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Abstract

:

Estimation of crop damage plays a vital role in the management of fields in the agriculture sector. An accurate measure of it provides key guidance to support agricultural decision-making systems. The objective of the study was to propose a novel technique for classifying damaged crops based on a state-of-the-art deep learning algorithm. To this end, a dataset of rapeseed field images was gathered from the field after birds’ attacks. The dataset consisted of three classes including undamaged, partially damaged, and fully damaged crops. Vgg16 and Res-Net50 as pre-trained deep convolutional neural networks were used to classify these classes. The overall classification accuracy reached 93.7% and 98.2% for the Vgg16 and the ResNet50 algorithms, respectively. The results indicated that a deep neural network has a high ability in distinguishing and categorizing different image-based datasets of rapeseed. The findings also revealed a great potential of deep learning-based models to classify other damaged crops.
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1. Introduction


Bird damage to agricultural and horticultural products leads to lots of problems, especially in high-value crops [1,2]. Damaged crops are often a source of contamination as they attract insects and contribute to propagating diseases which cause further economic losses to farmers. Among different crops, rapeseed is particularly prone to bird damage and is a cause of concern for farmers [3].



Rapeseed (scientific name Brassica napus) is a major grain in the Iranian Agricultural Ministry’s programs for increasing oil production [4]. For this reason, more than 80 thousand ha in Iran have been assigned to this crop, with the north of Ardabil Province (the Moghan Plain) being an important region in Iran in this regard [4]. Despite planned measures to support rapeseed cultivation such as guaranteed crop purchasing by the government, support for manufacturers and buyers of this crop, giving subsidized agricultural inputs to farmers, etc., various factors have restricted the area under this crop cultivation which should be considered by policymakers, planners, and experts. According to the reports of local farmers, authorities, field observations, and local news, bird damage is one of the major limiting factors from the initial growth to the beginning of stemming (rosette stage).



Every year, when the cold season arrives, in addition to native birds such as cuckoos and sparrows, the Moghan region hosts thousands of different species of migratory birds that migrate mainly from the cold Siberian and Russian regions for overwintering [5]. Then, after a temporary stay (several months), they return to their countries of origin. Among these birds, Tetrax tetrax (little bustard, named mazmak in the local vernacular), which travels annually over the north of Ardabil Province from Russia and Kazakhstan, selects the Moghan Plain for its temporary migration. Tetrax tetrax is a species of wild bird that lives in pastures and grasslands which in Europe has adapted its habitat to pastures and the fields [6]. This bird is currently globally threatened and classified in Europe as SPEC 2 (a species with a poor conservation status) [6,7]. Overwintering of these birds is often associated with damage to rapeseed crops in the region [8]. Because of the cold weather and restricted food supplies along with the large population of these birds, they feed on a broad leaf plants of the region, especially rapeseed. This is observed objectively by the droppings and feathers left by these birds that completely indicate the damage of these birds to the rapeseed crop. Based on the objective observations, in terms of rapeseed growth stages this crop is damaged by these birds between the four-leaf and rosette stages. In other words, this event occurs between autumn and winter before the plant reaches the tillering stage [8].



Identifying and classifying crop damage directly impacts future prevention strategies. In order to stop or at least reduce the bird damage, different approaches have been suggested by researchers such as crop improvement, breeding, as well as use of sparrows and hunter-gatherers [7,8]. However, as Tetrax tetrax is an endangered species, hunting them is not permissible, and chasing them away with other bird species may not be feasible [7]. The European union support for these species is another reason [1]. The surveys conducted between 2002 and 2009 indicated a 17% decline in the Tetrax tetrax male population due to illegal hunting, collisions with power lines, and other anthropogenic causes [9].



