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Abstract

:

Detection of the Fusarium head blight (FHB) is crucial for wheat yield protection, with precise and rapid FHB detection increasing wheat yield and protecting the agricultural ecological environment. FHB detection tasks in agricultural production are currently handled by cloud servers and utilize unmanned aerial vehicles (UAVs). Hence, this paper proposed a lightweight model for wheat ear FHB detection based on UAV-enabled edge computing, aiming to achieve the purpose of intelligent prevention and control of agricultural disease. Our model utilized the You Only Look Once version 4 (YOLOv4) and MobileNet deep learning architectures and was applicable in edge devices, balancing accuracy, and FHB detection in real-time. Specifically, the backbone network Cross Stage Partial Darknet53 (CSPDarknet53) of YOLOv4 was replaced by a lightweight network, significantly decreasing the network parameters and the computing complexity. Additionally, we employed the Complete Intersection over Union (CIoU) and Non-Maximum Suppression (NMS) to regress the loss function to guarantee the detection accuracy of FHB. Furthermore, the loss function incorporated the focal loss to reduce the error caused by the unbalanced positive and negative sample distribution. Finally, mixed-up and transfer learning schemes enhanced the model’s generalization ability. The experimental results demonstrated that the proposed model performed admirably well in detecting FHB of the wheat ear, with an accuracy of 93.69%, and it was somewhat better than the MobileNetv2-YOLOv4 model (F1 by 4%, AP by 3.5%, Recall by 4.1%, and Precision by 1.6%). Meanwhile, the suggested model was scaled down to a fifth of the size of the state-of-the-art object detection models. Overall, the proposed model could be deployed on UAVs so that wheat ear FHB detection results could be sent back to the end-users to intelligently decide in time, promoting the intelligent control of agricultural disease.
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1. Introduction


Wheat is one of the world’s most important staple foods, providing both calories and nutrients, and wheat-based foods are essential for food security of global population. Wheat proteins contain sufficient essential amino acids to meet daily requirements [1], while wheat grains provide a variety of vitamins, minerals, and other phytochemicals, significantly impacting human health [2]. In many parts of the world, Fusarium head blight (FHB), often known as head scab, is one of the most severe and widespread wheat diseases caused by Fusarium graminearum and Fusarium asiaticum [3]. FHB mainly occurs in warm and humid environments. Under normal circumstances, there is little or no FHB infection below 15 °C, and the possibility of wheat infected with FHB increases as the temperature rises from 20 °C to 30 °C [4]. Diseased spikes reveal premature bleaching and generate shriveled kernels when FHB infects wheat kernels. Meanwhile, several Fusarium alenol toxins are secreted. Processed products made from wheat kernels carrying these toxins likely lead to food poisoning and gradual decline of immunity and physical health [5]. FHB is also one of the most devastating cereal diseases causing significant yield and quality reduction [6].



Scientific research suggests a substantial risk of wheat disease under future climatic conditions. Climate change can greatly influence temperature and moisture by causing excessive rainfall or drought, which are the most important environmental factors influencing the development of FHB [7]. Consequently, an accurate and rapid approach to detecting FHB is particularly critical for disease control and screening the FHB disease-resistant cultivars.



Visual inspection, chromatography, and enzyme-linked immunoassay (ELISA) are the conventional methods for detecting FHB [8]. Visual inspection is convenient, but highly subjective, requiring various human, material, and financial resources based on morphological characteristics and experience. Chromatography and ELISA are highly accurate, sensitive, and dependable, but they typically require multiple processing steps, expensive equipment, and a long turnaround time. Furthermore, the conventional approaches are ineffective in detecting large-scale disease. Many studies have also been conducted to find a quick and accurate way for FHB detection. For instance, many researchers have gained considerable attention for the safety and convenience of UAV-based wheat disease detections [9]. Liu et al. [10] proposed a method combining unmanned aerial vehicle (UAV) technology and multispectral technology to detect the severity of wheat FHB with 98% accuracy. When employing UAVs, the wheat images are captured using an onboard camera. The primary applications of UAV in agriculture include mapping, spraying, pest detection, and other tasks. Rapid and accurate disease type and disease area localization are crucial for disease prevention and control, achieving a high accuracy in the assessment of the severity of disease and the purpose of intelligent prevention.



The development of deep learning has already been extended to FHB detection. Deep learning-based detection approaches have demonstrated distinct improvements in detection efficiency, accuracy, and application scenarios [11,12]. The classical object detection algorithm was based on hand-engineered features and suitable classifiers for object classification [13]. Research on vision-based currently centers on general object detection algorithms. Gu et al. [14] proposed an FHB severity evaluation method based on the Relief-F algorithm, and the accuracy for the severity of single wheat ear was 94%. Su et al. [15] also proposed an FHB severity evaluation method based on Mask-RCNN network, and the evaluation accuracy of wheat ears was 77%. Although deep convolutional neural networks have richer network structures and offer superior feature learning advantages, the problem with deeper networks is that incorporating many parameters slows the network’s computation, as edge devices have a low computational capability [16]. Therefore, for effective wheat ear FHB detection, reducing the parameters of deep learning algorithms deployed in edge devices is critical.



