-Hi datasets [41,42,43]. However, these datasets contain a variety of land-cover types in addition to forage, including buildings, streets, and crops, and can thus only be used for general land-cover identification and classification, offering limited practical value for forage research. Moreover, although satellite remote sensing images may provide high spatial resolution, they are unsuitable for the detailed identification of forage characteristics because they are acquired from a considerable distance above the ground. Forage plants are typically small, and the areas where they grow often contain multiple species. Hyperspectral images with high spatial resolution are therefore necessary to accurately capture the color, shape, and other features of forage. To address these issues, we collected near-ground hyperspectral images of forage in the field and established a dedicated forage HSI dataset.



Existing studies on hyperspectral images generally require image preprocessing to mitigate noise and atmospheric interference [44,45]. However, preprocessing can lead to information loss, hindering the analysis of edges and fine details and consequently reducing identification accuracy. In view of these limitations, and building upon the near-ground forage HSI images we acquired in the field, we propose a novel Dual-attention Auto-Encoding Dense Convolution Network (DAEDN) for forage HSI image identification. This attention encoding mechanism can effectively enhance the feature extraction ability of the data and improve the learning and recognition performance of forage grass data. DAEDN not only improves the accuracy of grassland forage identification and classification efficiency, but also provides theoretical methods and technical support for forage variety breeding and improvement, as well as a data foundation and technical support for grassland monitoring.



DAEDN first computes feature weights along the channel and spatial dimensions and then ranks the weighted features. The encoder is subsequently employed to analyze the nonlinear structure of the data, reconstruct the data, reduce dimensionality, and eliminate noise. This integration enables preprocessing to be embedded within the model, thereby improving data utilization efficiency. Subsequently, the dense connections and feature reuse mechanism of the model are leveraged to reduce the number of network parameters and computational cost, enhance network efficiency, and support high-precision identification of forage HSI.



Our main contributions are as follows:




	
We acquired high-resolution forage HSI images in the field and constructed a forage hyperspectral dataset.



	
We propose a novel method that integrates preprocessing into the network. By calculating feature importance, reducing data dimensionality, and removing noise, the proposed method achieves preprocessing effects within the model.



	
DAEDN not only exploits the advantages of dense connections and feature reuse but also enhances search capability and data utilization efficiency through the attention-based encoder mechanism. Furthermore, it strengthens data representation in both channel and spatial dimensions.









2. Experiment Data


Field near-ground forage hyperspectral images were captured from August 2020 to August 2022 at the Chinese Academy of Agricultural Sciences Grassland Research Institute (CAAS), Hohhot, China (40°34′ N, 111°45′ E, Figure 1). This location spans 371.27 hectares and is characterized by forages, legumes, crops, and forests, with an altitude of 1044 m. The average annual precipitation is 500 mm, with an average annual temperature of approximately 6 °C.



The forage types collected encompass 10 varieties, including Agropyron mongolianum and Old wheat awn. The Opti HyperSpec®PTU-D48E hyperspectral imager (Hohhot, China)was utilized to capture near-ground images, operating within a spectral range of 400 nm to 1000 nm. The imager was mounted on a tripod during the image acquisition process. Prior to capturing images, equipment parameters were configured, setting the initial lens angle to 35°, exposure time to 300 ms, and scan length to 25°. The distance between the lens and the grass ranged from 50 cm to 100 cm, with each image containing only one type of grass. Subsequently, an image W was taken, and the collected absolute image I was transformed into a hyperspectral image X (Equation (1)).


  X =    I − b   W − b     



(1)







Each image takes approximately 4 min to capture and is scanned frame by frame from left to right. The quality of the imaging process can be affected by weather conditions such as lighting and wind speed. As a result, we conduct the shooting between 9–14 o’clock when there is minimal wind and ample natural light available. Thus, image quality is effectively enhanced, and the impact of weather conditions and climate is reduced. At the same time, since we use ground-based equipment to collect data, interference from other factors is minimal, resulting in higher imaging quality.



