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Abstract


Pine wilt disease (PWD) is a highly destructive worldwide forest quarantine disease that has the potential to destroy entire pine forests in a relatively brief period, resulting in significant economic losses and environmental damage. Manual monitoring, biochemical detection and satellite remote sensing are frequently inadequate for the timely detection and control of pine wilt disease. This paper presents a fusion model, which integrates the Mamba model and the attention mechanism, for deployment on unmanned aerial vehicles (UAVs) to detect infected pine trees. The experimental dataset presented in this paper comprises images of pine trees captured by UAVs in mixed forests. The images were gathered primarily during the spring of 2023, spanning the months of February to May. The images were subjected to a preprocessing phase, during which they were transformed into the research dataset. The fusion model comprised three principal components. The initial component is the Mamba backbone network with State Space Model (SSM) at its core, which is capable of extracting pine wilt features with a high degree of efficacy. The second component is the attention network, which enables our fusion model to center on PWD features with greater efficacy. The optimal configuration was determined through an evaluation of various attention mechanism modules, including four attention modules. The third component, Path Aggregation Feature Pyramid Network (PAFPN), facilitates the fusion and refinement of data at varying scales, thereby enhancing the model’s capacity to detect multi-scale objects. Furthermore, the convolutional layers within the model have been replaced with depth separable convolutional layers (DSconv), which has the additional benefit of reducing the number of model parameters and improving the model’s detection speed. The final fusion model was validated on a test set, achieving an accuracy of 90.0%, a recall of 81.8%, a map of 86.5%, a parameter counts of 5.9 Mega, and a detection speed of 40.16 FPS. In comparison to Yolov8, the accuracy is enhanced by 7.1%, the recall by 5.4%, and the map by 3.1%. These outcomes demonstrate that our fusion model is appropriate for implementation on edge devices, such as UAVs, and is capable of effective detection of PWD.
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1. Introduction


Pine wilt disease (PWD) is a worldwide forest disease caused by the pine wood nematode (PWN: Bursaphelenchus xylophilus (Steiner & Bührer) Nickle) caused by the devastating death of pine species, which can be harmful to 70 species of conifers, including 57 species of pine, 13 species of non-pine plants [1]. The disease is often called “cancer of pine” or “fire without smoke” because of its easy spread, fast onset, high mortality rate, and difficulty being controlled. At present, the disease is only distributed in the United States, Canada, and Mexico in China, North America, East Asia, South Korea, Japan, North Korea, Portugal, and other eight countries in Europe. The origin of PWD is North American, and it has been disseminated by human transport. It is now listed as a quarantine pest in 52 countries worldwide [2].



Pine wilt disease was initially identified in China in 1982 on Pinus sylvestris in Zhongshan Ling, Nanjing, Jiangsu Province, and subsequently spread rapidly to the surrounding area and caused massive pine tree mortality. The financial damage caused by PWD in China has fluctuated and increased since 1998, and then, they entered a full-blown outbreak stage in 2013 and 2017. From 1996 to 2010, China’s mean annual economic loss attributable to diverse forest pests and diseases was more than RMB 100 billion, including direct economic and ecological service value losses [3,4,5]. Since 2015, there has been a notable increase in the economic losses incurred because of PWD, with a rate of growth in excess of 40%. The mean total economic damage was estimated at RMB 7.17 billion every year, comprising a direct financial loss of RMB 1.53 billion and an indirect financial loss of RMB 5.64 billion [6].



PWD is a highly infectious and destructive disease that causes considerable economic losses. The symptoms of PWD typically manifest as a gradual change in coloration of the needles, initially from green to yellow, and subsequently to reddish brown. Furthermore, the bark of beetles may be observed in infected areas. The key to controlling and preventing pine wilt disease is the early detection of the disease [7]. The initial detection of pine wilt disease was primarily conducted through manual monitoring of pine forests. This method revealed that the disease typically manifested between April and November, accompanied by a gradual change in the needles from green to yellow and then to reddish brown. Furthermore, the presence of beetle bark in infected areas indicates the disease’s progression. The removal of bark with a knife without shedding resin results in the release of resin. The above characteristics were initially employed as indicators to ascertain whether a pine tree was afflicted with pine wilt disease [8]. However, this method of identification is highly subjective and dependent on experience, with an inherent lack of accuracy. Based on prior experience of using resin to diagnose infection, monitors also employed a method of punching round holes in the xylem of pine trunks to determine whether a pine tree was infected. This involved observing the flow of resin in the holes, which proved to be a simple but still inaccurate method that could only assist in diagnosis [9]. To enhance the precision of pine wilt detection, biologists have put forth a range of biological detection techniques. Morphological detection is a straightforward process that does not necessitate the use of sophisticated instrumentation. Consequently, it is a method that is frequently preferred by laboratories for the detection of pine nematodes [10]. With the advent of molecular biology, biologists have employed techniques such as DNA assay, PCR assay, and RT-PCR assay, which facilitate more precise detection of pine wood nematode disease [11,12,13]. However, these methods lack the requisite timeliness to control pine wilt disease in a timely and effective manner. Researchers are continually proposing novel methodologies for the expedient and precise diagnosis of pine wilt disease. While biological chemistry methods offer a high degree of accuracy, the development of more efficient detection techniques remains a subject that requires further investigation [13].



The development of geographic information technology and infector technology has led to the widespread research and application of low-altitude earth observation networks consisting of remote sensing satellites and unmanned aerial vehicles (UAVs) in the monitoring of PWD [7]. Lee et al. employed a range of remotely sensed data, including high-spatial-resolution satellite imagery, aerial photographs, and digital UAV data from IKONOS in 2000/2003 and QuickBird in 2005, to assess various methods for detecting infected pine trees [14]. Furthermore, Lee et al. employed a ground-based hyperspectral sensor to examine the wavelength bands of infected trees at varying stages of disease onset, with the analyzed wavelengths predominantly within the optical band [15]. The results demonstrated that the most pronounced alterations in the vegetation index were evident at a wavelength of 688 nm. Kim et al. employed multi-temporal hyperspectral aerial photo data with a spatial resolution of 1 m, acquired via a UAV, along with NDVI and VIgreen to identify falling and upright variegated pine woods [16]. The use of drones for remote sensing has the potential to overcome the limitations of satellite remote sensing. The flexibility and responsiveness of drone-based remote sensing allow for immediate adjustments to monitoring programs, whereas satellite remote sensing is constrained by a fixed return period and weather conditions and is relatively less time-sensitive. Meanwhile, when the number of infected trees in a forest is less, satellite remote sensing is unable to accurately reflect these changes on the remote sensing map, thereby preventing the timely control of the disease’s spread. Nonetheless, the evaluation of UAV remote sensing images remains predominantly reliant on manual visual inspection, which necessitates the involvement of skilled readers and is inherently subjective [12].