To address the abovementioned issues, this paper proposed a lightweight wheat ear FHB detection model relying on YOLOv4 and MobileNet. The research items for this study were wheat images captured from the field setting. The feature extraction network CSPDarknet53 in YOLOv4 was replaced with the lightweight network MobileNet, which had significantly fewer parameters. Furthermore, the error caused by the positive and negative imbalanced sample distribution was solved by improving the loss function of YOLOv4 and introducing the focal loss in the loss function.




2. Related Work


2.1. Crop Detection Based on Deep Learning


In recent decades, crop disease identification primarily relied on classification techniques such as the K-Nearest Neighbor (KNN) [17], Support Vector Machine (SVM) [18], Fisher linear discriminant (FLD) [19], and Random Forest (RF) [20]. Nevertheless, the characteristics of lesion segmentation and the manual design of various algorithms significantly impact disease detection in conventional techniques. Specifically, handcrafted features require a significant effort and expert knowledge, both of which are subjective. Deep learning technology has recently been popular for crop pests and disease detection [21]. For instance, Picon et al. [22] presented a challenging dataset with seventeen diseases and five crops (wheat, barley, corn, rice, and rapeseed). They utilized three alternative CNN architectures that integrated contextual meta-data into image-based convolutional neural networks to ease disease classification. The results demonstrated that for each crop, a single model incorporating large numbers of crops and diseases performed better than an isolated classification model. Espejo-Garcia et al. [23] developed a new crop/weed identification system that combined fine-tuned pre-trained neural networks involving classic machine learning classifiers to prevent overfitting and achieve robust performance. Chen et al. [24] employed transfer learning on deep convolutional neural networks to quickly identify and diagnose disease and merged VGGNet with an Inception module. This architecture attained more than 91.83% accuracy on a public dataset.



Spectroscopy and imaging techniques, such as hyperspectral imaging (HSI), have been increasingly popular in disease detection and monitoring [25] and have already been integrated with deep learning schemes to enhance automatic disease detection. For instance, Li et al. [26] designed a hyperspectral imaging reconstruction model based on DCNN to improve spatial features and found that a DCNN-based framework could produce acceptable results. For the early diagnosis of FHB, Jin et al. [27] applied a deep neural network to categorize healthy and diseased wheat heads from the pixels of hyperspectral images.




2.2. Lightweight Model


Due to its ability to extract features, deep learning technology and particularly the Convolutional Neural Network, is the favored strategy for detecting crop disease. Although deep learning achieves a good detection performance, it involves many parameters and a slow reasoning speed. Nevertheless, farmlands are typically located in regions with limited resources, and deploying these models in rural districts is limited by network bandwidth and delay. Furthermore, deep convolutional neural networks could not be effectively employed in edge devices. As a consequence, compressing neural networks effectively is crucial, with current strategies including pruning [28], knowledge distillation [29], quantization [30], and developing lightweight models [31,32].



Employing modified deep learning architectures to detect crop disease has become mainstream. Ale et al. [33] proposed a lightweight model and used transfer learning to strengthen the model’s generalization performance on a plant disease dataset, achieving an accuracy of 89.70%. In order to improve the model’s performance under limited hardware conditions, Wang [34] altered the residual connection mode and the convolution method, considerably decreasing the model’s parameters and memory space. Toda and Okura [35] designed a CNN based on the Inceptionv3 architecture. By visualizing the output of the intermediate layer, they reduced the network parameters by 75%. Wang et al. [16] introduced a DNN-based compression strategy to reduce the computational burden, compressing the model to 0.04 MB.



Although decreasing the network parameters has already been achieved, the corresponding accuracy was relatively low. Thus, some researchers suggested adding an attention mechanism to improve accuracy, with Tang et al. [36] improving the real-time identification performance of the lightweight neural network models ShuffleNet-V1 and ShuffleNet-V2 by including such an attention mechanism. Zhao et al. [37] developed SE-ResNet50 by integrating the squeeze-and-excitation network (SENet), one of the attention mechanisms, into each stage of the ResNet50 architecture. Then the performance of SE-ResNet50 was evaluated on tomato and grape disease classification, outperforming several baseline models that did not use the SENet module. Chen [38] has also introduced the Location-wise Soft Attention mechanism to the pre-trained lightweight neural network MobileNetv2 to boost the learning ability of minor lesion features, achieving an average accuracy of 99.71% for crop disease detection. According to the current literature, adding an attention mechanism to deep networks improves the detection performance of plant and crop diseases. However, this strategy increases the model’s parameters prohibiting it from deployment on edge devices.




2.3. The YOLO Algorithm


In recent years, the YOLO models have been widely utilized for object detection due to their fast detection speed and high accuracy. In 2015, Redmon et al. [39] proposed the YOLO algorithm, where the object detection task was transformed into a regression problem. Extensions of the YOLOv1 model were the YOLOv2 [40] and YOLOv3 [41], with YOLOv2 being substantially more accurate than the original model. YOLOv3 improved the shortcomings of YOLOv2 in small object detection by employing the residual neural network concept [42]. Bochkovskiy [43] proposed the YOLOv4, which optimized YOLOv3 using data augmentation, a backbone feature extraction network, loss function, and activation function. YOLOv4 realized the best tradeoff between detection accuracy and speed, with Figure 1 illustrating a performance comparison of YOLOv4 against other state-of-the-art object detectors. Under the MS COCO dataset, the Average Precision (AP) and detection speed of YOLOv4 were improved by 10% and 12% over YOLOv3, respectively.



