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Abstract

:

Fuji apples are one of the most important and popular economic crops worldwide in the fruit industry. Nowadays, there is a huge imbalance between the urgent demand of precise automated sorting models of fruit ripeness grades due to the increasing consumption levels and the limitations of most existing methods. In this regard, this paper presents a novel CNN-based fine-grained lightweight architecture for the task of Fuji apple maturity classification (FGAL-MC). Our proposed FGAL-MC architecture has three advantages compared with related previous research works. Firstly, we established a novel Fuji apple maturity dataset. We investigated the Fuji apple’s different growth stages using image samples that were captured in open-world orchard environments, which have the benefit of being able to guide the related methods to be more suitable for the practical working environment. Secondly, because maturity grades are difficult to discriminate due to the issues of subtle expression differences, as well as the various challenging disadvantages for the unstructured surroundings, we designed our network as a fine-grained classification architecture by introducing an attention mechanism to learn class-specific regions and discrimination. Thirdly, because the number of parameters of an architecture determines the time-cost and hardware configuration to some extent, we designed our proposed architecture as a lightweight structure, which is able to be applied or promoted for actual agriculture field operations. Finally, comprehensive qualitative and quantitative experiments demonstrated that our presented method can achieve competitive results in terms of accuracy, precision, recall, F1-score, and time-cost. In addition, extensive experiments indicated our proposed method also has outstanding performance in terms of generalization ability.
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1. Introduction


The Fuji apple is one of the most popular kinds of fruits worldwide [1]. Different ripeness levels have great differences in taste and usage [2]. For instance, at an early stage of maturity, apples can be used for cider vinegar or cider brewing, whereas apples are ready to be eaten or used for bread and pies at a later stage of ripeness. Moreover, there is a direct relationship between maturity level and the quality or price sold on the market [3]. In addition, different maturity levels have different storage condition requirements, such as temperature, humidity, duration, and so on. Due to this, agricultural managers may formulate a specific harvesting strategy or configure different quantitative environmental factors according to their current maturity stage, such as sunlight, soil, nutrients, etc. Therefore, an accurate and effective distinction of the maturity level is crucial to its management [4,5,6,7]. When the Fuji apples gradually mature, the content of internal chlorophyll decreases while the epidermal red pigment increases, and as the pulp begins to soften, the starch begins to convert into sugar and the acidity decreases. Therefore, the indicators of apple ripeness can be determined by the fruit’s color, firmness, starch content, soluble solid content, and sugar content. Basically, the task of apple maturity classification can be divided into destructive and non-destructive methods. The destructive method of grading the ripeness of fruit is performed by quantitatively testing the content of various components in the fruit by chemical means [8,9], which usually causes certain damage to the fruit and makes it impossible to subsequently sell [10]. Computer vision-based apple maturity classification methods are very meaningful and hopeful for tasks in the practical agricultural working system [11]. In recent years, fruit maturity grades sorting or classification research has been widely carried out, such as citrus fruits maturity [12], tomato [13,14], strawberry [15,16], mango [17], and specifically for apples [2,8,9]. With the rapid development of apple harvesting robots in orchard environments, there is urgent demand for visual systems with diverse functions to meet the different custom requirements. Unlike operating in the indoor environment, where many uncontrollable influencing factors may be mitigated compared with the wild, open-world scenarios. In an outdoor environment, fruits are easily occluded by nearby branches, leaves, or even weeds [18]. Moreover, algorithms or models are also easily affected by different sunlight conditions and the background. Despite all these challenges, distinguishing different maturity levels of fruits effectively is one of the most important tasks to achieve intelligent orchard management. Moreover, orchard managers may arrange certain harvesting tasks or the numbers of employees for different maturity periods accordingly. In this study, we presented a novel way to classify different maturity grades of Fuji apples. Our proposed method has many significant differences compared with most related published work. The overall flowchart of our proposed method is shown in Figure 1.



Firstly, we captured image samples according to the different growth stages of Fuji apples. After annotation, cropping, labeling, etc., we established a dataset for the Fuji apple maturity classification task. Moreover, we proposed an attention-based fine-grained lightweight architecture for Fuji apple maturity classification (AFGL-MC). Our proposed AFGL-MC is able to learn class-specific regions and discrimination by improved attentional mechanisms, which helped the model to achieve high accuracy outputs. Finally, the results of comprehensive and extensive experiments demonstrated that our presented architecture provided a potential method for practical application and promotion. The main contributions of our proposed method can be summarized as follows:




	
We captured images from outdoor orchard environments during various Fuji apple growth periods, and a Fuji apple maturity benchmark, which contains certain practical influencing factors, was established. Learning-based networks that are trained with diverse scenario data are more suitable to be applied and generalized for practical orchard working environments.