Prior to capturing the images, it is essential to calibrate the initial black and white striped image. This involves setting the exposure time to 300 ms and identifying relatively clear black stripes as the initial DN value. Subsequently, adjustments can be made to the exposure time and focus to enhance the clarity of the stripes. Once the black stripes are distinctly visible and the DN value falls below 3000, the images can be acquired. Following numerous iterations of adjustments, a total of 75 hyperspectral images of near-ground grass were obtained, each with dimensions of 1004 × 972 × 125. Here, 1004 represents the width, 972 denotes the height, and 125 signifies the number of bands. The spatial resolution of these images is recorded at 6.5 cm. Figure 2 illustrates a false color image showcasing 10 different types of forage.



Current research on hyperspectral images has primarily focused on pixels, while some studies have delved into image appearance and other characteristics. Our specific focus is on extracting texture, color, size, and other relevant features from forage images. Given that our images are near-ground hyperspectral images, each image can only capture one type of forage, limiting the number of available samples. To address this limitation, we employed cropping and rotation operations to enhance sample size. We established a cropping frame of size 40 × 40 and randomly cropped 1000 images from each of the 10 types of forage, resulting in a total of 10,000 forage hyperspectral images. Subsequently, we selected 10 forage images and performed 90° and 180° rotations, generating a total of 20,000 forage hyperspectral images sized 40 × 40 × 125, where 40 represents the width and height of the image, and 125 denotes the number of bands. The forage data information is detailed in Table 1.



We use Principal Component Analysis (PCA) as the preprocessing method. PCA identifies the primary directions of change within the data and projects the data along these directions, effectively reduces the dimensionality of the dataset while preserving a significant amount of the original information, eliminating redundant data and noise, and maintains the integrity of the original data as much as possible.




3. Methods


In traditional HSI identification and classification research, preprocessing plays a vital role in removing redundancy and suppressing interference. However, this process may also result in the loss of certain features, potentially leading to reduced accuracy. All forage images used in this study were acquired in the field. Because these images were captured at close range, noise and forage features are difficult to separate, even in the absence of other major interference factors. To address these issues, we propose a dual-attention Auto-Encoding dense convolution network (DAEDN) that enhances the connections between channel and spatial information. The proposed network computes weights along both dimensions, strengthens the feature representation capability of channel and spatial information, suppresses unimportant information, and integrates the preprocessing steps into the model.



3.1. Dual-Attention Auto-Encoding Dense Convolution Network


The Dual-attention Auto-Encoding Dense Convolution Network (DAEDN) incorporates dual attention mechanisms for both channel and spatial features. It simultaneously calculates feature weights in the channel and spatial dimensions and improves feature performance by outputting weighted features. In addition, the network uses an Auto-Encoding to learn nonlinear manifold data, which helps capture the underlying structure of the data and facilitates data reconstruction. The Auto-Encoding also assists in dimensionality reduction and denoising, serving as a preprocessing step to enhance data utilization efficiency.



Subsequently, the processed images are fed into dense convolution layers for further feature extraction, focusing on detailed characteristics such as edges and textures. The dense convolutional structure enables direct connections between layers, improving data transmission and feature reuse while reducing model parameters. Overall, DAEDN enhances generalization ability by effectively learning and aggregating information within the target area.



As shown in Figure 3, DAEDN first uses a 2D convolution layer to extract image features. This layer does not perform dimensionality reduction or compression, ensuring that the shape and dimensions of the output data remain consistent with those of the input data. Subsequently, channel attention is applied to obtain weighted channel features, followed by the generation of features with different dimensions through max pooling and average pooling. The data are then fed into a multi-layer perceptron (MLP) to learn dependencies between channels and output channel-weighted features.



Meanwhile, the data undergo spatial attention to generate weighted spatial features. The spatial weights of the feature maps are normalized and multiplied by the feature maps to obtain spatially weighted features. The weighted channel and spatial features are then integrated, and the data are reconstructed and dimensionally reduced by the Auto-Encoding through a 7 × 7 convolution layer. The use of a larger convolution kernel at the beginning of the network provides a larger receptive field, thereby reducing the computational burden while extracting image features.



Finally, Dense Blocks are used to extract weighted features, followed by Transition layers for downsampling. This approach enables the network to focus on key features for classification, enhance feature representation, and suppress unnecessary information. The Dense Block uses dense connections to facilitate direct feature transfer between layers and improve transmission efficiency. Each Dense Block follows a BN + ReLU + 1 × 1 Conv + BN + ReLU + 3 × 3 Conv structure. Finally, the classification results are obtained through the softmax layer.



