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Abstract

:

The use of automation technology in agriculture has become particularly important as global agriculture is challenged by labor shortages and efficiency gains. The automated process for harvesting apples, an important agricultural product, relies on efficient and accurate detection and localization technology to ensure the quality and quantity of production. Adverse lighting conditions can significantly reduce the accuracy of fruit detection and localization in automated apple harvesting. Based on deep-learning techniques, this study aims to develop an accurate fruit detection and localization method under adverse light conditions. This paper explores the LE-YOLO model for accurate and robust apple detection and localization. The traditional YOLOv5 network was enhanced by adding an image enhancement module and an attention mechanism. Additionally, the loss function was improved to enhance detection performance. Secondly, the enhanced network was integrated with a binocular camera to achieve precise apple localization even under adverse lighting conditions. This was accomplished by calculating the 3D coordinates of feature points using the binocular localization principle. Finally, detection and localization experiments were conducted on the established dataset of apples under adverse lighting conditions. The experimental results indicate that LE-YOLO achieves higher accuracy in detection and localization compared to other target detection models. This demonstrates that LE-YOLO is more competitive in apple detection and localization under adverse light conditions. Compared to traditional manual and general automated harvesting, our method enables automated work under various adverse light conditions, significantly improving harvesting efficiency, reducing labor costs, and providing a feasible solution for automation in the field of apple harvesting.
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1. Introduction


Agriculture is a vital part of the global economy and human life, and it faces unprecedented challenges due to population growth and the effects of climate change. Against this backdrop, improving the efficiency and sustainability of agricultural production has become particularly urgent. Automation technology, a tool to address these challenges, is a significant component of agricultural modernization [1,2,3].



As one of the world’s principal fruits, apples are prominent agricultural products. However, traditional apple harvesting methods rely heavily on human labor and are often susceptible to seasonal labor shortages and rising labor costs [4]. To address these challenges, automated apple harvesting technology has emerged.



Apple harvesting robots have emerged as a potential solution to automate fruit harvesting, replacing manual labor [5,6,7,8,9]. These robots comprise various components, such as a vision detection system, mechanical structure, and control system. The vision detection system, in particular, is crucial for enabling the robot to perceive its surroundings and has been extensively studied in recent years. The rapid and accurate detection of target fruits is a critical technology for apple harvesting robots, as it has significant practical implications for improving agricultural productivity and the efficiency of harvesting robots [10]. However, several challenges need to be addressed by harvesting robots in practice. One of the main challenges is the fast and accurate localization and detection of harvest objects in complex natural environments by vision detection systems. It is more challenging in an orchard with complex and variable lighting, dense distribution of fruit targets, and widespread mutual occlusion. Research on detection and localization algorithms with robust target detection capabilities in complex natural environments is necessary.



Deep-learning techniques have been widely used in visual detection [11,12,13,14,15]. In the field of target detection, mainstream target detection algorithms are usually categorized into single-stage target detection, e.g., the YOLO [16] (you only look once) series and SSD [17] (single shot multibox detector), and two-stage target detection, e.g., RCNN (Region CNN) [18], Fast RCNN [19], and Faster RCNN [20]. These algorithms show excellent results under conditions with proper illumination. However, their performance tends to degrade in the real world due to varying lighting conditions and noise.



In natural environments, lighting conditions are affected by the weather and time of day. Images captured under adverse light conditions, such as cloudy days and evening, often exhibit low contrast and low brightness [21]. These low-quality images can negatively impact the visual task of apple harvesting, leading to subpar performance in apple detection and localization, consequently affecting the success rate of the harvesting task. Figure 1 shows an example of apple detection under adverse light conditions.



One way to address the challenges of enhancing brightness and contrast with low-light images is to utilize existing methods. For example, Retinex-Net, proposed by Wei et al., can decompose the input low-light image into reflectance and illuminance for brightness enhancement [22]. However, this method has limitations in terms of preserving color information. Another method proposed by Guo et al., called Zero-DCE, formulates light enhancement as an image-specific curve estimation task [23]. While it addresses some limitations, it may still struggle with noise reduction. Lv et al. proposed MBLLEN, a multi-branch low-light enhancement network that enhances images by merging different branches [24]. However, this method may not effectively preserve details and textures in the enhanced images. Although there are some methods to address these limitations, such as KinD (Kindling the Darkness), proposed by Zhang et al. [25], TSN-CA (Two-Stage Network with Channel Attention), proposed by Wei et al. [26], and RDGAN (Retinex Decomposition-Based Generative Adversarial Network), proposed by Wang et al. [27], they often suffer from a complex structure and may be time-consuming, limiting their practical application. Therefore, further research and development are necessary to overcome these limitations and create more efficient and effective methods for enhancing brightness and contrast in low-light images.



We propose a fast, lightweight, and light-enhanced object detection method called LE-YOLO. Our method consists of a lightweight image enhancement module that adaptively adjusts the brightness and contrast of the input image while recovering color information. The module can be seamlessly embedded into the improved YOLOv5 network and combined with a binocular camera to achieve apple detection and localization under adverse light conditions.