	
We proposed a novel AFGL-MC architecture for Fuji apple maturity classification. To the best of our knowledge, it is the first time Fuji apple maturity classification has been applied as a fine-grained task. In addition, to reduce the probability of confusion caused by high similarity in different categories, an improved attentional mechanism was introduced to enhance the discriminative ability of our model. Moreover, we designed the structure as lightweight as possible to facilitate model promotion and practical use.



	
Finally, comprehensive and extensive experiments were conducted to demonstrate that our proposed method not only has good performance for the task of Fuji apple maturity classification, but also has excellent performance in other fruit categories and quality classification tasks.








The rest of this paper is organized as follows. In Section 2, we introduce background information and related work. Section 3 shows how we collected and established the Fuji apple maturity dataset. Then, we present our proposed AFGL-MC architecture in Section 4, and describe our experiments and analysis in Section 5. Finally, in Section 6 we discuss the conclusions and plans for future work.




2. Related Work


2.1. Deep-Learning-Based Methods


Since color changes in the appearance of the fruit can be used as a key indicator for the stage of maturity [19], potential non-destructive automatic ways of assessing apple maturity are provided by computer vision techniques [20]. Ref. [21] proposed a method with two layers of a feed-forward back-propagation artificial neural network (ANN) to classify the maturity category of apples and count the number of ripe and unripe apples. The images used to evaluate this method were from online websites. Most of these images were captured under ideal conditions, having almost no background influence. Similarly, Ref. [22] graded Fuji apples into three stages, namely, immature, overripe, and mature according to the changes in apple appearance color. Furthermore, the ANN-based method was utilized to classify Fuji fruits. The methods based on machine vision need to extract features manually, then segment the fruit from the background before judging the level of standards, and such kinds of operations are quite complex. To improve this weakness, Ref. [23] exploited CNN-based architectures to achieve ripe, overripe, and unripe categorizations. In particular, Ref. [24] took Manalagi and Rome Beauty apples as research objects and presented two layers of CNN-based methods to classify the captured apple images into ripe, half-ripe, and raw categories. Such CNN-based methods are more robust in performance and limit the steps of the workflow. Ref. [16] proposed a strawberry ripeness detection system through a camouflage-based data augmentation technique to simulate the strawberry harvesting in natural environment conditions and achieved promising outputs.



All the above research works have inspired the vigorous development of the orchard management industry. However, when applied in working fields, the following shortcomings need to be addressed. First of all, all computer vision-based methods seldom consider the influence of the fruit background. The fruits are entirely in the middle of the image, with a pure different background color, and hardly occluded by leaves or branches. Such kinds of images are too idealistic to be suitable for actual use cases. Secondly, there is no set standard for the classification of maturity levels, so they are difficult to promote or apply practically. Finally, the robust performance of these methods is not strong enough in some regards, although such CNN-based methods reduce some manual operations and lead to a more intelligent workflow, the designs of these models exploit the CNN to extract features, or try to use some complex architecture, that hardly translates to real-world environments. For all these reasons, the model is difficult to generalize and apply practically.




2.2. Fine-Grained Visual Categorization (FGVC)


In recent years, CNN-based methods ahve achieved great improvements in many fields [25,26,27]. FGVC refers to a more detailed classification and has become a hot topic in recent years [28,29,30,31,32]. Some existing FGVC methods had used category-level information intuitively and completed FGVC tasks by combining visual information and text descriptions [33]. Generally, such kinds of methods require high requirements for data collection and annotation, which leads to high costs. Some are using the transfer learning method by adding domain adaptation or instance-level-weighted mechanisms, as [34]. Although these methods have taken adaptability into account, they are not suitable in practice due to the complicated training steps involved in its application. Other classical algorithms have focused on the informative parts of an image by introducing an attentional mechanism [35]. Focusing on both the representations and regions used to distinguish categories, attentional mechanisms are widely used in FGVC tasks [36,37]. Therefore, FGVC-based classification tasks for fruits and vegetables have made great progress and have brought valuable and meaningful thoughts to researchers. However, most of the aforementioned methods were applied in laboratory settings; rare investigation on the portability of these methods is one of the most serious limitations.





3. Data Acquisition


First and foremost, we captured images from an open-world orchard environment in Bologna (  11 ∘  21   ′   E, 44   ∘  30   ′   N), Italy, with a digital camera (Cannon EOS Kiss X5). More than sixteen weeks of images were captured from 5 July to 15 November once per week, and the distances between the camera and the Fuji trees were around one to one and a half meters. In the first four weeks, the fruits were quite small and totally immature, therefore the images from the last twelve weeks, from which we captured 9852 images, were kept as our original image dataset and processed with a resolution of 1280 by 720 pixels. Some samples are shown in Figure 2.