The superiority of the YOLO algorithm has extended its applicability in crop detection, making it an effective tool in precision agriculture. In orchards with fluctuating illumination, complicated backgrounds, overlapping apples, and branches and leaves, Tian et al. [44] proposed an improved YOLOv3 model for detecting apples during different growth stages. In this modified YOLOv3 network, the DenseNet method processed the low-resolution feature layers, with the results revealing that the proposed model effectively performed apple detection under overlapping apples and occlusion circumstances. Arunabha et al. [45] suggested Dense-YOLOv4, a real-time object detection framework, which has been applied to detect distinct stages of mango growth. This model’s mean average precision (mAP) and F1-score reached 96.20% and 93.61%, respectively, at a detection rate of 44.2FPS. Guo et al. [46] applied YOLOv3 and YOLOv4 for flower and bud detection. The results showed that the YOLOv4 model achieved the highest AP of 98.6% on bud detection (4.6% higher than the YOLOv3 model) and an mAP of 97.6% on the kiwifruit flower, while the bud detection required 38.6ms per image.



Based on previous research findings and the advantages of the YOLOv4 algorithm, this paper employed the YOLOv4 algorithm for wheat ear FHB detection. Additionally, we replaced in YOLOv4 the standard convolution with point convolution and depth-wise separable convolution to construct a lightweight model, while preserving accuracy.





3. Materials and Methods


3.1. Data Collection and Preprocessing


The wheat images used in this paper were captured in the field environment of the Yangzhou experimental base (32°42′N, 119°53′E) of the Institute of Agricultural Sciences in Lixiahe District, Jiangsu Province, China, which is primarily responsible for scientific research on crops such as wheat and rice. We employed a SONY@6300 digital camera with 24.2 million effective pixels, a 3-inch 920,000-pixel LCD screen, a 4 K high-definition camera, and a memory card SD/SDHC/SDXCmicroSD/microSDHC/microSDXC with strong endurance. All wheat images were captured during the grain filling stage in natural daylights.



We took 866 wheat images stored in the Joint Photographic Experts Group (JPEG) format. Since some images contained uneven illumination and complex backgrounds, 604 images were selected for experiments. We employed data enhancement to expand the number of images to 1616. An example of the captured FHB images was illustrated in Figure 2.



The LabelImg tool was used to annotate the captured images by manually sorting the categories and drawing the bounding boxes. Figure 3 depicted the annotation results on a diseased wheat ear, with Figure 3b presenting the converted gray image in PNG format. We deduce from the annotation that the diseased spikes have early bleaching and generate shriveled grains. A Pink Mucor layer would emerge at the base of diseased spikelets, and coal dust-like black particles would appear afterward. After annotation, the final images were transformed into the PASCAL VOC format. After data enhancement, the dataset was then randomly partitioned into training, validation, and test datasets at the ratio of 8:1:1 to ensure uniform distribution.




3.2. Lightweight YOLOv4-Based Network Design


3.2.1. YOLOv4 Algorithm


The YOLO algorithm [39], proposed by Redmon et al., was a one-stage network that separates an image into S × S grids. Each grid was in-charge of detecting objects whose center point fell within its grid. Each grid would predict B bounding boxes, their confidence scores, and the conditional class probabilities. The detection pipeline of YOLO is illustrated in Figure 4. The YOLOv4 algorithm, as an updated version of YOLOv3, was proposed by Bochkovskiy [43] and comprised the Cross Stage Partial Darknet-53 (CSPDarknet-53) [43], Spatial Pyramid Pooling (SPP) block [47], and Path Aggregation Network (PANet) [48]. The YOLOv4 algorithm optimized the feature extraction backbone network, the neck network for feature fusion, and the prediction head for classification and regression. Based on the original Darknet53 of YOLOv3, the YOLOv4 algorithm utilized a cross-stage partial network (CSP) [49] and built the CSPDarknet53 feature extraction network. The YOLOv4 algorithm incorporated the SSP block to expand the receptive field. Moreover, instead of using FPN for future fusion, PANet improved the amount of image feature extraction. The YOLOv4 algorithm employed Mosaic data augmentation, CIoU, learning rate cosine annealing decay, and label smoothing to prevent overfitting.




3.2.2. MobileNet


Although the YOLOv4 object detection algorithm had improved accuracy and speed, the CSPDarknet53 network was still a deep network involving many parameters, which, therefore, made it unsuitable for deployment on edge devices with low processing capacity. As a result, studying the lightweight model for its application and development in agriculture is critical. Hence, this study introduced the lightweight neural network (MobileNet) [31] into the YOLOv4 algorithm.



MobileNet was a lightweight network proposed by Google in 2017 for mobile terminals and edge devices. In MobileNet, the standard convolution was replaced with point and depth-wise separable convolutions, dramatically decreasing the model calculation complexity. Moreover, MobileNet replaced the activation function with ReLU6 (Equation (1)), allowing the model to learn sparse features sooner.