Studies have shown that the use of appropriate planting techniques can reduce the damage caused by birds to growing rapeseed bushes [8]. Field research has indicated that the major damage to rapeseed crops in different regions of Iran, from the cultivation stage to the end of the rosette stage, is predominantly caused by migratory birds such as Tetrax tetrax and cuckoos [8]. Bird damage occurs from the vegetative stage of rapeseed, wheat, and barley to the end of the rosette stage, by eating the seeds and uprooting the plant bushes and then eating the young leaves of the plant [10,11]. However, that damage caused by the birds does not represent a severe reduction in crop yields [5,12]. In Essex, east London (UK), for instance, about 81% of lettuce plants in the fall were damaged by cuckoos, but it still yielded acceptable production. References [5,12] have reported that three zones were identified in Iran for overwintering of Tetrax tetrax birds, including the Moghan Plain in northwest Iran, Turkmen Sahra in the southeast corner of the Caspian Sea, and the Sarakhs Plain in southeast Iran near the Afghanistan border. Population surveys of this type of migratory bird during 2005–2009 showed that over 10,050 species in Iran wintered in these habitats and returned after warming to their regions of origin (mainly Russia and Kazakhstan) [8].



A research group studied the activity of common cranes in arable fields as examples of large grazing birds, and their impacts on the agricultural sector [13]. They surveyed different effective crop damage factors in order to develop preventive strategies and reported that proper approaches based on conservation practices are required to reduce crop damages. In another study, the damages caused by monk parakeets to corps were evaluated [14]. In this research, various agricultural and horticultural products such as tomato, corn, red plum, etc., were analyzed regarding the crop damage caused by the parakeets. This work was done manually by counting the number of damaged crops, and extrapolating them to the total area. Time consumption and inability to use the data in real-time applications are the main limitations of this method of crop damage estimation.



In similar studies, bird abundance and damage to crop fields have been analyzed regarding habitat features and their economic impacts on the fields’ yields [15,16]. These works reported that some species of the birds can cause significant damage to spring crops where severe damage to freshly planted crops can lead to the loss of the entire crop and therefore require replanting. Accordingly, managers should pay special attention to a series of local factors in case of geometrical features of the fields for preventing bird damage to crops.



Few studies have been conducted on crop protection and prediction of some probable damage causes such as frost, hail, etc., which are very damaging to most crops using image and non-image data [17,18]. In such studies, which use common methods of image processing and analysis, despite their relative accuracy, there are often two challenges. First, they need to direct feature extraction so that the required information must be obtained manually by the users and not automatically. The second problem is less generalization as the performance of these methods is not robust enough to be reliable and generalizable to new data in a variety of applications. Thus, smarter methods are needed. Regarding the identification and classification of rapeseed damage especially using computer-based methods which are nondestructive, there is a gap. Accordingly, the current study tries to fill it with a novel and strong method without direct interference of human operators called deep transfer learning [19].



Deep Learning


Deep learning is a major domain of machine learning and artificial intelligence which has been used extensively in a variety of fields due to its outstanding performance [20]. Deep learning models are often designed and implemented using neural networks where the number of hidden layers determine the depth of the deep neural networks. These deep neural networks have achieved major breakthroughs in image classification [21,22]. It is remarkable that traditional machine learning methods are outperformed by deep learning by a significant margin in different domains such as computer vision, natural language processing, time series, etc. [20]. Also, due to the high ability of deep learning-based models in extracting more and more complex features, they work best for unstructured data such as images, text, and sensor data [23]. In other words, complex features are detected in the subsequent layers of the deep models which are used in the classification procedure. The entire procedure is done automatically with no direct interference by any human operator, which the great advantage of deep neural networks [24].



There are several deep learning architectures of which convolutional neural networks (CNNs) are the most famous of them [20]. CNNs have a great potential in the area of computer vision, especially if implemented on modern powerful graphical processing units (GPUs) [25]. Studies have showed that using GPUs significantly improves the recognition rate in many vision datasets such as MNIST, CIFAR10, etc. [26]. Due to extensive applications of deep learning models in different domains, they have also entered the agricultural sector. A comprehensive survey with more details explaining the use of deep learning techniques for solving agricultural and food chain challenges has been conducted by [27,28,29]. It is worth noting that deep learning models are data-driven, meaning they form themselves, and their main limitation is the need for large volumes of data to work correctly [20]. In other words, deep learning models are data oriented which means that they often need plenty of input data for feeding and training [23]. However, there are methods such as active learning and transfer learning that have been able to solve this challenge to a good extent in recent years [20,23]. Also, comparisons of the models with other methods have been performed regarding performance.