As samples shown in Figure 2, when Fuji apples are in the early immature stages, their appearance is almost entirely turquoise. Gradually, the green part is lightly reduced, yellows, and slowly turns red during the progression from the immature to the mature stage. Moreover, images collected in the outdoor environment are easily affected by natural sunlight conditions. For instance, when images were captured in the case of strong sunlight, the color of the fruit’s appearance is prone to a certain degree of whitening. For such kinds of images, traditional image pre-processing methods may meet great challenges. Therefore, a more robust method is urgently needed for real surroundings. Due to the crucial factor of establishing an accurate and appropriate dataset for the maturity model learning and prediction, we labeled the images according to the period of image collection and the appearance of color changes. Depending on the corresponding relationship between the changes in fruit epidermis and ripeness, the fruit ripeness grade was divided into four categories according to the United States Standards for Grades of Apples [38]. Ref. [38] indicated as a mature apple becomes overripe it will show varying degrees of firmness, depending upon the stage of the ripening process, hence “Hard”, “Firm”, “Firm ripe”, and “Ripe” were the four terms used for describing the different stages. Due to the appearance of Fuji apples being highly related to its attributes, we invited experts to label these images. According to the captured image date and the appearance of each fruit, the experts classified these images into unripe, turning, ripe, and overripe. These four categories were respectively marked as grade one (G1), grade two (G2), grade three (G3), and grade four (G4) for short. Partial samples from our proposed benchmark are shown in Figure 3.



As the samples show, when the fruits transition from G1 to G2, to G3, and to G4, the appearance color of the fruits change from green (G1) to light pink in some areas of the fruits (G2). By G3, most of the fruit has turned to pink, and finally most of the fruit’s appearance presents a relatively dark red area (G4). This process takes an apple from unripe to fully ripe. Moreover, we collected the images totally from an outdoor orchard environment under natural sunlight and surroundings. Therefore, Fuji apples have a variety of poses and degrees of illumination, such as over-light, normal and insufficient. Ideally, if we completely ignore or eliminate the background factor when designing the technical algorithms for fruit classification, detection, counting, or depth estimation, the methods indeed have certain limitations for practical use. Therefore, we took unfavorable background factors into account and established our benchmark for the Fuji apple’s maturity classification. The samples of Fuji apple objects from our proposed benchmark are affected by varying degrees of occlusion due to leaves, branches, or weeds, as shown in the image samples. In fact, the unfavorable influential factors of complex orchard background and diverse severity of occlusion posed a greater challenge to the robustness of the performance in the design of these methods. In summary, more serious challenges to models or methods have to be faced in realistic open-world environment conditions. Nevertheless, we hope to train and evaluate the model based on the challenging data obtained from the outdoor environments, which are likely to guide our model closer to practical application. Finally, 1740 images were obtained and the number of each grade was confirmed to be the same. We then split the images of each grade according to the ratio of the training set and the test set to 4:1. Compared with the other public datasets used for classification tasks, such as ImageNet [39] and MS COCO [40], our dataset has a smaller set of samples with lower resolution. In fact, such kinds of tiny-scale datasets are more prevalent in practical fields due to the high time and monetary costs for data collection in practical use cases. Training with such a tiny-scale dataset means that the network model with deep CNN layers is extremely prone to the phenomenon of overfitting, such as VGG16 [41] or AlexNet [42]. On the contrary, networks with very few CNN layers may be able to mitigate the issue of overfitting effectively. However, the accuracy of the prediction results is hard confirm, especially in an open-world environment, such as the influences of complex background information, sunlight conditions, and occlusions, etc. Therefore, designing a CNN-based architecture suited for this tiny-scale dataset meets even more challenges compared with large-scale datasets.