  Y = min ( max ( f e a t u r e , 0 ) , 6 )  



(1)




where Y is the output of ReLU6, and feature is the input feature.



Standard convolution (Figure 5a) involved adding the input feature diagrams of each channel to the convolution kernel of the response and then outputting the features. The typical standard convolution operation has a computational cost of:


   n 1  =  D k  ⋅  D k  ⋅ M ⋅ N ⋅  D w  ⋅  D h   



(2)







The depth-wise separable convolution (Figure 5b) split the standard convolution’s one-step operation into two steps: one depth-wise convolution and one point-by-point convolution. The following is the size of the convolution operation:


   n 2  =  D k  ⋅  D k  ⋅ M ⋅  D w  ⋅  D h  + M ⋅ N ⋅  D w  ⋅  D h   



(3)







After applying the depth-wise separable convolution, the calculation complexity and the required parameters are reduced to about 1/4 of the original, resulting in a significantly smaller model and a faster detection speed.




3.2.3. The Proposed Lightweight Model


The backbone structure of the YOLOv4 model was CSPDarknet53. Although the CSPDarknet53 network had an appealing detection accuracy and a low computing cost, it still had many parameters, making it unsuitable to be embedded in edge devices. In order to reduce the parameters of the YOLOv4 model and facilitate the embedding of edge equipment, this paper proposed a lightweight neural network model called MobileNetv3-YOLOv4 network, based on the traditional YOLOv4 model. It could be seen from Figure 6 that the structure replaced the YOLOv4 backbone network with MobileNetv3.



The SPP module converted feature maps of arbitrary size into fixed-size feature vectors. Figure 7 illustrates the bottleneck (bneck) module network with MobileNetv3, and the PANet structure is shown in Figure 8 in detail. YOLOv4 aggregated parameters using PANet instead of Feature Pyramid Network (FPN) for object detection at different levels. Our first enhancement was improving the utilization and increasing the low-level information’s transmission efficiency. Therefore, we proposed the bottom-up path augmentation. The second innovation was that when the FPN selected anchors in multiple layers, it allocated them to the corresponding layer based on the anchor size for hierarchical selection. Although this was incredibly efficient, it cannot utilize all available information simultaneously. Thus, PANet afforded adaptive feature pooling to alleviate this problem. The third proposed improvement involved fully connected fusion, which combined convolution-up-sampling and fully connected layers to optimize the mask generation quality.



MobileNetv3 combined the depth-wise separable convolution of MobileNetv1 with the inverted residual linear bottleneck and the lightweight attention model (Squeeze-and-Excitation, SE-Net) of MobileNetv2, and utilized the Network Architecture Search (NAS) to search the network’s configuration and parameters. The 3 × 3 and 1 × 1 convolution layers were discarded to reduce the calculation burden further. Finally, the Hard-swish and ReLU6 activation functions of MobileNetv3 significantly improved network accuracy.



Although the proposed lightweight model replaced the ordinary convolution in the backbone feature extraction network with the depth-wise separable convolution, the neck network and the prediction head still adopted the SPP + PAN + YOLO Head structure. Furthermore, the standard convolution in the enhanced feature extraction network (PANet) was replaced with the depth-wise separable convolution, considerably reducing the model’s parameter cardinality. The specific structural parameters are listed in Table 1, with columns 1–3 representing the MobileNetv3 change per feature layer, each feature layer’s operation, and the number of channels, respectively. Moreover, in the same table, columns 4–7 represented whether the attention module should be used at this layer, whether or not to adopt the H-swish function, the step size used for each block structure, and the output of each feature layer, respectively. After the preliminary feature extraction by CSPDarknet-53, three preliminary adequate feature layers were obtained in the YOLOv4 network structure. When the input image was 416 × 416 × 3, the three preliminary effective feature layers were 52 × 52 × 256, 26 ×26 × 512, and 13 × 13 × 1024, respectively. If the backbone feature extraction network was directly replaced with MobileNetv3, the size of the output preliminary effective feature layers were 52 ×52 ×40, 26 × 26 × 112, and 13 × 13 × 160, respectively. Directly training the network suffered from the channel mismatch error. Thus, before training, the number of input channels of the convolution operation must be adjusted.





3.3. Network Training and Evaluation


Deep learning models require a large number of datasets for training. Hence, we expanded the wheat images through data augmentation involving image cropping, affine transformation, horizontal flipping, adding noise and blur, and altering the contrast and brightness. Figure 9 illustrates an example of wheat disease samples after image augmentation.



The experiment selected 1616 wheat disease images, randomly divided into training, validation, and test datasets at a ratio of 8:1:1. We adopted transfer learning during the deep learning model training, with the pre-training model able to perform freezing and unfreezing training operations. The learning rate is a hyperparameter that significantly impacts the model’s performance. In our trials, the initial learning rate was 0.0001, and its momentum was 0.9, the same for both the proposed and the competitor detection algorithms. This study adopted the adaptive motion estimation (Adam) to optimize the learning rate automatically. To ensure a minimum validation loss, we saved the trained model in every epoch. When the models completed training, they were validated on the same testing datasets employing the Precision, Recall and F1 score performance metrics (Equations (4)–(6)) to reveal their FHB detection accuracy. Additionally, we evaluated the model’s performance on detection speed by averaging the time required to detect 100 test images.