The highlights of this study are as follows: (1) introducing a lightweight image enhancement module into the YOLOv5 network, which enables effective detection in adverse light conditions, (2) adding attention mechanisms to YOLOv5 to improve network performance, (3) and combining binocular camera ranging for the spatial localization of apples.



Our research provides significant innovations for automated apple harvesting by combining deep learning with target-detection techniques. Not only is it of practical value for improving the modernization of the apple industry, but it also provides valuable insights into the application of automation technology in agriculture. This paper describes our methodology, experimental design, and results. Furthermore, we discuss potential directions for future research. Through this research, we hope to contribute to the digitization and intelligence of agricultural production and to positively impact the global agricultural sector by addressing its challenges.




2. Materials and Methods


2.1. System Framework


The proposed system framework (Figure 2) for adverse-light object detection comprises three main modules: image enhancement, fruit detection, and the fruit localization module. The image enhancement module is based on the SARN network [28], which can enhance images. On the other hand, the fruit detection module utilizes YOLOv5, a state-of-the-art object detection algorithm, and implements an attention mechanism to improve its performance. Furthermore, the fruit localization module achieves the spatial localization of the fruit-picking point by adopting a binocular camera. This module utilizes the center of the bounding box generated by the fruit detection module to determine the fruit-picking point. By employing stereo-matching techniques, the module then calculates the parallax, which is subsequently used to determine the spatial location of the fruit-picking point by applying triangulation principles.




2.2. Image Enhancement Network


Most current image enhancement networks have high time costs due to their complex structure, which limits their practicality. A stacked attention residual network (SARN) [28] is a very lightweight and fast pipeline for image enhancement with simultaneous contrast improvement, noise removal, detail preservation, and color information recovery. A channel attention module (SE Module) is inserted into the residual block and its shortcuts to obtain an attention residual block (ARB). The ARBs are then stacked as the backbone of the SARN. Before the low-quality image is fed into the backbone, the network first extracts its shallow features, which contain the color information of the original image. The network is connected by global jumps, and the extracted shallow features are directly fused with the high-level output features after the brightness is enhanced by the backbone, thus effectively preserving the color information. The SARN network is lightweight, fast, and practical, making it suitable as a low-quality image enhancement module. The network architecture of SARN is shown in Figure 3.




2.3. YOLOv5 Model


The YOLO family, from YOLOv1 to YOLOv5 [29], has gained significant popularity in object detection due to its fast and efficient performance. Compared to the RCNN family, YOLO dramatically improves the model runtime speed while maintaining detection accuracy, making it suitable for real-time performance. YOLOv5 is a deep-learning algorithm for target detection that can quickly and accurately identify target objects in images or videos. The basic principle of this algorithm is to achieve target detection by segmenting the image into grids of different sizes and making predictions for each grid. The algorithmic flow of YOLOv5 can be divided into three main steps: input processing, feature extraction and target prediction. First, the input image is resized to the size required by the model and normalized. Next, after a series of convolution and pooling operations, the features in the image are extracted. Finally, the categories and bounding boxes of the target objects in each grid are predicted by classifying and regressing the feature maps. In the input processing stage, YOLOv5 splits the image into grids of different sizes, each of which is called an anchor point. Each anchor point is responsible for detecting one target object, while anchors of different sizes are responsible for detecting targets of different sizes. This multi-scale design allows YOLOv5 to detect target objects of different sizes, which improves the accuracy of detection. In the feature extraction phase, YOLOv5 uses a backbone network called CSPDarknet53 to extract features from the image. CSP Darknet53 is a lightweight network structure that improves the representation of features through the use of residual blocks and hopping connections. This network structure can efficiently extract semantic information from images and keep the computational complexity low. In the target prediction phase, the head structure of YOLOv5 is used to achieve the target prediction. The header consists of a series of convolutional and fully connected layers for the classification and regression of the feature map. Specifically, the classification layer is used to predict the class of the target object, while the regression layer is used to predict the bounding box of the target object. Since the size of the latest generation weights file is only 28 MB, and it is suitable for the initial model, YOLOv5 was chosen as the target of algorithm improvement in this study.



YOLOv5 consists of the input side, backbone, neck, and head [30]. The backbone mainly includes the focus and CSP modules as the feature extraction; the focus module not only realizes down sampling but also reduces the amount of computation, while the CSP module serves as the core to enhance feature extraction. A combination of the FPN and the PAN are used in the neck, and the head output structure includes the probability score of the target and the bounding box. The structure of the whole YOLOv5 is shown in Figure 4.




2.4. Improvements to the YOLOv5


2.4.1. Insertion Attention Mechanisms


By employing the attention mechanism, the model can identify and emphasize a small subset of crucial information while disregarding the less significant details from a large amount of information. To address the challenges posed by the intricate background in realistic orchard environments, the attention mechanism enables the model to effectively concentrate on the relevant information of the target region, even when there are numerous non-target regions within the image. YOLOV5 can be enhanced by incorporating an attention mechanism. Specifically, this paper utilizes squeeze-and-excitation networks (SE net) [31] to implement the attention mechanism. With its inherent learning capabilities, the SE net automatically determines the corresponding importance of each feature channel. The importance level obtained is then used to amplify relevant features while suppressing less relevant ones. The SE structure is shown in Figure 5.