4. AFGL-MC Architecture


In recent years, CNN-based computer vision classification methods have achieved encouraging performance in many fields, for example, VGG16/19, InceptionNet [43,44], ResNet [45], AlexNet, etc. These methods require a large number of training epochs and a relatively large-scale dataset with diverse image samples. Generally, the model has deeper layers, and hence the time cost is higher for the final prediction and training. Therefore, a model has with a deep architecture is difficult to combine with agricultural robots and promote in practical fields. However, while improvements such as simply reducing or cutting the number of layers from the architecture, can overcome the high time cost and the requirements for large-scale and diverse samples to a certain extent, the model is still prone to encounter problems related to insufficient information learned from the samples of the dataset and the accuracy of the final prediction cannot be guaranteed. Furthermore, as mentioned previously, the acquisition and setup of a large-scale and diverse dataset is a time-consuming and labor-intensive task generally, hence the models that rely on such large-scale datasets may have limitations in their ability to be generalized. The ability of generalization is one of the most important indicators in evaluating whether the model has the potential to be applied in practice in an outdoor orchard environment. To strengthen its generalization, we consider designing a lightweight network model by introducing attentional mechanisms to lead the model to focus on areas with important features rather than them all. In trying to use the limited number of parameters effectively, it is possible to ensure the model has a lightweight architecture and excellent outputs at the same time. Based on the above considerations, we designed the model as shown in Figure 4.



Compared with the classical network models, such as VGG, InceptionNet, ResNet, and AlexNet, as well as in the case of MobileNet-Tiny, AFGL-MC has the notable characteristic of being lightweight. Specifically, the inputs to AFGL-MC are resized RGB color images with both the values of width and height being 64 pixels, and the output is a one-hot encoder that presents the classification results in four kinds of categories. We also detail the AFGL-MC architecture in the following section.



4.1. Layer Unit


The layer unit of our proposed architecture includes the layer of convolution, batch normalization, activation function, pooling, and fully connected layer. The convolution (CONV) layer plays a vital role in extracting image features. Each convolution kernel has the attributes of size, stride, and depth. Generally, the larger the kernel size, the better the quality of the bandpass filters learned [46]. However, for our Fuji apple maturity classification task, the distinction between different levels is so close, and the larger kernel size may lead the model to focus on the large shape or structure of the image, but not on the attributes of local characteristics. Based on such considerations, we chose 1 or 3 as our CONV kernel size. Therefore, the convolution in our architecture only has one or three of these two kinds of kernel sizes. Another benefit is that the number of parameters is reduced as much as possible, which allows it to be lightweight. Regarding the attributes of stride and depth, we designed the model according to the principle that the feature size is gradually reduced. Meanwhile, depth is gradually increased. The high degree of correlation and coupling between layers in the network is one of the factors that causes difficulties with deep neural network convergence and achieving good performance [47]. We exploited the batch normalization (BN) layer after each CONV layer to improve the internal covariate shift phenomenon. We chose ReLU as the activation function [48], shown as equation:


  f ( x ) = m a x ( 0 , x )  



(1)




such that when   x ≥ 0  , the output is a linear function. Otherwise, the output value is zero. Additionally, the ReLU has faster convergence than sigmoid and tanh when the outputs are generated using a linear function. We applied the fully connected (FC) layer [49,50] to connect every neuron from the previous layer to the last layer, adn finally the flattened matrix goes through a fully connected layer to classify the images. The FC is presented as equation:


   u l  =  ω l   x  ( l − 1 )   +  b l   



(2)




where   u l   is the FC layer and   x  ( l − 1 )    is the output of the previous layer. In addition,   ω l   and   b l   are the weight and bias coefficients, respectively. The output vector   u l   goes through softmax activation to obtain the classification likelihood for each potential category. The max-pooling and average-pooling layers provide a typical down-sampling operation that reduces the in-plane dimensionality of the feature maps. The advantages of a pooling [50] layer are to introduce a translation invariance for small shifts and distortions and to decrease the number of subsequent learnable parameters. For the shallow layer of the architecture, we applied max-pooling to filter out features with large amounts noise information, whereas an average pooling layer that is arranged before a fully connected layer based on the consideration of the features from deeper layers could help the final classification results in general.




4.2. Block Unit


The block unit of our presented architecture includes both ResNet [44] and attention blocks. Benefiting from the shortcut structure, the residual network is quite popular as a unit for the backbone in feature extraction, as applied to a large amount of CNN-based network models. The operation expression is shown as equation:


   x l  =  H l   (  x  l − 1   )  +  x  l − 1    



(3)




here, we denote the output of the ℓth layer as   x l  , and    H l   ( · )    represents a nonlinear transformation. The final feature map is the element-wise addition of    H l   (  x  l − 1   )    and   x  l − 1   . According to its characteristics, we applied the idea of the ResNet block as our attention and the backbone module. To design our attention model, we kept the dimensions of the input and output the same. The improved module is presented as equation:


   x l  =  H l   (  x  l − 1   )  +  Conv l   (  x  l − 1   )   



(4)




here,    Conv l   ( · )    represents a convolution operation, and the element-wise addition of    H l   (  x  l − 1   )    and    Conv l   (  x  l − 1   )    is the output of the attention module. For the backbone network, we have optimized and reduced the module as much as possible, through means of the size of the input samples or in the number of layers of the network model. Intuitively, our model has several stack layers, thus we strove to reduce the values for height and width of the output features from residual blocks by improving its structure. Next, we discuss the attention block [51]. It is hard to guarantee accurate indicators for the final outputs of a CNN-based network with very shallow layers. We proposed an attentional mechanism to strengthen our proposed AFGL-MC to obtain important information from learned samples. Our improved attention structure is shown in Figure 5.