With the advancement of artificial intelligence technology, a series of automatic identification of PWD at low altitudes with high resolution and real-time detection is achieved by carrying AI models on a UAV. Ding et al. trained the PWD model by using a regional propositional network (RPN) and residual neural network (ResNet) (R-R-CNN) on the basis of the deep learning framework Faster Regional Convolutional Neural Network (F-RCNN) using remote sensing from UAV and AI technology. R-R-CNN is based on faster R-CNN to train PWD models. Following the optimization of the network, there was a notable enhancement in the accuracy of detection [17]. Yu et al. employed two deep learning detection algorithms (YOLOv4 and Fast-RCNN) and two common machine learning algorithms (Support Vector Machines and Random Forest) for the early detection of infected pines based on UAV remote sensing [18]. Xie et al. presented a feature fusion network for PWD detection based on UAV imagery by adopting an attention mechanism and deformable convolution [19]. In the latest research, the improved Yolo model is still the mainstream detection model. Wang et al. detected PWD based on AAV remote sensing and improved YOLOv5s model [20]. Du et al. improved the YOLOv5 model and used it to detect infected pines by adaptive spatial feature fusion and incorporating a SimAM module [21]. Zhu et al. improved the YOLOv7 model by an improved YOLOv7 model to detect infected pine trees and achieved good results [22].



The use of enhanced YOLO models and machine learning algorithms for pine wilt recognition has become a prevalent approach among researchers. Recently, state-space models (SSMs) with selection mechanisms and hardware-aware architectures, such as Mamba [23], exhibited considerable potential for modeling long sequences. Given the quadratic relationship between the complexity of the transformer self-attention mechanism and the size of the image, in addition to the increasing computational demands, researchers are currently investigating the potential for adapting Mamba to computer vision tasks [24]. While Mamba models have been used for vision tasks [25,26], to date, no scholars have yet used Mamba models for the recognition of pine wilt tasks.



Consequently, a fusion model is proposed in this paper. The objective is to detect pine wilt using this fusion model and to assess the potential of the mamba model for pine wilt disease detection for researchers. The principal contributions of our research are the following:




	
An unmanned aerial vehicle was employed to gather photographic data of RGB pine trees afflicted by pine wilt in a mixed forest environment. The images were then subjected to pre-processing to constitute the final research dataset.



	
The Mamba Backbone is employed in the fusion model to capture features from the PWD image input.



	
The fusion model was augmented with attention networks, and the four attention mechanism modules were evaluated to identify the optimal configuration.



	
PAFPN is employed in the fusion model to augment the model’s capacity to integrate multi-scale object features.



	
This fusion model replaces the traditional convolution with a deeply separable convolution.









2. Materials and Methods


2.1. Construction of Dataset


2.1.1. Data Collection


The pine tree image data employed in this study to identify pine wilt disease were procured by our team from natural pine forests, including foreign pine trees and horsetail pine species. The image data of pine wilt were collected from Hengxi Street, Jiangning District, Nanjing City, Jiangsu Province, China (31°66′75″N, 118°69′06″E) (as shown in Figure 1). The area is mainly composed of the area comprises 22 natural villages, with the terrain exhibiting a southwest-to-northeast gradient, with the highest elevation reaching 382 m above sea level. The annual precipitation is 1276.9 mm, with the air temperature above 0 degrees Celsius for most of the year. The environment is conducive to the survival of pine wood nematode, thereby creating conditions that facilitate the emergence of pine wilt infection in the study area [27]. Photographic documentation of pine forests in several natural villages, including Xugao Village, was conducted primarily during the spring of 2023. The documentation spanned the full spectrum of pine wilt infestation, from the initial signs of infestation to the complete defoliation of the trees. In favorable weather conditions and with optimal visibility, images were obtained that depicted different levels of infestation severity. Given the expansive nature of the pine forest environment, the dataset encompasses both areas characterized by dense pine tree cover and those exhibiting relatively sparse pine tree populations. In areas of dense forest, the images demonstrate the presence of shading between trees and overlapping canopies, as well as fluctuations in background illumination attributable to the time of day at which they were captured.



RGB images of PWD in pine trees were captured from a range of heights and distances using a drone (DJI Innovations Mavic Air 2). The dataset comprised different categories of infected pine trees, collectively referred to as pine wilt. Figure 2 provides a visual representation of the early and late stages of wilt symptoms.




2.1.2. Data Pre-Processing


The results of the experiment demonstrate a robust positive correlation between the quality of the dataset and the performance of the machine learning system. The quality of the data can have a detrimental impact on the capability of deep learning models trained on such data [28,29]. The use of deep learning methods for the identification of pine wilt disease represents a favorable approach for the enhancement of efficiency and accuracy of control mechanisms for this disease. Nevertheless, the quality of images captured by UAVs is affected by a few mechanical and environmental factors [30], necessitating pre-processing of the images prior to further analysis [31]. To obtain a higher quality dataset and thereby improve the capability of the trained model, the dataset was enhanced using the following techniques: affine transformation [32], HSV enhancement [33] (as shown in Appendix A), and mosaic enhancement [34] (as shown in Figure 3) and processed the image sizes to make them consistent.