3.1.1. Dual-Attention Mechanism


The dual-attention mechanism (Figure 4) is a lightweight structure that incorporates both channel attention and spatial attention. It calculates weights along the channel and spatial dimensions in parallel and then multiplies these weights with the feature maps to effectively refine features [46,47]. Yin [48] introduced a hybrid CNN-Transformer architecture called CTCANet, which embeds image features into a token sequence and passes them through a cascade decoder that combines shallow fine-grained features. Zhang [49] proposed a DFL-UNet + CBAM model that integrates the CBAM mechanism to adjust the weight relationships among features in the effective feature layer extracted by the backbone network and the initial upsampling result. These models generally follow a sequential structure from channel attention to spatial attention by connecting the two attention mechanisms in series.



In contrast, we connect the two mechanisms in parallel. From the perspectives of channel and spatial information, this design improves information complementarity and captures key information more comprehensively and accurately. The dual attention mechanism reduces the computational burden of convolutions by using a limited number of pooling layers and feature fusion operations. Spatial attention enables the neural network to prioritize crucial regions within the image for classification, while channel attention facilitates the allocation of feature channels. By integrating feature information from different dimensions, the model can capture image details more comprehensively and accurately, thereby enhancing its expressive and generalization capabilities.



The channel attention mechanism (Figure 5) initially conducts MaxPool and AvgPool operations on the features F, followed by passing them through a MLP to capture channel dependencies. The final step involves multiplying the weights and features by the sigmoid function σ to derive the channel weighted feature Mc.


    M c   F  = σ   M L P   A vg P o o l  F    + M L P   Max P o o l  F         = σ    W 1     W 0     F  a v g  c      +  W 1     W 0     F  max  c          



(2)







The spatial attention mechanism (Figure 6) also performs MaxPool and AvgPool operations to stack the two pooled feature maps in the spatial dimension and then uses a 7 × 7 convolution kernel to reduce the dimension to a single-channel feature map. The spatial dimension weight Ms is obtained by multiplying the input feature map with the weight.


    M s   F  = σ    f  7 ∗ 7     [ A vg P o o l  F  ; Max P o o l  F  ]        = σ    f  7 ∗ 7     [  F  a v g  s  ;  F  max  s  ]       



(3)








3.1.2. Auto-Encoding


Auto-Encodings [50,51] consist of an encoder and a decoder. The encoder transforms input data into a low-dimensional space by using hidden layers to capture features at different levels. The decoder maps the low-dimensional representation back to the original input space, thereby reconstructing the data. To effectively leverage the weighted features obtained from the attention mechanism, this study incorporates an Auto-Encoding to reduce data dimensionality and remove noise. The encoder analyzes the sorted weighted features, captures features at different dimensions, and reduces data dimensionality. The subsequent network structure is then used to extract image features without increasing dimensionality or reconstructing the data. Therefore, the encoder serves as the key component of the Auto-Encoding module.



The encoder (Figure 7) consists of a multi-layer convolution neural network. Through forward propagation, it linearly combines weight matrices and bias terms to generate new feature representations. These representations are passed through a nonlinear activation function to produce a low-dimensional representation in the hidden space. The final output captures the encoded important features.




3.1.3. Dense Block


Each layer of Dense Block can obtain additional input from all previous layers and pass features to all subsequent layers, ensuring the maximum information flow between each layer. Dense Block improves information flow and gradients through dense connections and feature reuse. Each layer has direct access to the loss function and the gradient of the original input signal, which facilitates the training of deep networks.



Dense Block adopts DenseBC structure (Figure 8) and is connected by Transition. DenseBC consists of BN + ReLU + 1 × 1 Conv + BN + ReLU + 3 × 3 Conv. A 1 × 1 convolution is added to each original structure, reducing the number of feature maps. Transition consists of 1 × 1Conv + AvgPooling, and the parameters are further compressed through downsampling transition connections. Assuming that the number of feature channels obtained by Transition through the previous Dense Block is m, the Transition layer can generate θ m features, and θ ϵ (0,1] represents the compression coefficient.