Specifically, our proposed attention module was inspired from a residual attention network [51] as multi-scale, and the attention module H is presented as equation:


   H  i , c    ( x )  =  ( 1 +  M  i , c    ( x )  )  ∗  F  i , c    ( x )   



(5)




where  i  values represent spatial positions and  c  is the index of the channel.   M ( x )   arranges the values from   [ 0 , 1 ]  . By element-wise addition of a constant matrix and   M ( x )  , we can get the equation    H  i , c    ( x )  =  F  i , c    ( x )   , when   M ( x )   is zero. As for our proposed attention block, the   M ( x )   includes three branch features that are concatenated to improve the utilization of the extracted features. Moreover, instead of the form of stacked attention blocks, we applied only one attention block by element-wise addition with different feature scales. In addition, we added residual modules at the head and tail to strengthen the functionality of our attention block.




4.3. Loss Function


To mitigate large changes in parameters that may be caused by one or a few noisy samples, we calculated the loss value over the whole batch. During the training processing, we smoothed the loss value by calculating a certain number of batch sizes to mitigate large changes in parameters that may be caused by one or a few noisy samples. The loss value L is presented as equation:


  L =  1 N   ∑  i  N   L i   



(6)




where N is the number of samples in a batch size for one training epoch.   L i   is the loss value for each sample, and is shown as equation:


   L i  =  ∑  c = 1  M   y  i c   l o g  (  p  i c   )   



(7)




where M is the number of categories. The probability that sample i belongs to category c is presented as   p  i c   , and the sign function   y  i c    is denoted as equation:


   y  i c   =     1       i = C      0       o t h e r w i s e       



(8)




when the class label i is equal to the true label C, then    y  i c   = 1  . Otherwise,    y  i c   = 0  .




4.4. Training and Evaluation


The main hardware configurations of our experiments were conducted on one Intel i5-7500 CPU @ 3.20 GHz processor with 8GB of memory. The GPU is a NVIDIA GeForce GTX 1080 with 11 GB of memory. The operating system is Ubuntu 18.04. We use Python as a programming language and pytorch as our framework. Moreover, due to the learning rate (LR) settings playing a crucial role during the network training, we set the LR as dynamic with the training epochs, correspondingly. In general, a larger LR is suitable for helping the network adjust more quickly and effectively in the beginning stage. As the number of epochs increases, the value of the parameter gets close to the optimal value, hence, if we maintain a large LR throughout the process, it is prone to lead the network to skip its optimal value. Based on the above considerations, we designed a dynamic LR that can be updated as the number of epochs increases with flexibility (Table 1).



Here, N is the number of total epochs, which was set to 200 in this experiment. The AFGL-MC was trained with a mini-batch size of 64 and tuned with 200 epochs. All the hyper-parameters were optimized with 60 update epochs at learning rates of   10  − 1   , 60 to 120, and 120 to 180, whereas the last 20 update epochs were optimized at lower learning rates of   10  − 2   ,   10  − 3   , and   10  − 4   . The terms of precision, recall,   F 1  -score, and accuracy were taken as the evaluation indexes to verify our proposed network extensively and quantitatively. The corresponding formulas are:


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



(9)






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



(10)






   F 1  =   2 T P   2 T P + F P + F N    



(11)






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



(12)







Specifically, the TP, TN, FP, and FN represent the relationship between the observed value and the predicted value, as shown in Table 2.





5. Experiments and Results Analysis


5.1. Fuji Apple Ripeness Results


We trained the AFGL-MC from scratch, setting the number of training epochs and batch sizes to 200 and 64, respectively. For our specific Fuji apple maturity classification task, we applied the test dataset to verify the accuracy for each ripeness grade after every epoch. These evaluation results are shown in Figure 6.