2.1.3. Dataset Labeling and Annotation


Following the completion of the preprocessing stage, 1000 images of pine wilt disease were obtained. It should be noted that each image may contain multiple pine wilt targets. This study was conducted on non-dead pine trees, and the labeled targets were divided into two categories. The first category comprised targets whose overall branches and leaves were still green, but some of them appeared to be yellowish-brown. This was defined as PWD0. The second category included targets whose trees’ branches and crowns had completely turned red and appeared to be wilted or had turned red almost entirely. This was defined as PWD1. The dataset was annotated using LabelImg 1.8.6, with the smallest rectangular box used to frame the infected pine tree target in the figure. The annotation file was saved in text format. The images were then randomly placed into the training set, test set, and validation set, with a ratio of 8:1:1, respectively. Table 1 presents the statistical data pertaining to the data set utilized for experimental analysis.





2.2. The Structure of the Fusion Model


The model comprises four components: the Mamba backbone, the Attention network, the PAFPN, and the head. The Mamba backbone can focus on longer contexts in order to extract deep semantic information effectively. The VSSBlock module employs a spatial state model to capture and process image features, thereby enabling the model to extract complex image features. The integration of lightweight attention modules into the attention network serves to augment the efficacy of pine wilt feature recognition. In this study, four attentional modules were tested in conjunction with previous studies and the research experience of the team. The most effective module was then selected for incorporation into the fusion model. The model’s capacity to recognize multi-scale objects is further enhanced by the PAFPN, which can process images of varying sizes captured from different distances by the UAV, thus facilitating the objective of identifying infected trees. In the final stage of the process, the 20 × 20, 40 × 40 and 80 × 80 feature maps are employed to identify targets of varying sizes, namely large, medium and small. The fusion model structure is shown in Figure 4.




2.3. Mamba


The Mamba Backbone Network is comprised of four modules: the Stem Module, the Visual State-Space (VSS) Module, the Vision Clue Merge Module, and the Spatial Pyramid Pooling–Fast (SPPF) Module [35]. The Stem Module reduces the image space size, thereby reducing the computational burden and initially extracting the features. The VSS Module enhances the feature representations by achieving long-range contextual information meanwhile maintaining linear complexity [36]. This is particularly advantageous for high-resolution images. The Vision Clue Merge module subsequently fuses and optimizes these features, ensuring that those extracted from different levels can be effectively combined to strengthen the detection ability of both large and small targets. Finally, the SPPF module further improves the model’s feature extraction ability. In previous studies, the mamba model was not employed for the detection of pine wilt disease. The objective of the present study is to utilize the mamba model for the construction of a fusion model, with a view to proposing a new method for pine wilt detection. The following section provides a concise brief of the state space model and the VSS block.



2.3.1. Preliminary: State Space Model


Recently, the State Space Model has emerged as a hotspot area of research. Based on the findings of the SSM study [37,38,39], Mamba [23] demonstrated the linear complexity of input sizes and addressed the computational efficiency challenge associated with Transformer on extended sequences of modeled state spaces. In the domain of generalized visual backbones, Vision Mamba [40] proposed a pure visual backbone model based on SSM, marking the inaugural introduction of Mamba into the visual domain.



State-space models employ first-order differential equations or difference equations to elucidate the evolution of the internal status of a dynamic system and its relationship to the output. The matrix-vector approach, expressed through equations, offers a methodology for the analysis of multivariable systems [40]. The sequence x(t)∈ℝL is mapped to y(t)∈ℝL by the hidden state ℎ(t)∈ℝN. The formula is as follows:


    h   ′     t   = A h   t   + B x   t    



(1)






  y   t   = C h   t   + D x   t    



(2)




  A     ∈       R   N × N     represents the evolution parameters.   B     ∈       R   N × N     and   C     ∈       R   N × N     are the projection parameters.   D   ∈       R   1     represents the skip connection.



The original Mamba is designed for use with one-dimensional sequences. In order to process the vision tasks, Vision Mamba [40] first transform the two-dimensional image t   ∈       R   H × W × C     into the flattened two-dimensional patches     x   P       ∈       R   J × (   P   2     · C )    , where (H, W) is the size of input image patches. P is the size of image patches; C is the number of channels. Next, Vision Mamba linearly project the     x   P     to the vector with size D and adds position embeddings     E   p o s     ∈     R     J + 1   × D    , as follows:


    T   0   =     t   c l s   ;     t   p   1   W ;     t   p   2   W ;   ⋯   ;     t   p   J   W     +   E   p o s    



(3)




where     t   p   j     is the j-th patch of t, W   ∈     R   D × (   P   2     · C )     is the learnable projection matrix. Vision mamba inspired by Vision Transformer [41] and BERT [42].




2.3.2. VSS Block


In VMamba [43] and Vision Mamba, state-space models were extended to the vision domain. Ding et al. [36] proposed RTMamba and introduced a VSS module in the backbone as a deep feature processing module. The incorporation of the VSS block into the backbone of our fusion model is informed by the block’s aptitude for encapsulating long-range contextual data meanwhile sustaining linear complexity. Moreover, the VSS block facilitates the gain of comprehensive semantic data. In the training stage, the VSS block is trained in conjunction with the semantic converter for feature interaction. The semantic alignment functions direct the VSS block to prioritize the capture of features that are more semantically meaningful and align closely with the semantic converter’s comprehension. Figure 5 illustrates the structure of the VSS block.



The input PWD features are divided into two distinct pathways after layer normalization. One pathway progresses sequentially through the linear layer, deep convolution, two-dimensional selective scanning (SS2D) operation, and layer normalization, intending to obtain features. The alternative path merely passes the linear layer, and the outcomes of two different paths are then combined through element-wise multiplication. Ultimately, residual joining is employed to link the outcomes to the initial features via the linear layer, thereby generating the output of the VSS block.



The formula is as follows:


    Q   x   =   f   L N     x    



(4)






    S   x   =   f   L N       f   S S 2 D       D   c o n v       f   L i n e a r       Q   x           ⨀   Q   x    



(5)






    F   x   V S S   =   f   L i n e a r       S   x     + x  



(6)




where x denotes the input features.     f   L N     ( · )   is the layer normalization operation.     f   L i n e a r   ( · )   is the linear transformation operation.     D   c o n v     ( · )   is the depth-wise convolution operation.   ⨀   is the elementwise multiplication operation.     f   S S 2 D     ( · )   is the 2D selective scanning operation.     F   x   V S S     represents the result obtained by processing the input feature x through the VSS block. During the training stage, the results achieved following processing through the VSSblock module are projected to the corresponding phase of the semantic converter. Subsequently, the semantic alignment loss being used in the training stage, facilitating the efficient acquisition of semantic and spatial detail data by the backbone.