Several studies have been conducted on the applications of deep learning in identifying and classifying damaged plants. In [30] crop diseases and pests were identified using deep learning and a fuzzy system. These researchers claimed their method had advantages such as better robustness, generalization and acceptable accuracy. In another study, different models of deep networks for classification of soybean pest images were evaluated [31]. The results of this study showed that with transfer learning and fine-tuning techniques, very good accuracy can be achieved. Also, the performance of these models was reported to be significantly superior to other feature extraction methods such as SIFT and SURF.



The combination of a CNN and learning vector quantization (LVQ) was investigated to detect and classify plant leaf disease [32]. In this study, color characteristics were extracted by a modeled CNN, and the resulting information was fed as input to an LVQ. Their experimental results showed a satisfactory performance in identifying and classifying four types of tomato leaf diseases. In another study, plant diseases were identified with various machine learning techniques, including convolutional deep neural networks [33]. They achieved 95% accuracy, which represented better peformance than similar studies before. In another study, generative adversarial networks (GANs) have been used to compensate for the lack of data on disease and plant pest images, and the task of classification has been performed by applying a CNN. The results are reported as satisfactory [34].



Considering the mentioned cases and to overcome the current limitations, the objective of the current research was to present a new method for classifying damaged rapeseed crop images caused by Tetrax tetrax birds based on two deep neural networks called Vgg16 and ResNet50, and using a transfer learning strategy.





2. Materials and Methods


2.1. Location and Description of the Study Area


All imaging operations were conducted in 2019 at Moghan Agro-Industrial & Live-stock Company (MAIL Co., 39°31′35″ N 47°57′24″ E and an altitude of 46 m above sea level) on the Moghan Plain, Ardabil, Iran (Figure 1). Several rapeseed fields were chosen as a target crop to provide the required image dataset. The damage to the rapeseed crop involves leaves partially to completely eaten by the birds. Accordingly, to determine the category of the rapeseed damage, all fields were divided into three groups including undamaged, partially damaged (damage to some parts of the plant leaves), and fully damaged (the leaves that are almost completely eaten) based on the advice of agricultural experts and insurers. Then, for counting the number of plants per unit area and the number of leaves per plant, a 0.5 m × 0.5 m wooden frame was used. This frame was placed randomly on different points at each field far from the borders whose results are reported in Table 1. In the next part (after image acquisition), the captured images were labeled according to these values. Since the current study is a supervised learning, the label of each image is required for training the deep neural network.




2.2. Dataset Preparation


In order to feed the deep neural network for classifying rapeseed damaged crop, image data were used. To provide the dataset, a 10-megapixel digital camera (W3-Fujifilm, Fuji, Minato City, Tokyo, Japan) equipped with 12 mm focal length lens was used under real field conditions in terms of lightening. On the day of image capture, the weather was sunny and the temperature was 15 °C. The wind speed was also 3 km/h, so that it was not felt much. The camera was mounted on an aluminum platform to capture images with the distance between the camera holder and the ground set at 80 cm. This distance was optimum for image acquisition in the current research as the pixels of these images were not affected by geometric distortion. Accordingly, no geometrical corrections were performed on the RGB images, and they were directly used for feeding the designed network. The resolution of this image dataset was 3784 × 2536 pixels. The platform built to hold the camera is displayed in Figure 2, and was moved manually across the field. Also, a sample of the dataset used in this study is shown in Figure 3. To access more images and improve the generalization power of the classification model, data augmentation was used. To perform this, rotation to the 180° and translation in both x and y directions were applied to the input images to enhance their number artificially.




2.3. Classification Model


It is remarkable that providing massive data for many applications in the real world (as with the current research) is often very hard or impossible [23]. Thus, a transfer learning technique was used to overcome this challenge. Indeed, transfer learning was used because the number of images was limited. In this regard, pre-trained networks especially convolutional neural networks (CNNs) as famous models with many applications in computer vision tasks, were applied. Vgg16 and ResNet50 are deep CNNs trained on approximately 1.2 million images from ImageNet [35]. These deep neural networks were used via transfer learning to avoid overfitting. Both networks have the capability of classifying 1000 object categories into their specific class [36,37]. The input images to the Vgg16 and ResNet50 are is in size of 224 × 224 but the number of convolution layers is 13 and 50, respectively [36].