As the curves show, when the epochs progress from 1 to 60, each maturity category varies in accuracy severely, which is due to the set of the large learning rate values and the adjustment of the initialization parameters. In this range, G3 and G4 tend to have opposite results. Such a phenomenon is reflected in the practical situation, where fruits at the G3 and G4 levels have extremely similar features in terms of appearance. With the number of iterations increasing, the accuracy of G4 and G1 tends to be stable at in the early ranges compared with the other two grades, while G2 and G3 gradually smooth out and the accuracy tends to a more stable value. This phenomenon may be caused by the obvious appearance feature characteristics in G1 (totally green) and G4 (totally red). Whereas for a fruit in G2 or G3, the changing stage includes some influence factors from appearances that may cause a lower accuracy and a slower change to stable values. Moreover, we visualized the feature map and focused on the part that was predicted by our proposed attention module, as shown in Figure 7.



These samples are from our test dataset, which comprise four maturity grades, as well as images of the Fuji apples occluded by leaves, weeds, or partial appearance whitening due to over-sunlight. These unfavorable factors present great challenges for our fine-grained classification tasks. From the visualization feature map, the features predicted by our attention module can distinguish the background from the fruit accurately, even from the whitening part. As the highlighted region map shown by CAM [52] and Grad-CAM [53], our network evidently could discriminate specific classes for fine-grained maturity classification.




5.2. Model Comparison


In order to verify our proposed network comprehensively, we compared our proposed AFGL-MC with ResNet-18 [45], DenseNet-121 [54], MobileNet-Tiny [55], AlexNet [42], and VGG16 [41] on the task of Fuji apple ripeness classification. We trained all these network models independently on our tiny-scale dataset with 200 training epochs and confirmed the other conditions were as close as possible. We found AlexNet and VGG16 were hard to converge on such a limited number of training samples and number of iterations, therefore we only compared the AFGL-MC with ResNet-18, DenseNet-121, and MobileNet-Tiny. We saved the parameters for each trained epoch and predicted the images from the test dataset, and the results of which are shown in Figure 8.



As can be seen in the curves shown in Figure 8, our proposed AFGL-MC has the fastest speed and tends to stabilize, followed by ResNet-18 and MobileNet-Tiny, respectively, with the slowest being DenseNet-121. Moreover, our proposed AFGL-MC achieved the best accuracy after 200 epochs of training compared with the others. For a more in-depth analysis, we took precision and recall as evaluation indicators to verify the performance of trained models for each maturity grade. To confirm the fairness of the experiments, we uniformly saved the parameters of the 200th epoch as the final evaluated pre-trained model. The results for each maturity level are shown in Table 3.



From the table, the results obtained by our proposed model at each ripeness level are generally good, and most of the indicators have achieved optimal values, indicating the effectiveness of our proposed model. In addition, our network achieved notable prediction results for G1 and G4 levels, with F1 scoring at 0.958 and 0.962, respectively. Although G2 and G3 have many appearance influences, as were explored previously, our proposed network obtained comparatively superior F1 values of 0.88 and 0.863, respectively. Moreover, we took the confusion matrix to more intuitively analyze the performance of each network at different maturity levels, as is shown in Figure 9.



From the confusion matrix, it can be seen that the model we proposed and the results obtained by ResNet-18, DenseNet-121, and MobileNet-Tiny on G1 and G4 have obvious advantages compared to the other two levels. However, our proposed network obtained comparable results with the other networks on G2 and G3. It may have benefited from the increased attention mechanism of our proposed network, which may lead our model to pay more attention to the fruit regions, while mitigating the influence of occlusion, sunlight conditions, etc. To analyze the performance of our proposed model under different occlusion and illumination conditions, we set up a experiment for the four previously compared models under normal light without occlusion, normal light with occlusion, and non-integrated light without occlusion. The final results are shown in Table 4.



From the compared results, we found that all the compared models achieved better accuracy results under natural illumination and no occlusion conditions. When fruits were occluded by objects, the accuracy of the output results were largely decreased, which is probably due to the fact that occlusion factors, in a serious way, will affect the judgment of the fruit’s appearance. For the occlusion condition, our proposed model obtained better outputs than the other three compared models, which may be thanks to the attention mechanism that focuses on the fruit region. As for the illumination changes, they are less affected than in the case of occlusions, and our proposed model handles this situation well.




5.3. Generalization Evaluation


In order to apply the AFGL-MC more prevalently, we took the Fruits Quality (FQ) dataset [56] and the Fruits and Vegetables Classification (FV) dataset [57] to verify the generalization performance of our proposed model. The FQ dataset is a public dataset that provides six fruit categories. Each category has a good, bad, and mixed class. The benchmark includes categories for apples, bananas, guava, lemon, orange, and pomegranate. We randomly chose a bad folder from each category as the benchmark. A selection of samples are shown in Figure 10.