2.4. Attention Mechanisms


It is beyond dispute that attention represents a pivotal concept within the domain of deep learning. The concept of attention has a lot of inspiration from the biological systems of human beings, which have been observed to focus their attention on different areas when processing lots of information [44]. In the context of the visual system, the attention mechanism can be conceptualized as a dynamic selection process that assigns weights to features following the perceived importance of the input, through a process of adaptation [45]. Attentional mechanisms represent a recent research focus that has garnered increasing attention within the field of machine learning. It has been demonstrated that attentional mechanisms can enhance learning outcomes in comparison to the original model. The capacity of attention mechanisms to enhance the generalization capability of machine learning is well-documented [44]. In our fusion model, we have also incorporated a network of attention mechanisms with the objective of further improving the model’s skill to identify infected trees. We observed that many scholars tend to include attention modules such as Convolutional Block Attention Module (CBAM) [46], Squeeze-and-excitation (SE) [47], A Simple, parameter-free Attention Module (SimAM) [48] in the network with the aim of improving the model’s capability. In our study, we tested the effect of four modules (CBAM, SE, SimAM, BoT3 [49]) to determine the optimal configuration for fusion model by comparing the effect of different attention modules on model performance.



2.4.1. SE Block


SE stands for “Squeeze-and-Excitation”, which is an attention mechanism used to improve convolutional neural networks (CNNs). The SE network architecture was put forth by Jie Hu et al. [47] in 2018, and its core idea is to introduce a global attention mechanism into convolutional neural networks to self-adaptive learn the relative importance of every channel. The SE network implements an attention mechanism through two steps: squeeze and excitation. In the compression step, the SE network performs a global pooling of the feature maps of each channel, compressing them into a scalar. In the excitation step, the SE network performs the conversion of the compressed feature vector into a weight vector, which is used to weigh each channel’s feature map through a full connectivity layer. The incorporation of the SE block into our fusion model serves to reinforce the model’s emphasis on pine wilt characteristics, while simultaneously attenuating the influence of extraneous features within the channels [50]. The workflow of the SE module is shown in Figure 6. The following calculations are to be made for the SE module:


    U   c   =   V   c   ∗ X =    ∑  s = 1     C   ′         V   C   S     ∗     X   S    



(7)




where   X ∈   R     H   ′   ×   W   ′   ×   C   ′       is the input feature map,   X ∈   R   H × W × C     is the output feature map,   V   denotes the learned set of filter kernels,     V   C     refers to the parameter of the cth filter,     V   C   S     denotes a 2D spatial kernel,   ∗   denotes a convolution operation.


    Z   C   =   F   s q       u   c     =    1   H × W        ∑  i = 1   H      ∑  j = 1   W      u   c     i , j        



(8)






  s =   F   e x     z ,   W   = σ   g   z ,   W     = σ     W   2   δ     W   1   z      



(9)




where   Z   is the statistic generated by reducing u by the spatial dimension   H × W  ,   z ∈   R   c    ,   c   represents the cth element,     F   s q     represents the function that compresses the input features,     F   e x     the function that excites the input features,     W   1   ∈   R      C   τ    × C    ,     W   2   ∈   R   C ×    C   τ       ,   σ   represents the sigmoid function,   δ   represents the ReLU function.




2.4.2. Convolutional Block Attention Module


CBAM aims to solve the limitations of common convolutional neural networks in handling information of varying orientations, shapes, and scales. To achieve this, CBAM introduces two attention mechanisms: spatial attention and channel attention. Channel attention improves the feature representation of various channels, while spatial attention extracts pivotal information from disparate locations in space. CBAM comprises two main components: SAM (S-channel) and CAM (C-channel). These modules can be embedded separately into different layers of the CNN to enhance feature representation [46]. Figure 7 illustrates the CBAM structure.



To improve the representation of channel features and extract information from different locations in space, we added CBAM, a global attention mechanism that focuses on both spatial and channel features, to our fusion model. This helps the model pay more attention to small targets and reduces leakage detection.



The computational flow of the CBAM module is as follows:



Channel attention mechanisms:


    M   c     F   = σ   M L P   A v g P o o l   F     + M L P   M a x P o o l   F        



(10)







Spatial attention mechanisms:


    M   s     F   = σ     f   7 × 7     C o n c a t   A v g P o o l   F   , M a x P o o l   F          



(11)




where     M   c     F     denotes the weighted channel features processed by the channel attention mechanism;   F   denotes the input features; σ denotes the sigmoid function; MLP denotes the global average pooling and global maximum pooling are processed separately; AvgPool denotes the computation of the average value of each small region in the input features; MaxPool denotes the selection of the maximum value of each small region in the features.     M   s     F     denotes weighted spatial features processed by the spatial attention mechanism;     f   7 × 7     denotes a 7 × 7 convolution; and   C o n c a t   denotes a concatenation operation.