Dense Block also has an important hyperparameter growth rate: K. Each layer uses K convolution kernels. Assuming that the number of feature channels in the input layer is k0, the number of channels in the Lth layer is k0 + k (L − 1), so the L layer has      L ( L + 1 )   2      concat connection. Dense Block is calculated as shown in Equation (4), x is the input information, and Hl is the composite function.


   x l  =  H l    [  x 0  ,  x 1  , … ,  x  l − 1   ]    



(4)









3.2. Comparison Method


The experiment compared four convolutional neural network models: 3DCNN [52], VGG-16 [53], 3DSECNN [54] and CBAM-DenseNet [55]. 3DCNN can extract features in three dimensions, with each feature connected to multiple adjacent features in the previous layer. This enables the model to better capture spectral and spatial features and improves its ability to utilize feature information.



VGGNet increases the number of network layers to 16 or 19, thereby enhancing the expressive capacity of the network. It also replaces large convolutional kernels with multiple smaller convolutional kernels, which improves feature learning capability. 3DSECNN integrates 3DCNN with channel attention to enhance the model’s feature extraction capability. By calculating channel weights, the model highlights channels with higher weights, thereby improving its ability to identify crucial features.



CBAM-DenseNet combines channel attention, spatial attention, and DenseNet. The channel and spatial attention mechanisms are connected sequentially, enhancing the model’s ability to identify important features while leveraging the advantages of dense convolution networks.




3.3. Experimental Evaluation Parameters


The experimental equipment uses Lenovo Savior Y9000P, Inter(R) Core i7-12700H, 32 GB memory, and 64-bit Windows 11 operating system. We train for 100 epochs. Adam optimizer was chosen due to its good interpretability for hyperparameters and ability to adapt to changing learning rates based on both the mean and squared gradient values. The evaluation of the experiment included 6 indicators: overall accuracy (OA), average classification accuracy (AA), Precision, Recall, Kappa, and Time.



OA represents the ratio of correctly classified samples divided by the number of test sample, where TP represents True Positives, FN represents False Negatives, FP represents False Positives, and TN represents True Negatives.


  OA =    TP + TN   TP + FN + FP + TN     



(5)







AA represents the average of all classification accuracy rates, C is the total number of categories, Ni+ is the total number of samples of the i-th category, and Nii represents the number of samples that actually belong to the i-th category and are predicted to be the i-th category.


  AA =   1 C     ∑  i = 1  C      N  i i      N  i +        



(6)







Precision represents the proportion of the true results in the correct samples.


  P =    TP   TP + FP     



(7)







Recall represents the number of correct predictions among samples whose true values are correct.


  R =    TP   TP + FN     



(8)







The Kappa coefficient represents the statistical consistency, po represents OA, pe is the expected accuracy value of random classification, N is the total number of samples, and N+i is the total number of samples predicted to be the i-th category. Time is the training time.


  Kappa =     p o  −  p e    1 −  p e      



(9)






   p e  =   1   N 2       ∑  i = 1  C    N  i +     ×  N  + i    



(10)









4. Experiment Results and Discussion


4.1. Dataset and Parametric Analysis


4.1.1. Dataset Division


Partitioning the dataset is an important step in evaluating the generalization ability of the model. It is also one of the important factors affecting the experimental results. we divided the dataset into training sets of 20%, 40%, 60%, 70% and 90%, respectively, and conducted experiments to compare their differences. The results (Figure 9) demonstrated that inadequate training samples lead to an inability to effectively train on a large dataset and extract necessary features, resulting in decreased accuracy. Conversely, an excess of training samples significantly slows down the model’s speed, as the surplus data burdens the model and leads to reduced experimental accuracy. Optimal results were achieved when the training set comprised 70% of the dataset, reaching the highest accuracy level. Therefore, we are setting the training set to 70% of the dataset.




4.1.2. Learning Rate


The learning rate determines how quickly the model’s weights are updated during training. If set too high, the model may become unstable or fail to converge, while a too low learning rate can lead to slow training and it will fall into a local optimal solution. Therefore, selecting the appropriate learning rate is essential for model training. In this study, learning rates of 0.001, 0.0001, 0.0003, 2 × 10−3, and 2 × 10−5 were tested. The experimental results (Figure 10) demonstrate that setting the learning rate to 2 × 10−3 yielded the best performance and highest identification rate.