In detail, all the samples from the FQ benchmark are image data with width and heights equal to 256 pixels, including the influences of occlusion, complex background, or varied illumination light. The number of samples in each category is around 1000. For example, there are 1104 and 419 samples as the training and test datasets for the apple category. We trained ResNet-18, DenseNet-121, MobileNet-Tiny, and our proposed network on this public dataset. The relationship between the training times and the average accuracy for the final prediction results is shown in Figure 11.



From the curves, the final prediction accuracy of ResNet-18, DenseNet-121, MobileNet-Tiny, and FGAL-MC are 0.97, 0.91, 0.96, and 0.98, respectively. The results evidently show that our proposed network has better average accuracy results at each epoch compared with the other three, which may reflect that the proposed method has good generalization ability in terms of this dataset. Similarly, we visualized the focused part using a proposed attention module with Grad-CAM highlight method, as shown in Figure 12.



From the discriminative regions, it can be found that our attention model can effectively obtain regions with clear boundaries between objects and the background, which would be helpful for the classification task, thus improving the accuracy of the model. The FV dataset contains 36 categories, including fruits and vegetables. Here we randomly chose 5 fruit classes for our experiment dataset. A selection of samples are shown in Figure 13.



As for the FV dataset, each class only has 100 training samples and 20 testing samples, which is a relatively tiny dataset. More importantly, the sizes of samples are significantly different. We take the watermelon category as an example. The largest sample is 4416 by 3312 pixels and 9.2 MB in size, whereas the smallest sample is 267 by 260 pixels and 11.28 KB in size. The network is challenged in terms of training or evaluating under such disadvantage factors. Still, we trained ResNet-18, DenseNet-121, MobileNet-Tiny, and our proposed network on this public dataset. The relationship between training times and the average accuracy of the final prediction results are shown in Figure 14.



From the curves, we can see the final values for prediction accuracy of ResNet-18, DenseNet-121, MobileNet-Tiny, and our proposed FGAL-MC are 0.53, 0.48,0.43, and 0.74, respectively. Therefore, the average accuracy of the networks trained on the FV dataset is greatly decreased compared with the FD dataset. This implies that the size of the samples and other related properties play a decisive role in a network’s final prediction results. However, on such kinds of tiny-scale datasets, our proposed network has a comparatively higher accuracy over other classical network models with a limited number of training epochs. Finally, we visualized the focused part using the Grad-CAM highlight method, as shown in Figure 15.



Some feature maps lose the class-specific regions, e.g., kiwi and pear, whereas for mango and watermelon, the feature map did not cover all the regions of the objects. Therefore, compared to other datasets, the class-specific discriminative regions were not adequate in terms of the outputs of visualization from our attention module using the Gard-GAM method.




5.4. Parameters and Time Cost Evaluation


A model with the attributes of having lightweight parameters and low time cost is beneficial if it is to be conducted or promoted in practice. We took the number of parameters, the final pre-trained model size, and the time cost in terms of frames per second (FPS) as indicators, and the evaluation results are shown in Table 5.



From the comparison results, our proposed AFGL-MC performs the best in terms of the number of parameters and memory. ResNet-18, DenseNet121, and MobileNet-Tiny are 20.7, 28.8, and 1.8 times that of AFGL-MC, respectively. The larger the number of parameters, the greater the number of parameters needed to be updated during the training process. The duration of each epoch is also increased. In terms of memory, which is proportional to the number of parameters, our proposed AFGL-MC achieved the best results. In terms of time cost, which is highly related to the resolution of the image being tested, we evaluated the performance of each comparison networks on the FQ, FV, and our proposed FM benchmark, respectively. The final results show that our proposed network achieved the best FPS values on FQ, FP, and our proposed FM dataset.





6. Conclusions


In this paper, we focused on the maturity classification task of Fuji apples. In order to achieve practical applications, we captured images from an open-world Fuji apple orchard and established a novel Fuji apple maturity benchmark that contains practical conditions. Then, we presented an attention-based fine-grained lightweight architecture for the Fuji apple maturity classification task, AFGL-MC. Our proposed AFGL-MC is advantageous in two ways. Firstly, the proposed AFGL-MC with an attention module guides the network to learn class-specific discrimination and regions for classification. Secondly, it has a slim structure, which has good performance in training and final prediction. Comprehensive experiments have shown that our proposed method has significant advantages in accuracy for maturity classification tasks, including many kinds of adverse factors from the orchard environment. Moreover, our proposed method is substantially superior to comparative models in terms of quantity of parameters and time cost. In addition, extensive experiments have shown that our proposed method has significant advantages in generalization ability, and the results implied our proposed method may provide a potential rethinking for more effective use of computer vision in the agriculture industry.