2.4.3. A Simple, Parameter-Free Attention Module


SimAM is a lightweight attention module for convolutional neural networks proposed by Yang et al. [48] It produces attention weights by calculating the local self-similarity of the feature maps. SimAM does not introduce any extra parameters and can effectively optimize the performance of CNNs. The core idea of SimAM is predicated on the local self-similarity of images. SimAM module utilizes the fact that adjacent pixels in an image typically exhibit strong similarity, while distant pixels exhibit weak similarity. Attention weights are generated by calculating the similarity between each pixel in the feature map and its neighboring pixels. Unlike CBAM’s 3-D weights, which are synthesized via 1-D and 2-D channels, SimAM directly computes 3-D weights by mimicking the visual information processing of neurons in the human brain, and unique weights are assigned to each neuron [51]. The process is shown in Figure 8. The SimAM formula is as follows:


    e   t       w   t   ,   b   t   , y ,   x   i     =    1   M − 1      ∑  i = 1   M − 1        − 1 −     w   t     x   i   +   b   t         2     +     1 −     w   t   t +   b   t         2   + λ   w   t   2    



(12)






    w   t   = −    2   t −   μ   t           t −   μ   t       2   + 2   σ   t   2   + 2 λ     



(13)






    b   t   = −    1   2      t +   μ   t       w   t    



(14)






    μ   t   =    1   M − 1      ∑  i = 1   M − 1      x   i   ,   σ   t   2     =    1   M − 1      ∑  i = 1   M − 1          x   i   −   μ   t       2      



(15)






    e   t   ∗   =    4       σ   2    ^  + λ         t −   μ  ^      2   + 2     σ  ^    2   + 2 λ     



(16)




where     e   t       w   t   ,   b   t   , y ,   x   i       represents the neuron energy to be computed,     w   t     and     b   t     are the weight and bias of the transformation, respectively, y represents the value size, t represents the target neuron input feature,     x   i     represents the input features of other neurons X   ∈   R   C × R × H    ,   i   is indexed in the spatial dimension, M =   H × W   represents the number of neurons in the channel,   μ   represents the mean,   σ   represents the variance,   λ   represents the coefficient, and     e   t   *     represents the minimum energy.



Based on the above formula, the feature enhancement processing according to the definition of the attention mechanism yields the calculation formula as:


    X  ~  = s i g m o i d      1   E      ⨀   X  



(17)








2.4.4. Bottleneck Transformers


Aravind Srinivas et al. proposed BoTNet, a robust backbone architecture that integrates self-attention mechanisms for a spectrum of vision-related tasks in computers, such as object detection and image classification. By replacing the 3 × 3 convolution with Multi-Head Self-Attention (MHSA) only in ResNet, without implementing any other modifications, Aravind Srinivas et al. significantly improved the baseline in object detection and instance segmentation while also diminishing the parameters with minimal delay overhead [52].



The MHSA block is the core module of this system, which distinguishes it from the MHSA in the Transformer. Unlike the one-dimensional objects processed in Transformer, the objects in this system are similar to CNN models, resulting in several related features. Normalization does not use layer norm, but batch norm, as in CNN. BoTNet utilizes three non-linear activations. The content-position module introduces two-dimensional position coding, which is the most significant difference from Transformer.



Multi-Head Self-Attention (MHSA) layer is applied in the Bottleblock [49]. The notations ⊕ and ⊗ represent elementwise addition and matrix multiplication, respectively [53,54]. Additionally, 1 × 1 denotes single-point convolution. Incorporating this layer into the network structure significantly improves its performance. Figure 9 illustrates the structure of the ResNet Bottleneck and Bottleneck Transformer.





2.5. PAFPN


To strengthen the multi-scale fusion ability of our fusion model, we include PAFPN in the fusion model. The PAFPN was developed by incorporating enhancements to the FPN, drawing upon the conceptual framework of PANet [55,56]. FPN incorporates a top-down approach to feature fusion, based on the Backbone methodology. FPN employs high-resolution data of both low-level and high-level features, thereby achieving enhanced prediction outcomes through the integration of these disparate layers of information. Derived from the ideas in PANet adding a top-down path based on the FPN module is applied to enhance the feature information of the PWD image, thereby facilitating more accurate detection by the overall network [57]. After Backbone processing, the output feature layers: F1, F2, F4, F6 can be achieved. First, the intermediate feature layer: P1, P2, P4, P6 are generated through conventional FPN processing. Meanwhile, the middle feature layer obtains high-resolution feature maps:     F   i   ′    , I ∈ {1,2,4,6} through lateral connection, each feature layer     F   i   ′     reduces the space size through a 3 × 3 convolution with stride = 2; then, it is lateral connected with each element sum of the corresponding upper feature layer Pi to generate a new feature layer F′. The PAFPN structure is performed in Figure 10.




2.6. DSconv


Depthwise separable convolution (DSconv) [58] comprises depth-wise convolution and point-wise convolution, whereby depthwise convolution is employed to extract spatial features and pointwise convolution is utilized to extract channel features. Depthwise separable convolution groups convolutions in feature dimensions, performing independent depth-by-depth convolution (depthwise convolution) for every channel and aggregating all channels using a 1 × 1 convolution (pointwise convolution) prior to the generation of the output. The depth-separable convolution block comprises four principal components: firstly, a 3 × 3 depth convolution; secondly, a Batch Normalization (BN) layer; thirdly, a Rectified Linear Unit (ReLU) layer; and finally, a 1x1 point-by-point convolution. A BN and ReLU layer follow each of these components. The structure of DSconv is shown in Figure 11.




2.7. Evaluation Metrics and Experimental Conditions


2.7.1. Metrics


To evaluate the capability of the aforementioned model in question, some aspects will be considered: the accuracy of detection, the speed of detection, and the size of the model. The evaluation of detection precision is based on the assessment of accuracy, recall, and mean average precision (mAP). In terms of detection speed, the widely used indicator is frames per second (FPS). The model size is evaluated in terms of the number of model parameters and the actual memory footprint.



The Average Precision (AP) value is defined as the area enclosed by the P-R curve. P represents the precision rate, while R denotes the recall rate. The IOU threshold is set at 0.5. In general, a larger value indicates a more effective learning effect on the part of the model, and vice versa. The following is the formula for calculating precision:


  P =    T P   T P + F P     



(18)




where TP indicates that the prediction is for pine wilt disease and is correct; FP indicates that the prediction is for pine wilt disease and is incorrect.



The recall (R) statistics represent the percentage of targets that have been correctly predicted by the model, expressed as a proportion of the total number of targets. The formula for calculating the recall rate is as follows:


  R =    T P   T P + F N     



(19)




where FN Indicates that the target is pine wilt disease and that the model detected it incorrectly.