After entering the input images, CNNs identify lower-level features, such as edges and spots, as well as medium-level features, such as corners and texture, as well as higher-level features, which form the overall shape of objects within the scene [24]. In other words, as the network goes deeper, more complex features are extracted so that their performance is often high [20]. Other specifications of Vgg16 such as the number and size of kernels, type of activation function, pooling and batch normalization (BN) layers are reported in Table 2. Activation function is a nonlinear function that takes the weighted sum of all of the inputs from previous layers, and then generates and passes an output value to the next layers to control the outputs of out neural networks [38]. Batch normalization is a technique that normalizes the input of activation functions in a hidden layer [39]. It speeds up training, enables higher learning rates and reduces overfitting. Convolutional layer is a layer of a deep neural network that a filter passes along an input matrix, and extracts the required features. A kernel (filter) is a matrix with smaller size than input matrix which is used to extract certain features from an input matrix. The quality of features and network performance depends on the optimal values of these kernels [39]. Pooling is an operation which is used to reduce the size of feature matrices created by earlier convolutional layers [23]. Further, the architecture of Vgg16 is shown as a sample in Figure 4. Residual networks (ResNet50) which contains more hidden layers was the winner of ImageNet challenge in 2015 in the image classification task. The main difference between ResNet50 and Vgg16 networks is the existence of a skip connection which connects the input with the output of convolution block [36,37]. This trick is often useful in multi-class classification. The specifications and information with more details of ResNet50 can be found in [37].



In the training procedure, hyper parameters such as meta-settings, which basically control the behavior of the learning model were adjusted. The optimum values for these hyper parameters were tuned after several trial and errors. In this regard, the hyper parameters used in the Vgg16 and ResNet50 for classifying the rapeseed images are reported in Table 3. It should be noted that parameters (weights and biases) were not changed as the networks had previously been taught on the huge ImageNet dataset. Due to difference between the source (ImageNet) and the target datasets, 55% of initial layers of Vgg16 were frozen, with their weights and biases kept, and only 45% of parameters were updated in the backpropagation phase. These ratios were obtained based on trial and error as well as the similarity of the source dataset of these pre-trained networks (ImageNet) and the target dataset (the dataset of the study). The percentage of frozen layers for ResNet50 was set to 45. It is remarkable that the dataset was divided into 80% for training, 10% for validation, and 10% for test set, which numbered 296, 37 and 37 images, respectively.




2.4. Performance Validation


In classification tasks, there is a common tool for evaluating of the performance entitled confusion matrix from which different measures can be extracted from it [40]. In the current study, accuracy (correctly classified image rate), precision (positive predictive value), and recall (true positive rate) were computed as the most conventional metrics to validate the presented classification model which are defined as follows:


  A c c u r a c y =   T P + T N   T P + T N + F P + F N    



(1)






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



(2)






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



(3)




where true positive (TP), true negative (TN), false negative (FN), and false positive (FP) denote correctly classified positive samples, correctly classified negative samples, incorrectly classified positive samples, and incorrectly negative samples, respectively [41]. Also, the K-fold cross validation technique was used to improve the robustness of the CNNs via stability training. K was chosen as 10 so that each image in the entire dataset had the opportunity to be used in the test set one time and used to train the models nine times.




2.5. Conventional Image Processing


In order to more accurately evaluate the results of the deep learning-based models, a method based on conventional image processing (IP) was implemented. This IP method involved extracting some color features to determine the amount of greenness. Since the color of the plants is green in the images, the color feature (especially green) contains probable valuable information that can play an important role in classifying and selecting the right decision boundary. For this reason, greenness was examined. To do this, the RGB color space was first normalized to modify the brightness and color of a given pixels [42]. Then, this color space was decomposed, and the amount of greenness was calculated from the green channel. The obtained values were given to a linear discriminant analysis model which is a linear classifier to classify the images. The confusion matrix was obtained to measure the efficiency of the model by calculating the classification criteria introduced in the previous section.