4.1.3. Batch Size


Batch size plays a crucial role in the training process, model performance, and computational efficiency. Selecting an appropriate batch size allows for optimal utilization of hardware resources and efficient parallel computing. We experimented with batch sizes of 16, 32, 48, 64, and 72. The experimental results are shown in Figure 11. Smaller batch sizes result in more frequent gradient updates. Larger batch sizes lead to slower experiment speeds and increased memory consumption. A batch size of 32 offers the fastest training speed and the best experimental results.





4.2. Experiment Results


The experiment results are shown in Table 2 The classification accuracy of DAEDN is 98.31%. Notably, the identification outcomes for 10 types of forage were highly good, with an identification accuracy of 100% for 3 types. The experiments revealed that the incorporation of the channel and space dual-attention mechanism enhanced feature extraction across both channel and spatial domains, subsequently reconstructing these weighted features through an Auto-Encoding. Such a strategy proved beneficial for learning pertinent information, showcasing remarkable data dimensionality reduction and denoising capabilities. By leveraging dual attention parallelism in conjunction with the encoder, DAEDN effectively enhances the performance of key features and reduces data dimensionality. Consequently, this enables the identification of crucial information with greater precision.



The training process changes as shown in Figure 12. The confusion matrix is shown in Figure 13. The x-axis represents the predicted value, and the y-axis represents the true value; abbreviations of the x and y axes are the name abbreviations of the 10 forage species, and a scale of 0–500 indicates the color change corresponding to the number of correctly classified samples.




4.3. Comparative Analysis of the Convolution Neural Network Models


To better verify the feasibility of this research, we compared DAEDN with four models: 3DCNN, 3DSECNN, VGG-16, and CBAM-DenseNet (CAD). The performance of each model was evaluated using six experimental indicators. The experimental results are shown in Table 2, and the training processes of the five models are shown in Figure 14. The classification accuracy and overall performance of DAEDN are superior to those of the other methods.



The experimental results demonstrate the following: (1) 3DCNN has limited feature extraction capabilities and weak feature analysis abilities, resulting in low identification accuracy. (2) VGG-16 increases network depth and enhances data analysis and feature mining capabilities. However, it does not sufficiently improve the utilization of spatial features, resulting in lower performance than the other models. (3) Both 3DSECNN and CAD incorporate attention mechanisms into the network. 3DSECNN uses a channel attention mechanism, whereas CAD incorporates both channel and spatial attention mechanisms, enabling weighted calculations of channel and spatial features for more comprehensive feature analysis. In addition, CAD uses deeper network layers to enhance feature extraction and analysis capabilities, resulting in better performance than 3DSECNN. (4) Both CAD and DAEDN use channel and spatial attention mechanisms. Deep networks are also helpful for analyzing extracted features. However, DAEDN not only computes weighted features but also reduces dimensionality and reconstructs these features, thereby enhancing the model’s ability to learn complex features and reducing computational costs. As a result, DAEDN achieves the best experimental results and the highest identification accuracy.



Among the five models, DAEDN demonstrates the highest identification accuracy and the shortest training time. Additional evaluation metrics further support the model’s exceptional experimental outcomes. These results indicate that the approach proposed excels in capturing crucial features and enables precise identification research in forage hyperspectral imaging.





5. Conclusions


Based on the problem that HSI images lose some features after preprocessing operations and the low accuracy of identifying forage hyperspectral images, this paper proposes the idea of integrating preprocessing operations into the network and proposes DAEDN to verify this idea. Experimental results demonstrate that DAEDN achieves an identification accuracy of 98.31%, significantly improving the identification of forage to a high level. This study contributes to high-precision identification research on forage hyperspectral images.