  P r e c i s i o n =   T P   T P + F P    



(4)






  R e c a l l =   T P   T P + F N    



(5)






  F 1 =   2 P r e c i s i o n ⋅ R e c a l l   P r e c i s i o n + R e c a l l    



(6)




where TP represents the number of correctly predicted positive samples, FP is the number of positive examples with the wrong prediction, and FN is the number of negative examples with a wrong prediction.



All experiments were implemented on a i7-11700K CPU, ROG-STRIX-RTX3070-O8G-GAMING, 8 Gb memory, employing Pytorch with torch 1.7.0, CUDA Toolkit 11.0, cuDNN v8.0 and Python3.6.




3.4. Loss Function


The loss function indicates the disparity between the prediction and the actual data, revealing the model’s prediction quality. The YOLOv4 algorithm utilized the CIoU loss and DIoU loss, comprising the bounding box regression, confidence, and classification losses.



The bounding box regression loss utilized the CIoU loss. Based on IoU, the CIoU considered three geometric factors: the overlapping area, center distance, and aspect ratio. IoU represents the difference between the intersection and union ratio between prediction frame A and real frame B, reflecting the detection performance of the prediction detection frame. IoU is defined as:


  I o U =     A ∩ B       A ∪ B      



(7)







The CIoU loss function added the detection frame’s length and width loss, affording a prediction frame consistent with the real frame. CIoU is defined as:


  C I o U = I o U −      ρ 2  ( b ,  b  g t   )    c 2    + α υ    



(8)






  υ =  4   π 2      ( arctan    ω  g t      h  g t     − arctan  ω h  )  2   



(9)






  α =  υ  ( 1 − I o U ) + υ    



(10)




where    ω  g t     and    h  g t     represent the width and height of the real frame, respectively, and  ω  and  h  are the width and height of the prediction frame.



The confidence loss and category loss in YOLOv4 employed a binary cross-entropy loss function, which imbalanced the positive and negative sample proportion, resulting in many negative samples. In order to better focus on the difficult-to-classify samples during training and reduce the false detection rate of comparable objects, the focal loss function replaced the binary cross-entropy loss function.



The focal loss was modified based on the cross-entropy loss function, with its expression being:


   L  f 1   = −   ( 1 −  p t  )  γ  log (  p t  )  



(11)




where    p t    denotes the classification difficulty. The larger the    p t   , the higher the classification confidence, and the easier it is to divide the representative sample. Accordingly, the smaller    p t   , the lower the classification confidence, and the more difficult it is to distinguish the representative samples.  γ  > 0 is an adjustable factor.





4. Results


The performance of the proposed lightweight model was verified on specific detection images. To prove the superiority of the developed MobileNetv3-YOLOv4 model, we challenged it against current state-of-the-art detection models. All models were trained under the same settings and datasets.



4.1. Loss Function of the Model


It could be seen from Figure 10 that the training loss curves of all object detection models converge, indicating that all models were successfully trained. As the number of training epochs increased, the loss values of YOLOv4 and the improved models initially declined quickly and then slowly. Figure 11 showed the detailed loss value between epoch 10 and 40. From Figure 11, we could find that the loss curve of YOLOv4 progressively converged near 0.07 after roughly 34 epochs, while the loss curves of MobileNetv1-YOLOv4, MobileNetv2-YOLOv4, MobileNetv3-YOLOv4 converged near 0.07, 0.07, and 0.06 after approximately 34, 30, and 38 epochs, respectively. All loss curves converged, indicating that the trained models acquired the FHB features to complete the detection tasks.




4.2. Network Parameters and PR Curve Analysis


In the enhanced feature extraction network of YOLOv4, we replaced the backbone feature extraction network and the ordinary convolution with the depth-wise separable convolutions. Table 2 revealed that the parameters of the improved model decreased dramatically, with MobileNetv2-YOLOv4 having the least parameters and the proposed model slightly more. This was because MobileNetv3 incorporated an Attention mechanism based on MobileNetv2. The algorithms’ performance was evaluated based on the accuracy and recall metrics, while the precision-recall (PR) curves of several models were illustrated in Figure 12. The PR curves considered the detection accuracy as the ordinate and the recall rate as the abscissa. The area between the curve and the coordinate axis was the AP. The higher the AP value, the better the model’s detection performance. Figure 12 revealed that the PR curve area under the MobileNetv3-YOLOv4 model was slightly less than the YOLOv4 model, probably because some features learned during training were not sufficiently generalized.