2.6. Implementation Requirements


Regarding the software requirements to implement the Vgg16 and ResNet50, Python 3.8.5 programming language in the open source Pytorch 1.9.0 library developed by Facebook’s AI research laboratory was used. The corresponding hardware for this implementation included a system equipped with Corei7 3.6 GHz Intel processor, 8 GB RAM and an NVIDIA GeForce (CA, USA) GTX 1060 GPU. It is worth noting that use of a GPU expedites significantly the computations compared to just a CPU.





3. Results


Deep CCNs perform their work automatically by extracting and engineering various representations from lower to higher level features. The result of Vgg16 in edge detection of rapeseed’s leaves and stems is illustrated in Figure 5. Based on this figure, it can be inferred that edges, corners, and other important sites inside the images, which are good sites for extracting valuable information, were in good agreement with the images used in this study. Also, the other point from this figure is that, given the type of CNN (Vgg16), transfer learning technique was the right approach.



The confusion matrix values for evaluating the performance of the deep models presented in this study are shown in Table 4. The overall accuracy of Vgg16 and ResNet50 reached 93.7% and 98.2%, respectively. The highest accuracy of both models was obtained for the first (undamaged rapeseeds) and third classes (fully damaged). Indeed, the second class (partially damaged) has some similarities to classes 1 and 2 causing few misclassifications in the class. ResNet50 was able to predict all images in classes 1 and 3 correctly in their own categories with only two errors in the second class.



To visualize the performance of Vgg16 and ResNet50 based on confusion matrix, their bar plots are shown in Figure 6. In the plot, the horizontal axis is probability because the output layer of the CNNs used (Vgg16 and ResNet50) assigns a probability vector to each of the classes so that the probability of appropriate classes determines their prediction rate. This bar graph shows two bars for each class: one for the corresponding class with a large probably and another for one of the other two misclassified. As it can be observed form this illustration, the undamaged and fully-damaged classes were predicted by the two classifiers more accurately than the partially damaged class, although the performance of ResNet50 was perfect compared to Vgg16. The other point is that for the ResNet50, the p-value of partially damaged class is less than 5% significance level which means that the classification of the images is sensitive to the class but not to other classes (undamaged and fully-damaged rapeseed), while for the Vgg16 algorithm, the p-value of the partially damaged class is larger than significance level, supporting that the image samples come from different distributions.



Table 5 reports the results of classification of three rapeseed crops in case of soundness using both the Vgg16 and ResNet50 as a deep learning-based model and conventional image processing method. These values were obtained from confusion matrix with the defined metrics consisting of accuracy, precision, and recall. This table indicates that the best performance belonged to the ResNet50 with overall accuracy of 98.2%. As mentioned earlier, CNNs perform their recognition task by extracting a wide range of features; so, the ResNet50 with a large number of convolutional layers (compared Vgg16), has found the features which are linearly separable in the features space. Since the Softmax function in the last fully connected layer of both models is a linear classifier, it was able to classify the three classes with a very high accuracy in ResNet50 compared to Vgg16. The results of the conventional image processing method (IP) are also shown in Table 5. The overall accuracy of the IP method is significantly different from the deep learning models. The values of the three classification criteria were also very different for the other classes except the first category.




4. Discussion


ResNet50 produced the best rapeseed image classification performance. The good performance of ResNet50 has two major reasons. One is that its number of hidden layers is high (50) enabling this model to learn and extract more complex features and use them in the classification task. In other words, by learning more features in deeper models, the machine experience increases so that the performance of the network also improves significantly. This was in agreement with the results obtained in similar studies [20,24]. The second reason is related to the skip connection which is present in ResNet50 but not in Vgg16. Skip connections mitigate the problem of vanishing gradient when updating weights. Indeed, skip connections allow gradient to flow information from earlier layers in the network to later layers. This is also in line with the similar study [43]. Thus, they pass information from the down sampling layers to the up-sampling layers. Also, in this study, learning rate was the most effective hyper parameter, and played a decisive role in the convolutional neural networks convergence.



Comparing the results of this study with [32] in which deep neural networks were used to classify the similar image data, it was found that both models used in this study (Vgg16 and ResNet50) had better performance in terms of accuracy. While, compared to [33], only ResNet50 has higher accuracy, and Vgg16 provided lower performance (93.7%). Also, the results of this study are comparable to some similar studies that have had satisfactory results in terms of classification accuracy [44,45,46,47]. Comparison of the results of these studies once again proves the effectiveness and power of pre-trained deep neural networks and transfer learning techniques in classifying of different image datasets.