The formulas for calculating AP and mAP are:


  A P =   ∫  0   1    P   r   d r    



(20)






  m A P =   ∑  i = 1   C       A   P   i     C       



(21)







In computing, the term FPS (frames per second) is used to describe the number of images that can be processed per second:


  F P S =    1   t     



(22)




t = Pre-process + Inference + NMS



Parameters denote the number of parameters utilized by a given model, expressed in millions, The formula for calculating parameters is:


  P a r a m e n t s =   K   h     K   w     C   i n     C   o u t    












2.7.2. Experimental Platform and Parameter Settings


The experimental settings are illustrated in Table 2. The training program was designed to comprise 300 epochs, with an image input size of 640 × 640. The initial learning rate was set at 0.01, and the optimizer employed was SGD [59].






3. Results


3.1. Test Results of Distinct Attention Modules


The fusion model, without the addition of the attention network, is taken as the baseline model and is designated as the Base Table 3 presents the experimental results of five distinct models, including the original Base model, Base-SE, Base-SimAM, Base-CBAM, and Base-BoT3. It can be observed that the detection accuracy of the results demonstrates that the Base-CBAM and Base-BoT3 models exhibit enhanced performance in comparison to the Base model. Conversely, the Base-SE and Base-SimAM models do not demonstrate the same level of improvement in terms of detection accuracy. This suggests that the incorporation of an appropriate attention mechanism module can improve the model’s accuracy in detecting targets. From Figure 12 we can visually and clearly observe and compare the map of different models through the PR curve graphs. A comparison of the Base model with those incorporating an attention mechanism module reveals that the latter is faster in terms of detection speed. Furthermore, the amounts of parameters and actual memory consumption of the models are slightly lower than that of the Base model, except for Base-BoT3. A comparison of the above data reveals that the selection of an attention network comprising appropriate attention mechanism modules for the model can effectively enhance its performance. Ultimately, the fusion model was configured with Base-CBAM, considering the three factors of detection speed, detection accuracy, and model size.




3.2. Ablation Experiments in Test


The experimental procedure outlined in this paper is as follows: Initially, the model is trained using the training set and the validation set. Subsequently, the test set is used to evaluate the trained model and obtain the data required for model evaluation. Detailed data of the ablation experiments are shown in Table 4. The experimental results demonstrate that incorporating PAFPN and Attention Network into the Mamba Backbone framework results in enhanced model performance, as evidenced by augmentation in mAP. Concurrently, the amalgamation of these components yields an optimal fusion model precision that is superior to that of the Mamba Backbone alone. With a 5.7% rise in accuracy, a 6.0% rise in recall, and a 5.8% rise in mAP.



The model consists of three primary components: Mamba Backbone, Attention Network and PAFPN. Finally, the detection header is used to output the detection results. The attention network is constituted by CBAM modules (See Section 3.1 for the selection process). To evaluate the effect of each module on the model performance, we sequentially tested the following models: Mamba Backbone, Mamba Backbone + Attention Network, Mamba Backbone + PAFPN, and Mamba Backbone + Attention Network + PAFPN. This approach was adopted to prove the effectiveness of the fusion model. The experimental results demonstrate that incorporating PAFPN and Attention Network into the Mamba Backbone framework results in enhanced model performance, as evidenced by augmentation in mAP. Concurrently, the amalgamation of these components yields an optimal fusion model precision that is superior to that of the Mamba Backbone alone. With a 5.7% rise in accuracy, a 6.0% rise in recall, and a 5.8% rise in mAP.




3.3. Comparison Experiments in Test


To further validate the performance of our model and demonstrate its ability to identify pine wilt, we conducted a comparative analysis with the YOLO series models. Specifically, we compared the fusion model, which determined the optimal configuration, with YOLOv3, YOLOv5, YOLOv6, YOLOv7, YOLOv8, and YOLOv9. The results of this analysis are presented in Table 5. A detailed examination of the experimental outcomes reveals that, except for YOLOv6, which exhibits a marginal superiority over our fusion model in terms of mAP, our fusion model demonstrates a clear lead in terms of accuracy in the detection process. This outcome substantiates the assertion that our proposed detection model possesses distinctive capabilities in the detection of PWD. Furthermore, the P-R curve in Figure 13 offers a visual representation of the superior performance of our fusion model in terms of detection accuracy. Regarding the recall, it can be observed that the detection model does not exhibit a superior performance compared to the comparison model. The results of our experiments align with those reported by Huang et al. [60]. To enhance the precision of the detection, the model must dedicate a greater amount of time to analyzing the image features. To illustrate this, we can examine the performance of YOLOv5 and YOLOv8. Despite exhibiting the highest detection speed, these models demonstrate a markedly low recall rate. A comparison of the parameter sizes of the models reveals that our model exhibits superior detection accuracy and detection speed with a moderate size.




3.4. Detection Results


Figure 14 demonstrates that the detection results align with the data obtained in Table 4. However, the model effect of the SimAM module with the addition of the SE modules does not perform as well as benchmark models. Conversely, the model with the addition of CBAM and BoT3 exhibits enhanced detection.



Figure 15 demonstrates that all models identified the infected area, with the exception of YOLOv7, which incorrectly identified one area and the remaining models accurately identified it. A comparison of our fusion model with the other models reveals that our fusion model has high accuracy in identifying pine wilt. This indicates that the fusion model incorporating mamba has significant potential for pine wilt recognition.



Figure 16 illustrates the efficacy of various models in detecting large targets. All models accurately identify the infected region. An analysis of the detection results reveals that, with the exception of YOLOv5, which exhibits superior detection metrics compared to our fusion model, our fusion model demonstrates superior performance in detecting the large target depicted in the figure below, when compared to the other models. This suggests that our fusion model also has significant potential in detecting large targets.



Figure 17 illustrates the efficacy of the various models in recognizing the smaller targets and the confusion term. It should be noted that the image was captured in a mixed forest, and therefore, it is not possible to guarantee that all the trees depicted are pine trees. Upon analysis of the detection results, it was observed that all models successfully identified all but the infected area. However, all models except the fusion model exhibited a tendency to misidentify the other tree species with red fruits as the affected trees. A further analysis of the correctly identified areas reveals that the accuracy of our fusion model is significantly higher than that of the other models. The aforementioned detection results collectively indicate that our model exhibits superior capabilities in multi-scale object detection.