4.3. Comparison of Different Detection Methods


To verify the superiority of the proposed model, we compared YOLOv3, YOLOv4, YOLOv4-tiny, YOLOv4 with ResNet50, and YOLOv4 with VGG, which are currently the state-of-the-art detection models. Table 3 reported the models’ AP, F1, Recall, Precision, average detection time, and model size, highlighting that YOLOv4 had a better Recall (68.43%) than the other methods, but the average detection time was the largest. The YOLOv3 and YOLOv4 models afforded appealing detection results, but YOLOv4 outperformed YOLOv3 in F1, AP, Recall, and Precision (by 20%, 4.8%, 27%, and 4.7%, respectively). The reason was that CSPDarknet-53 utilized as the backbone in YOLOv4 may enhance its detection capability, while SPP and PANet of YOLOv4 afforded feature aggregation at multiple levels to preserve adequate spatial information for small object detection. In terms of detection performance, the proposed MobileNetv3-YOLOv4 model was more appealing than MobileNetv2-YOLOv4, attaining higher performance metrics (F1 by 4%, AP by 3.5%, Recall by 4.1%, and Precision by 1.6%). Consequently, despite the smaller model size of MobileNetv2-YOLOv4, we favor MobileNetv3-YOLOv4. Our model’s AP and F1 score were 1.1% and 2% lower than YOLOv4, but the error was between 4–5%, which was within the acceptable range. Furthermore, the proposed model outperformed the YOLOv4 model in terms of weight indicators affording a reduced average detection time by 0.0141 s and model size by 200 MB. Although the proposed model sacrificed a certain detection accuracy, the error was within a controllable range, and the model size was significantly decreased.




4.4. FHB Detection


We randomly chose an image from the FHB validation set for manual marking, and compared the marking result with the detection result based on the proposed model. As shown in Figure 13, the model detection performance was consistent with the manual marking results, presenting a high detection accuracy. Although the model still had certain deficiencies (Figure 13b, where the blue circle represents missed detection), the ear that was initially infected was detected as normal, but the missed detection rate was low.



Eight models were used to evaluate the testing datasets, with the results demonstrating that under low density, the detection results of YOLOv3 presented marginally less accurate results in some detection frames compared with our algorithm. YOLOv4 missed some detections and presented some false detections. We challenged the proposed model against popular models, with the corresponding results indicating that our model was comparatively lightweight due to fewer network parameters, and its detection performance was comparable to current models. Figure 14 depicted the detection results of randomly selected wheat ears.





5. Discussion


This research proposed a lightweight model for FHB wheat ear detection based on RGB images. The developed model was based on YOLOv4, but had three significant enhancements. First, YOLOv4’s backbone network, CSPDarknet53, was replaced with the lightweight MobileNet. Second, we guaranteed the FHB detection accuracy by employing the CIoU and NMS to regress the loss function and introducing the focal loss into the loss function to reduce the error caused by the unbalanced distribution of positive and negative samples. Finally, we adopted the mix-up training and transfer learning methods to enhance the model’s generalization ability. The proposed model’s performance was challenged against manual annotation, revealing that it outperformed current popular models in wheat ear FHB detection.



The developed lightweight model required only 56 MB, a fifth of the memory required by YOLOv4, achieving an accuracy of 93.69% compared to the competitor models presented in Table 4. Although the size of the proposed model was not the smallest, the precision was relatively high on the basis of ensuring that the proposed model was small enough for my task. Taking these two factors into consideration, we selected MobileNetv3-YOLOv4 as our proposed model. In a recent study, Hayit et al. [50] proposed a deep CNN-based model, named Yellow-Rust-Xception, to classify wheat leaf rust severity with a 91% accuracy. In order to quickly and accurately detect the severity of FHB, a method of detecting the disease utilizing continuous wavelet and particle swarm optimization support vector machines was proposed [51]. This detection model produced the best overall accuracy (93.5%). Jiang et al. [52] enhanced the Visual Geometry Group Network-16 (VGG16) model through multi-task learning to simultaneously detect rice and wheat leaf diseases. For rice leaf diseases, the accuracy was 97.22%, and for wheat leaf diseases, 98.75%. Unlike the methods mentioned above, the proposed wheat ear FHB detection method focused on the lightweight design. The proposed model successfully decreased the network parameters and simplified computing complexity. To ensure a certain accuracy, the model size was also compressed to 1/5 of the state-of-the-art model. Therefore, the proposed model is suitable for deployment on edge devices, technologically supporting a UAV-enabled edge computing system for wheat disease diagnosis. The entire architecture is illustrated in Figure 15. The edge server manages the edge devices, sets the UAV’s flight path, and performs management control. The edge device employs the model trained in the cloud server to detect diseases based on the captured images and uploads them to the cloud server for processing, storage, and updating the model. The detection results are provided to the end-users to intelligently decide in time, promoting the intelligent control of agricultural disease.




6. Conclusions


This paper proposes a lightweight model for wheat ear Fusarium head blight detection. Aiming at the problem that the existing deep neural networks are sizeable to be embedded on edge devices, this paper replaces the backbone network CSPDarknet53 of the YOLOv4 model with the lightweight MobileNetv3. Introducing a lightweight module effectively decreases the parameter cardinality and the computational complexity while preserving the model’s detection performance. The depth-wise separable convolution of lightweight modules reconstructs the object detection model, reducing the convolution operation. Moreover, based on the CIoU loss function in the YOLOv4 model, we introduce the focal loss into the loss function to reduce the error caused by the imbalanced distribution of positive and negative samples. Additionally, Adam automatically optimizes the learning rate. The proposed model parameter cardinality is reduced by 50% compared to the original YOLOv4 model, and the average detection time is reduced by 0.014 s. The experimental results demonstrate that the proposed model has appealing advantages in wheat disease detection, with the detection accuracy on FHB of wheat ear reaching 93.69%, 2.9% higher than the YOLOv4 model. Compared with the YOLOv4 model, on the premise that the precision loss error of AP value is less than 5%, the network model is compressed from 256 MB to 56 MB, improving the detection speed and effectively overcoming the problem of difficult deployment and application. In conclusion, the proposed model could reliably and quickly detect FHB and could be deployed on edge devices. This is important, because reacting in the early stages based on the disease conditions could reduce yield losses and guarantee food security.