Considering the performance of the results of the image processing method (values of Table 5), it was shown that this method has performed well in predicting the classification results for the undamaged rapeseed class but has faced a major problem in the two partially damaged and fully damaged classes. The reason for this event is that the greenness index is dominant in the undamaged class and is visible in almost all green images. While, in the two partially damaged and completely damaged classes, the values of this index were close to each other, contrary to what can be seen in the images. This means that the distribution of plants in the partially damaged class images was almost uniform, but in the fully damaged class this distribution was not uniform and often accumulated on one side of the image. As a result, the amount of greenness in both classes is almost equal, but their location in the images is different, so that in many cases the linear discriminant analysis model predicted them instead of each other. CNNs, on the other hand, automatically detect all the necessary features such as color, texture, shape, etc. (at different levels of complexity) and use them for the classification task. This is exactly the reason why the deep learning approach excels.



Since the images have been taken in the field, lightning conditions had a direct impact on the image quality and consequently on the classification results due to manual extraction of features. In other words, in the conventional image processing method, any undesired variations in the intensity of the pixels affect the feature extraction procedure. Hence the accuracy of the classification is not very high. Whereas, in the deep neural network method, all these variations are under the control of the network, so that it extracts all the necessary features in order to converge the network, and the accuracy it delivers is high.



Unlike common methods in the computer vision tasks [48] which often require an additional stage called image registration to avoid distortion, the models used in this study were independent of it. Further, the close-up images also helped in this regard because of their lower distance from the ground. Meanwhile, the automation of the presented models enables them to deal in different input images, albeit with some undesired signals such as noises, blurring, etc. A further point is that all of the steps involved in the processing of the rapeseed images were performed without any interaction from the operator, including the preprocessing and feature extraction processes, as well as the classification and differentiation of the appropriate categories. This provides new insights into the use of smart algorithms in the real world especially automation of agricultural operations and performing tasks automatically.




5. Conclusions


In this study, two classifiers called Vgg16 and ResNet50 were used to classify different rapeseed crop images showing undamaged, partially damaged, and fully damaged rapeseed plants caused by Tetrax tetrax. Considering the use of pre-trained models on the ImageNet as a massive dataset, and applying transfer learning technique, the results were satisfactory. The obtained results indicated that the methods used in this study have the strong potential to be extended in quantifying and classifying other damaged crops in different stages of plant growth. Providing the results of this research to the experts involved in the area, leads to precise estimation of the damage. Consequently, farmers receive compensation from the insurance companies for the damage caused to their crops. Since the matter is a point of contention, precise estimation can be promisingly helpful. Further, the suggested methods here have the ability to effectively help insurance experts make the right decisions in crop damage estimation according to the type of damage. This, in turn, results in choosing preventative strategies and avoiding hunting the birds or other destructive approaches. Hence, different species of these birds can be protected. This can also have economic benefits. Indeed, four groups at least can benefit from the findings of this study: (i) agricultural agencies because of the economic benefits of savings; (ii) agricultural experts for developing rapeseed and other similar crops; (iii) farmers because of compensation for the crop damage; (iv) the environmental activists for the protection of the birds and other animal species.



One of the limitations of this study was the difficulty of collecting image data manually. Hence, time consuming and relative difficulty in the data preparation was a challenge that this study faced. As a suggestion for further research, drone imagery will be used to compute the damaged area of the fields. To perform this, the classification task should be performed on the pixel scale. However, a high volume of computations and the complexity of those models can be expected in that case.
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Figure 1. Location of oilseed rape host lands for Tetrax tetrax birds, MAIL Co, Ardabil, Iran. 
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Figure 2. Platform for holding the camera and image acquisition. 
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Figure 3. Some samples of rapeseed crop images in three categories; (a) undamaged, (b) partially damaged and (c) fully damaged crop. 
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Figure 4. Architecture of Vgg16 for classification of damaged rapeseed crop. 
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Figure 5. Extraction of initial information of input images in Vgg16. (a) original images (b) corresponding output of the first layer from 90th filter of Vgg16. 