4. Discussion


The objective of this study is to examine the potential of a fusion model that integrates the Mamba model and an attention machine in pine wilt recognition. The introduction of the Mamba model to the field of vision by the Vision Mamba proposal serves as the foundation for our study. In our fusion model, we constructed a Mamba backbone network with Mamba as the core, with the objective of acquiring pine wilt features in a more efficient manner. The study results also demonstrated that the network is more effective at extracting features associated with PWD. Before the incorporation of the attention network, the model exhibited a performance level comparable to that of the YOLO family of models for pine wilt detection, with an elevated recall rate. Previous studies have demonstrated that the integration of an attention mechanism can enhance the model’s performance. Consequently, we introduced the attention network into the fusion model with the objective of enhancing its efficacy in identifying PWD. In the present experiment, four distinct attention modules were employed: SE, CBAM, SimAM, and BoT3. Simplicity and lightweight are the advantages of SE; however, it is unable to capture attention in the spatial dimension. CBAM combines both channel and spatial attention; however, it requires more computation than the other attention mechanisms. Furthermore, SimAM has the advantage of being able to compute three-dimensional features directly, which can reduce the number of model parameters. However, in comparison to other attention mechanisms, its accuracy is reduced. The BoT3 module is capable of focusing on global features with the core of a multi-head attention mechanism. However, this also results in an increase in the amount of computation. Based on the experimental results in this paper, we have identified CBAM as the optimal configuration for the attention network of the fusion model. However, our findings indicate that not all attention modules are equally effective in enhancing the performance of our model. Consequently, we intend to pursue further research to identify more suitable attention mechanism modules, with the aim of improving the model’s ability to recognize pine wilt. Furthermore, the authors of Mamba have recently presented a new study [61] that establishes a comprehensive link between SSM and attention variants. It is our belief that this study will provide an explanation for the results of the attention network in our experiments. This will be catered to when optimizing the fusion model in the future and will be compared with the vision transformer for PWD recognition. Concurrently, the ablation experiments elucidate the impact of the three primary components of the model on its performance. The incorporation of an appropriate attention network alone can effectively enhance the accuracy of the model. However, it concomitantly engenders a more cautious model that may result in the omission of positive samples. The addition of the PAFPN alone can significantly augment the accuracy, but it concomitantly increases the training time and the amount of computation. The incorporation of all three components into the fusion model concurrently optimizes the detection performance of the model for the prevailing circumstances. Subsequent research will be conducted to identify a module that exhibits comparable performance to PAFPN, yet is more lightweight, thereby enhancing the deployability of the model on edge computing devices. The present experiment utilized a dataset comprising 1000 images. Due to the hazardous nature of pine nematode disease, the local biochemical tests will be notified of any such detection, thus facilitating immediate validation and remedial action. Consequently, the team only constructed a small dataset consisting of Sargasso pines and foreign pines. In future studies, we intend to expand the dataset to include additional pine species, thereby enhancing the generalizability of the model. Presently, the model that has been trained on the dataset meets the test requirements for pine wilt detection in the region under investigation. In the future, further validation and extension of the model to other regions is planned. In the meantime, due to experimental constraints, a batch size of 16 was employed. According to Figure A1 and Figure A2, the effects of three commonly used optimizers, namely Adam, AdamW and SGD, were compared in the experiments. The final optimizer was selected as SGD, with 300 training rounds conducted. In future research, we will also endeavor to elucidate the impact of these settings on our fusion model in greater detail.




5. Conclusions


The fusion model, which combined the mamba and attention mechanisms, was found to be a viable approach for pine wilt detection, demonstrating superior performance compared to the YOLO family of models against which it was evaluated.



The ablation experimental findings indicate that the amalgamation of the Mamba Backbone, Attention Network and PAFPN components within the fusion model is conducive to achieving optimal performance. This outcome serves as a testament to the rationality and efficacy of the model’s construction. The fusion model, devoid of the attention mechanism, demonstrated an accuracy of 85.9%, a recall of 81.1%, and a mAP of 84.0% in detecting pine wilt. It demonstrated equal performance compared to that of mainstream detection models. Four attention mechanism modules were tested in the experiments, namely CBAM, SE, SimAM, and BoT3. It was observed that the SE and SimAM modules account for a decline in model performance, whereas the BoT3 and CBAM modules led to a notable enhancement in model performance. Ultimately, the CBAM module proved to be the most effective in improving the model’s performance. The CBAM module was identified as the most effective enhancement to the model, demonstrating a 4.1% increase in accuracy, a 0.7% improvement in recall, and a higher detection speed than the model without attention mechanisms. Additionally, there was a notable reduction in parameter overhead. Thus, identifying an appropriate model for the attention mechanism represents a significant enhancement for our fusion model. Furthermore, a comparison was conducted between the fusion model, which determines the optimal configuration, and YOLOv3, YOLOv5, YOLOv6, YOLOv7, YOLOv8, and YOLOv9. The findings of the experiments indicated that the accuracy of detection exhibited by the fusion model surpassed that of all the aforementioned models. However, the frame rate per second (FPS) and the amounts of parameters did not reach the fastest and the least number of parameters, respectively. In addition to the results of the ablation experiments, which demonstrated that PAFPN results in increased computation and parameters, it is postulated that this is because the Mamba backbone employs state-space modeling techniques, which have been shown to effectively capture features at different levels and at deeper levels. However, the processing of richer feature information necessitates a greater expenditure of time. For example, in the experiments, YOLOv5 and YOLOv8 exhibited the highest FPS, yet their recall rates were only 73.4% and 76.4%, respectively, which are considerably inferior to those of our fusion model. In comparison to the work of previous researchers, the amounts of parameters in our model and its detection speed are already compatible with deployment on the majority of edge devices and UAVs for the purpose of detection. It is crucial to note that the extended training period for our fusion model necessitates enhanced device performance, which may consequently impose more rigorous training device specifications when addressing intricate problems.