The main work of this paper is as follows: (1) Captured high-resolution forage HSI images in the field and established a forage hyperspectral dataset. (2) Proposed a new data processing method, which utilized the attention mechanism and Auto-Encoding for feature sorting, removal of low-weight data, dimensionality reduction, and denoising to achieve preprocessing effects. (3) Proposed DAEDN verification. DAEDN highlights the advantages of direct interconnection of each layer of the dense convolutional network, strengthens the efficiency of feature utilization, and improves the efficiency of analyzing features through the attention mechanism combined with the Auto-Encoding. In the future, we will strengthen research on forage, continue to deeply explore the rich feature information of hyperspectral images, and improve the accuracy and efficiency of forage identification.
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Figure 1. Study area. 
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Figure 2. Hyperspectral pseudocolor images of forage. 
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Figure 3. Schematic diagram of DAEDN. 
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Figure 4. CBAM schematic. 
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Figure 5. Schematic diagram of channel attention mechanism. 
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Figure 6. Schematic diagram of spatial attention mechanism. 
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Figure 7. Encoder diagram. 
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Figure 8. Dense BC diagram. 
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Figure 9. Experimental results of different training ratio data. 
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Figure 10. Experimental results of learning rates. 
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Figure 11. Experimental results of batch size. 
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Figure 12. Relationship between accuracy, loss and training times of DAEDN. 
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Figure 13. Confusion matrix of DAEDN. 
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Figure 14. Results of accuracy changes of five methods. (a) 3DCNN, (b) VGG-16, (c) 3DSECNN, (d) CAD, (e) DAEDN. 
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Table 1. Information table of forage hyperspectral image.
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	Num
	Forage
	Sample Size





	1
	Agropyron mongolianum
	2000



	2
	Old wheat awn
	2000



	3
	Festuca rubra
	2000



	4
	Oats
	2000



	5
	Yellow flower hybrid alfalfa
	2000



	6
	Wheatgrass glabra
	2000



	7
	Elymus canadensis
	2000



	8
	Bromegrass
	2000



	9
	Melilotoides erect
	2000



	10
	Festuca dahurica
	2000










 





Table 2. Experimental results of five models (%).
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	Forage
	3DCNN
	VGG-16
	3DSECNN
	CAD
	DAEDN





	Agropyron mongolianum
	85.54 ± 2.08
	92.03 ± 2.44
	95.77 ± 1.13
	98.11 ± 1.03
	100 ± 1.16



	Old wheat awn
	83.07 ± 1.58
	89.76 ± 2.91
	93.31 ± 0.97
	93.85 ± 0.55
	97.82 ± 0.93



	Festuca rubra
	90.55 ± 3.54
	84.53 ± 0.50
	94.00 ± 1.56
	94.78 ± 1.23
	97.75 ± 0.90



	Oats
	86.47 ± 1.92
	85.99 ± 0.76
	93.86 ± 2.31
	91.60 ± 1.15
	100 ± 2.05



	Yellow flower

hybrid alfalfa
	88.20 ± 1.13
	90.55 ± 1.25
	91.73 ± 3.10
	93.38 ± 2.36
	96.22 ± 1.44



	Wheatgrass glabra
	85.42 ± 0.64
	93.54 ± 1.40
	89.57 ± 2.84
	97.41 ± 0.87
	98.36 ± 1.67



	Elymus canadensis
	80.58 ± 2.67
	88.18 ± 0.78
	95.83 ± 1.19
	98.56 ± 1.06
	100 ± 1.82



	Bromegrass
	89.26 ± 1.75
	88.23 ± 0.65
	97.27 ± 0.87
	95.53 ± 1.44
	97.61 ± 0.77



	Melilotoides erect
	91.31 ± 2.44
	90.11 ± 1.10
	93.41 ± 1.32
	92.34 ± 2.58
	98.58 ± 0.45



	Festuca dahurica
	86.74 ± 7.81
	84.31 ± 1.57
	95.50 ± 1.55
	95.08 ± 2.71
	99.22 ± 1.80



	OA
	85.67 ± 1.25
	89.60 ± 0.63
	94.36 ± 1.32
	95.17 ± 0.53
	98.31 ± 0.95



	AA
	83.79 ± 1.31
	87.39 ± 1.30
	92.85 ± 1.75
	93.59 ± 0.72
	96.10 ± 0.82



	Precision
	84.64 ± 0.53
	90.14 ± 1.58
	93.75 ± 0.71
	95.32 ± 0.66
	95.49 ± 0.57



	Recall
	86.77 ± 0.80
	89.22 ± 1.20
	94.55 ± 1.04
	94.88 ± 0.40
	96.12 ± 0.42



	Kappa
	83.57 ± 0.57
	87.15 ± 1.15
	91.29 ± 1.17
	91.25 ± 1.26
	98.44 ± 0.83



	Time (n/epochs, min)
	17.26 ± 3.82
	16.33 ± 2.24
	11.67 ± 2.25
	5.15 ± 2.13
	3.82 ± 1.36
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