Figure 5. Extraction of initial information of input images in Vgg16. (a) original images (b) corresponding output of the first layer from 90th filter of Vgg16.



[image: Agronomy 11 02364 g005]







[image: Agronomy 11 02364 g006 550] 





Figure 6. Illustration of performance of the two classifiers presented based on confusion matrix. (a) Vgg16 and (b) ResNet50. 
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Table 1. The number of rapeseed plants and their leaves per image for classification task.
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	Undamaged
	Partially Damaged
	Fully Damaged





	# of plants inside the frame
	14–18
	14–18
	less than 14



	# of leaves per a plant
	9–10
	2–8
	less than 2
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Table 2. Characteristics of Vgg16 to classify rapeseed crop in terms of health.
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	Convolutional Layers
	Parameters





	1
	3 × 3 Conv. 64, Stride 1, BN, ReLU



	2
	3 × 3 Conv. 64, Stride 1, BN, ReLU, 2 × 2 Max-pool



	3
	3 × 3 Conv. 128, Stride 1, BN, ReLU



	4
	3 × 3 Conv. 128, Stride 1, BN, ReLU, 2 × 2 Max-pool



	5
	3 × 3 Conv. 256, Stride 1, BN, ReLU



	6
	3 × 3 Conv. 256, Stride 1, BN, ReLU



	7
	3 × 3 Conv. 256, Stride 1, BN, ReLU, 2 × 2 Max-pool



	8
	3 × 3 Conv. 512, Stride 1, BN, ReLU,



	9
	3 × 3 Conv. 512, Stride 1, BN, ReLU



	10
	3 × 3 Conv. 512, Stride 1, BN, ReLU, 2 × 2 Max-pool



	11
	3 × 3 Conv. 512, Stride 1, BN, ReLU



	12
	3 × 3 Conv. 512, Stride 1, BN, ReLU



	13
	3 × 3 Conv. 512, Stride 1, BN, ReLU, 2 × 2 Max-pool
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Table 3. Hyper-parameters used for training and monitoring the Vgg16 and ResNet50 to classify rapeseed crop images.
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	Deep Neural Network
	Learning Rate
	# Epochs
	Optimizer Type
	Mini-Batch Size
	Learning Rate Drop Period
	Learning Rate Drop Factor
	L2regularization





	Vgg16
	0.002
	100
	Adam
	4
	20
	0.7
	0.005



	ResNet50
	0.001
	100
	Adam
	8
	8
	0.6
	0.0002
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Table 4. The Values of confusion matrix of DNNs and conventional image processing for classification of dam-aged rapeseed crop for test set.
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Actual Classes




	

	
Vgg16

	
ResNet50

	
Conventional IP




	

	
Undamaged

	
Partially Damaged

	
Fully Damaged

	
Undamaged

	
Partially Damaged

	
Fully Damaged

	
Undamaged

	
Partially Damaged

	
Fully Damaged






	
Undamaged

	
36

	
1

	
0

	
37

	
0

	
0

	
35

	
2

	
0




	
Partially damaged

	
1

	
32

	
4

	
0

	
35

	
2

	
2

	
24

	
11




	
Fully damaged

	
0

	
1

	
36

	
0

	
0

	
37

	
0

	
9

	
28
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Table 5. Results of classification of rapeseed images based on different metrics obtained from confusion matrix of both two deep convolutional neural networks and conventional IP method for the test set. The values are in per-cent.
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Class

	
Vgg16

	
ResNet50

	
Conventional IP Method




	

	
Accuracy

	
Precision

	
Recall

	
Accuracy

	
Precision

	
Recall

	
Accuracy

	
Precision

	
Recall






	
Undamaged

	
98.2

	
97.3

	
97.3

	
100

	
100

	
100

	
96.4

	
94.6

	
94.6




	
Partially damaged

	
93.7

	
86.5

	
94.1

	
98.2

	
94.6

	
100

	
78.4

	
64.9

	
68.6




	
Fully-damaged

	
95.5

	
97.3

	
90

	
98.2

	
100

	
94.9

	
82.0

	
75.7

	
71.8




	
Overall accuracy

	
93.7

	
98.2

	
78.4
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