The results indicate that the proposed model has great potential for detecting wheat ear FHB in real-time. However, this study was a starting work, with several issues worth considering in subsequent studies.



	(1)

	
This study focused solely on wheat ear FHB detection, ignoring wheat leaf FHB detection. Wheat is also susceptible to a variety of other diseases. As a result, further research of the disease types on this premise should be conducted to realize the detection of wheat leaf and other diseases;




	(2)

	
Although the proposed model successfully detected FHB, incorrect detections of small objects were inevitable. In addition, from Figure 14, due to the background noise, the detection performance of the second image was not as accurate as other models. Future research should enhance the model’s detection performance for extremely small items in complex background;




	(3)

	
This research focused merely on lowering the number of parameters and overlooked the differences between different edge platforms. Future studies should consider designing platform-dependent models to investigate the extended model’s generalization ability further.
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Figure 1. Comparison between YOLOv4 and other state-of-the-art object detectors. (* AP refers to average accuracy. FPS refers to the number of frames processed per second. YOLOv4 is more faster than EfficientDet with the same AP value and improves YOLOv3’s AP and FPS by 10% and 12%, respectively.) 
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Figure 2. Wheat images infected with FHB. 
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Figure 3. The annotation results of diseased wheat ear image. (a) The original image. (b) PNG gray image. 
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Figure 4. YOLO detection (YOLO algorithm models detection as a regression problem. It divides the image into an S × S grid and for each grid cell predicts bounding boxes, confidence for those boxes and class probabilities). 
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Figure 5. (a) Standard convolution process and (b) Depth-wise separable convolution process. 
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Figure 6. The proposed lightweight network structure based on the YOLOv4. 
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Figure 7. The structure of bneck. 
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Figure 8. The structure of PANet. (a) FPN backbone, (b) Bottom-up path augmentation, (c) Adaptive feature pooling, (d) Box branch, and (e) Fully-connected fusion. 
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Figure 9. Examples of wheat disease images after image enhancement. (a) Original image, (b) horizontal flipping and cropping, (c) cropping and minor Gaussian blurring, and (d) cropping and contrast and brightness change. 
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Figure 10. The loss values of YOLOv4 and the improved models. 
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Figure 11. Detailed loss value between epoch 10 and 40. 
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Figure 12. PR curves of YOLOv4 and improved models. 
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Figure 13. Comparison between manual annotation and the proposed model. (a) Manual annotation and (b) detection results of the proposed model. 
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Figure 14. Comparisons of FHB detection with different algorithms. (a) The original images. (b) YOLOv3. (c) YOLOv4. (d) YOLOv4-tiny. (e) YOLOv4 with ResNet50. (f) YOLOv4 with VGG. (g) Ours. 
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Figure 15. System architecture. 
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Table 1. MobileNetv3 network structure.
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	Input
	Operation
	Number of Channels
	SE
	HS
	Stride
	Output





	416 × 416 × 3
	Conv, 1 × 1
	16
	-
	-
	2
	208 × 208 × 16



	208 × 208 × 16
	Bneck, 3 × 3
	16
	-
	-
	1
	208 × 208 × 16



	208 × 208 × 16
	Bneck, 3 × 3
	24
	-
	-
	2
	104 × 104 × 24



	104 × 104 × 24
	Bneck, 3 × 3
	24
	-
	-
	1
	104 × 104 × 24



	104 × 104 × 24
	Bneck, 5 × 5
	40
	√
	-
	2
	52 × 52 × 40



	52 × 52 × 40
	Bneck, 5 × 5
	40
	√
	-
	1
	52 × 52 × 40



	52 × 52 × 40
	Bneck, 5 × 5
	40
	√
	-
	1
	52 × 52 × 40



	52 × 52 × 40
	Bneck, 3 × 3
	80
	-
	√
	2
	26 × 26 × 80



	26 × 26 × 80
	Bneck, 3 × 3
	80
	-
	√
	1
	26 × 26 × 80



	26 × 26 × 80
	Bneck, 3 × 3
	80
	-
	√
	1
	26 × 26 × 80



	26 × 26 × 80
	Bneck, 3 × 3
	80
	-
	√
	1
	26 × 26 × 80



	26 × 26 × 80
	Bneck, 3 × 3
	112
	√
	√
	1
	26 × 26 × 112



	26 × 26 × 112
	Bneck, 3 × 3
	112
	√
	√
	1
	26 × 26 × 112



	26 × 26 × 80
	Bneck, 5 × 5
	160
	√
	√
	2
	13 × 13 × 160



	13 × 13 × 160
	Bneck, 5 × 5
	160
	√
	√
	1
	13 × 13 × 160



	13 × 13 × 160
	Bneck, 5 × 5
	160
	√
	√
	1
	13 × 13 × 160
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Table 2. Parameter statistics of four network models.