7. Future Work


In future work, we will attempt to deploy our model on a harvesting robot. Then, we will go one step further to focus on the fruit ripeness classification task under occlusion conditions, and try to realize the classification of fruit maturity under different occlusion conditions by complementing the multitude of information of nearby frames in the video.
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Figure 1. The overall flowchart of our Fuji apple maturity classification task. 
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Figure 2. Collected samples from a variety of growth periods. From item (1) to (12), it represents the process of changing the appearance of the Fuji fruit from immature to totally ripe. 
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Figure 3. The partial samples of our proposed Fuji apple maturity benchmark. 
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Figure 4. The architecture of our proposed AFGL-MC. 
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Figure 5. The architecture of our proposed attention module. 
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Figure 6. The relationship between the accuracy of each maturity grade and the different training epochs. 
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Figure 7. Visualizations of the feature map, highlighting the class-specific discriminative regions for the predicted examples from our proposed network. (a) Original four grades’ images from our test dataset. (b) Visualization feature map by our trained attention block. (c,d) Localization of class-discriminative regions by the CAM technique in our attention layer, overlapped with the original image. (e,f) Grad_CAM visualizations of our attention block and overlapped with the original image. Note that in (c–f), red regions correspond to high class scores. 
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Figure 8. The evaluation results between accuracy and the saved trained models. 
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Figure 9. The confusion matrix results of comparison model. (1), (2), (3) and (4) are the results of the comparison model ResNet-18, Dense-121, Mobile-Tiny and our proposed AFGL-MC on each maturity grade, respectively. 
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Figure 10. Examples of the FQ dataset on six categories. 
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Figure 11. The evaluation results on FQ benchmark. 
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Figure 12. Highlights the class-specific discriminative regions for the predicted examples from our proposed network. 
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Figure 13. Examples of the FV dataset on six categories. 
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Figure 14. The evaluation results on FV benchmark. 
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Figure 15. Visualizations of the feature map and class-specific discriminative regions for the predicted examples from the attention module of our proposed network. 
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Table 1. The relationship between the LR and the number of epochs.
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	Epochs
	LR





	   1 ∼ N × 30 %   
	0.1



	   N × 30 % ∼ N × 60 %   
	0.01



	   N × 60 % ∼ N × 90 %   
	0.001



	   N × 90 % ∼ N   
	0.0001
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Table 2. Instructions for the elements of TP, TN, FP and FN.
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	Label Name
	Predicted Positive
	Predicted Negative





	True Positive
	TP
	FN



	True Negative
	FP
	TN
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Table 3. The evaluation results of four comparison models on each maturity grade.
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	Level
	Indicator
	ResNet-18
	Dense-121
	Mobile-Tiny
	Ours





	G1
	Precision
	0.960
	0.880
	0.80
	0.92



	G1
	Recall
	0.960
	0.846
	0.833
	1.0



	G1
	   F 1   
	0.960
	0.863
	0.816
	0.958



	G2
	Precision
	0.840
	0.760
	0.80
	0.840



	G2
	Recall
	0.840
	0.731
	0.833
	0.875



	G2
	   F 1   
	0.840
	0.745
	0.816
	0.875



	G3
	Precision
	0.76
	0.80
	0.76
	0.88



	G3
	Recall
	0.86
	0.870
	0.731
	0.846



	G3
	   F 1   
	0.809
	0.833
	0.745
	0.863



	G4
	Precision
	1.0
	0.88
	0.88
	1.0



	G4
	Recall
	0.893
	0.88
	0.786
	0.926



	G4
	   F 1   
	0.943
	0.88
	0.830
	0.962



	Average
	–
	0.89
	0.83
	0.83
	0.91
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Table 4. The accuracy results of the four comparison models under different Occlusion and illumination conditions.
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	Level
	ResNet-18
	Dense-121
	Mobile-Tiny
	Ours





	No Occlusion
	0.927
	0.85
	0.842
	0.930



	Occlusion
	0.710
	0.653
	0.620
	0.72



	Over-Illumination
	0.807
	0.760
	0.759
	0.782
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Table 5. Comparison performance in parameters, memory and FPS.
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	Name
	Number of Parameters (×105)
	Memory (MB)
	FPS (FQ)
	FPS (FV)
	FPS (Fuji Apple Maturity)





	ResNet-18
	111.79
	44.8
	472
	27
	386



	DenseNet121
	69.56
	28.4
	628
	29
	527



	MobileNet-Tiny
	5.40
	2.3
	857
	30
	836



	AFGL-MC (Ours)
	3.88
	1.6
	874
	30
	838
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