Consequently, the fusion model incorporating the mamba and attention mechanisms has been demonstrated to exhibit favorable performance and potential for pine wilt, and it is anticipated that it will continue to undergo improvement during subsequent studies. It is also expected to be used for pine wilt detection in Nanjing and other areas.
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Appendix A







	
RGB color to HSV color:








The principle of conversion is very simple, for any coordinate point in the image, its RGB color space for (R,G,B), HSV color space for (H,S,V), the first need to R, G, B values converted to between 0~1:


  R = R / 255  










  G = G / 255  










  B = B / 255  










  V = m a x ⁡ ( R , G , B )  










  S =          V − m i n ⁡ ( R , G , B )   V    , i f   V ≠ 0       0   , e l s e        










  H =          60   G − B     V −   min  ⁡    R , G , B          ,   i f   V = R       120 +    60   B − R     V −   min  ⁡    R , G , B          , i f   V = G       240 +    60   R − G     V −   min  ⁡    R , G , B          , i f   V = B        










  i f   H < 0 ,   H = H + 360  
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Figure A1. The results of different epochs and different optimizers without attention modules. 






Figure A1. The results of different epochs and different optimizers without attention modules.
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Figure A2. The results of Fusion model using CBAM. 






Figure A2. The results of Fusion model using CBAM.
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Figure 1. The precise location of the research area. 
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Figure 2. The picture on the left shows an early infected pine tree, and the picture on the right shows a late infected pine tree. 
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Figure 3. The images on the left show the affine transformation, the middle image shows the HSV enhancement and the right image shows the mosaic enhancement. 
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Figure 4. The structure of the fusion model. 
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Figure 5. A comprehensive illustration of the VSS block, SS2D represents the 2D selective scanning. 
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Figure 6. A squeeze-and-excitation block. 
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Figure 7. The picture shows the CBAM structure. 
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Figure 8. The top picture is the channel-wise attention. The picture in the middle is the spatial-wise attention. The picture at the bottom shows the full 3-D weights for attention. 






Figure 8. The top picture is the channel-wise attention. The picture in the middle is the spatial-wise attention. The picture at the bottom shows the full 3-D weights for attention.



[image: Remotesensing 17 00255 g008]







[image: Remotesensing 17 00255 g009] 





Figure 9. The left is a ResNet bottleneck. The right is a bottleneck transformer. 
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Figure 10. The structure of PAFPN. 
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Figure 11. The structure of DSconv. 
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Figure 12. The P-R curve of the results of different attention modules. 
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Figure 13. The P-R curve of the results of different models. 
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Figure 14. A comparative analysis of the efficacy of various models in detecting infected trees. (a) The origin image; (b) Base; (c) Base-SimAM; (d) Base-SE; (e) Base-BoT3; (f) Base-CBAM. 
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Figure 15. Comparing the performance of different models in detecting medium-sized infected tree targets. (a) The origin image; (b) fusion model; (c) YOLOv3; (d) YOLOv5; (e) YOLOv6; (f) YOLOv7; (g) YOLOv8; (h) YOLOv9. 
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Figure 16. Comparing the performance of different models in detecting large-sized infected tree targets. (a) The origin image; (b) fusion model; (c) YOLOv3; (d) YOLOv5; (e) YOLOv6; (f) YOLOv7; (g) YOLOv8; (h) YOLOv9. 
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Figure 17. Comparing the performance of different models in detecting small-sized infected tree targets. (a) The origin image; (b) fusion model; (c) YOLOv3; (d) YOLOv5; (e) YOLOv6; (f) YOLOv7; (g) YOLOv8; (h) YOLOv9. 
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Table 1. Datasets for analysis.






Table 1. Datasets for analysis.





	Sets
	Number of Images
	Number of Instances





	Training set
	800
	2112



	Verification set
	100
	284



	Test set
	100
	303










 





Table 2. The experimental environment.






Table 2. The experimental environment.





	Experimental Environment
	Version





	Programming language
	Python 3.10.3



	Operating system
	Windows 11



	Deep learning framework
	Pytorch 2.3.1



	GPU
	NVIDIA GeForce GTX 4070



	GPU accelerator
	CUDA 11.8










 





Table 3. The results of using different attention modules.
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	Model
	Precision (%)
	Recall (%)
	mAP (%)
	FPS
	Parameters (M)
	Size (Mb)





	Base
	85.9
	81.1
	84.0
	38.76
	6.1
	11.8



	Base-SE
	80.1
	79.4
	83.7
	44.34
	5.8
	11.4



	Base-SimAM
	83.5
	78.3
	83.5
	44.46
	5.7
	11.3



	Base-CBAM
	90.0
	81.8
	86.5
	40.16
	5.9
	11.6



	Base-BoT3
	86.3
	81.6
	85.9
	44.64
	6.0
	11.9










 





Table 4. The results of ablation experiments.
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	Mamba Backbone
	Attention Network
	PAFPN
	Precision (%)
	Recall (%)
	mAP (%)
	FPS
	Parameters (M)
	Size (Mb)





	✓
	✘
	✘
	84.3
	75.8
	80.7
	48.54
	3.6
	7.2



	✓
	✘
	✓
	85.9
	81.1
	84.0
	38.76
	6.1
	11.8



	✓
	✓
	✘
	88.7
	72.8
	81.4
	46.29
	3.7
	7.3



	✓
	✓
	✓
	90.0
	81.8
	86.5
	40.16
	5.9
	11.6










 





Table 5. The results of different models.
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	Model
	Precision (%)
	Recall (%)
	mAP (%)
	FPS
	Parameters (M)
	Size (Mb)





	YOLOv3
	86.7
	79.6
	83.3
	64.11
	12.1
	23.3



	YOLOv5
	88.1
	73.4
	81.9
	69.40
	2.7
	5.1



	YOLOv6
	84.2
	84.9
	86.0
	59.24
	4.3
	8.4



	YOLOv7
	80.7
	71.7
	79.7
	38.71
	23.7
	55.8



	YOLOv8
	82.9
	76.4
	83.4
	65.49
	3.1
	5.9



	YOLOv9
	86.5
	76.8
	85.8
	49.40
	25.3
	49.3



	Fusion model
	90.0
	81.8
	86.5
	40.16
	5.9
	11.6
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