Table 2. Parameter statistics of four network models.





	Network Model
	Parameter/Ten Thousand





	YOLOv4
	5000–6000



	MobileNetv1-YOLOv4
	1269.20



	MobileNetv2-YOLOv4
	1080.12



	MobileNetv3-YOLOv4
	1172.91
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Table 3. Performance comparison between different models.
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	Model
	AP
	F1 Score
	Recall
	Precision
	Time/s
	Size/MB





	YOLOv3
	76.44%
	58%
	41.81%
	86.08%
	0.1140
	247



	YOLOv4
	81.28%
	78%
	68.43%
	90.72%
	0.1249
	256



	YOLOv4-tiny
	79.99%
	73%
	61.09%
	91.33%
	0.1004
	24



	YOLOv4 with ResNet50
	80.81%
	76%
	65.36%
	92.07%
	0.1123
	134



	YOLOv4 with VGG
	80.41%
	75%
	62.63%
	92.68%
	0.1174
	94



	MobileNetv1-YOLOv4
	79.50%
	74%
	61.43%
	92.31%
	0.1071
	54



	MobileNetv2-YOLOv4
	76.64%
	72%
	59.22%
	92.04%
	0.1084
	49



	Ours
	80.17%
	76%
	63.31%
	93.69%
	0.1108
	56
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Table 4. Performance comparison of the proposed model with previous studies.
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	Reference
	Plant
	Model
	Precision





	Ramcharan et al. [53]
	Cassava
	MobileNet
	84.7%



	Gonzalez-Huitron et al. [54]
	Tomato leaves
	NASNetMobile
	84%



	Hayit et al. [50]
	Wheat
	Xception
	91%



	Liu et al. [55]
	Tomato
	Improved YOLOv3
	92.39%



	Huang et al. [51]
	Wheat ear
	Continuous wavelet analysis and PSO-SVM
	93.5%



	Jiang et al. [52]
	Wheat leaf
	Multi-task deep learning transfer
	98.75%



	Proposed method
	Wheat ear
	MobileNetv3-YOLOv4
	93.69%
















	
	
Publisher’s Note: MDPI stays neutral with regard to jurisdictional claims in published maps and institutional affiliations.











© 2022 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).






media/file26.jpg





media/file8.jpg





media/file13.png
(D
}

Batch Normalization
Conv 1x1(Project)

i

L SE |

!

Activation

Batch Normalization

Depthwise Convolution

!

Activation

Batch Normalization
Conv 1x1(Expand)

*

(a) Bottleneck Block

v

‘ Average Pooling ‘

| FC ]
|

‘ ReLU ‘
|

| FC ]

|

‘ Sigmoid ‘

(b) Squeeze-and-Excite(SE)





media/file31.png
Cloud Server

Edge Sever

Model deployment
Image collection

FHB dection
Edge Device

Feedback results






media/file27.jpg





media/file12.jpg
De—
t  E—

Batch Normalization Average Pooling
Conv 1x1(Project) 1
? FC
SE ‘
t ReLU
Activation ‘
Batch Normalization e
Depthwise Convolution I
? - Sigmoid
Activation

Batch Normalization
Conv 1x1(Expand)

——

(a) Bottleneck Block (b) Squeeze-and-Excite(SE)






media/file18.jpg
25,

“Train loss.

10

»

“©

Epoch

F3

)

)

100





media/file9.png
|
|
|
M |
|
|
! |
D, D, , D, |
D, k D:‘ (a) :
M M f— M
D, D, III
' k. D/'
D D, D,

Depth-wise convolution Pointwise convolution (b)






media/file14.jpg





media/file20.jpg
Tran loss.

1of o2 YOOt

e YOO

Epoch

W





media/file28.png





media/file23.png
— voLow
| —— MobileNetv1-YOLOWA

|—— Mobilehs

MobileNetv2-YOLOWE
letv3-YOLC

precision

05
Recall






media/file5.png





media/file15.png
(d) /class
> box

i ’ >£~> mask|
N

()






media/file19.png
Train loss

— voLou
—— MobieNetv1-YOLOVA

—— MobileNetv2-YOLOVA
—— MobileNetva-YOLOWI

Epoch





media/file2.jpg





nav.xhtml


  remotesensing-14-03481


  
    		
      remotesensing-14-03481
    


  




  





media/file11.png
CBL

|
| CSPDarknet53 |
|
|

N T I ; I
— |
O =<
U —>|I —> |

y
/‘
II
________________________________ | BL

l C SPP
MobileNetv3






media/file6.jpg





media/file24.jpg





media/file29.png





media/file1.png
\

P






media/file10.jpg





media/file7.png
Sx8 grid on input

Final FHB detections

Class probabilities





media/file16.jpg





media/file3.png





media/file22.jpg
12

—voion
| bl Y00
— el 2010
]

s

02/

o1 02 03 o4 05 08 07 o8 o8
Recall






media/file17.png





media/file4.jpg





media/file30.jpg





media/file25.png





media/file0.jpg
A & &8 & 8

%40

MS COCO Oject Detection

8 8 v 8 8






media/file21.png
—

Train loss
——

25
Epoch