The structure of the improved YOLOV5 is shown in Figure 6.




2.4.2. Improvement of the Loss Function


YOLOv5 incorporates the CIoU (complete intersection over union) loss function, which includes the overlap area, centroid distance, and aspect ratio of the bounding box regression. However, the aspect ratio difference represented by “v” in its formula does not accurately reflect the difference between the width and height of the box and its confidence levels. The “v” used by CIoU is the relative proportion of the width and height, not the value of the width and height. As long as the width and height of the predicted box correspond to a certain linear ratio with the width and height of the target box, then the added relative ratio penalty in CIoU will no longer work. Consequently, this sometimes prevents the model from effectively optimizing similarity. To address this issue, EIoU (enhanced intersection over union) loss is employed.



The penalty term of EIoU builds upon the penalty term of CIoU by dividing the influence factor of the aspect ratio to calculate the length and width of the target box and the predicted box, respectively. The loss function consists of three components: overlap loss, center distance loss, and width–height loss. The first two components follow the approach used in CIoU, while the width–height loss directly minimizes the difference in width and height between the target box and the predicted box. They facilitate faster convergence. The formula for the penalty term is as follows:


    L   E I O U   =   L   I O U   +   L   d i s   +   L   a s p   = 1 − I O U +     ρ   2     b ,   b   g t       (   w   c     )   2   + (   h   c     )   2     +     ρ   2     w ,   w   g t       (   w   c     )   2     +     ρ   2     h ,   h   g t       (   h   c     )   2      



(1)




where   b   and     b   g t     denote the central points of the predicted box and the target box respectively.   ρ ( ⋅ ) = | | b −   b   g t   |   |   2     indicates the Euclidean distance.   w   and   h   are the width and height of the predicted box.     w   g t     and     h   g t     are the width and height of the target box.     w   c     and     h   c     are the width and height of the smallest enclosing box covering the two boxes.





2.5. Picking Point Localization Based on Binocular Stereo Vision


Stereo matching is used to obtain parallax information. The images used in this study were preprocessed by median filtering before stereo matching. The purpose of stereo matching is to recognize the same picking point of apples in the images taken by the left and right cameras. After stereo matching, the parallax is obtained. After calculating the parallax, a triangulation model can be constructed as shown in Figure 7, where P is the apple picking localization point with coordinates relative to the left camera coordinate system (X, Y, Z); pl is the projection point of point P on the left imaging plane, and pr is the projection point of point P on the right imaging plane; f is the focal length of the camera; and b is the baseline of the binocular vision system.




2.6. Implementation Details


The implementation details of the system include training the model on a desktop computer with a GeForce GTX 1080ti GPU and using the PyTorch (1.6.0) [32] deep-learning framework. Equipment and software systems used to capture images include the following: binocular camera (resolution: 1920 × 1080); laptop (i5-8300 CPU; 8G RAM; GTX1050Ti GPU); video cap.




2.7. Datasets


To obtain a rich and diverse dataset, we sampled data from an apple orchard maintained in the Changping District, Beijing, China. The orchard spans approximately 30 acres and consists of two varieties of apple trees: Fuji and Golden Crown. We used a digital camera to photograph various areas of the orchard. The data collection process took place from September to October 2022, allowing us to capture the seasonal changes and variations in the apple trees and their surroundings. This real-world data provided valuable insights into the features and transformations in an apple orchard environment to improve the model’s performance and ensure its robustness in real-world applications. Additionally, annotating the image data collected in this authentic environment enhanced the reliability of the annotations and minimized the risk of overfitting and over-adaptation to specific scenes. Overall, realistic apple orchard images provided a valuable resource for our research. Images were collected under various weather conditions (e.g., sunny, cloudy, and other weather conditions), at different time intervals (i.e., morning, noon, afternoon, and evening), from multiple angles (including light, sidelight, and backlight), and at different shooting distances, resulting in a dataset of 2043 images, as shown in Figure 8. This dataset represents the factors of weather, time of image collection, and angle of light uncertainty, resulting in images under different illumination conditions. We randomly selected 200 normal-light images and 200 adverse-light images as the test set and used the remaining 1643 images as the training set.



Given the insufficient training datasets, data enhancement allowed us to expand the dataset to increase the diversity of the data as well as improve the robustness of the model. The image enhancement methods for the training set included image brightness enhancement and reduction, horizontal mirroring, vertical mirroring, and multi-angle rotation. Data enhancement made it possible to extend the training set; the final training set included 9858 images.




2.8. Network Training


In this study, the improved YOLOv5s network was trained by stochastic gradient descent (SGD) in an end-to-end way. The batch size was set to 4, and each time, regularization was achieved using the BN layer to update the weight of model. The momentum factor (momentum) was set to 0.937, and the weight decay rate (decay) was set to 0.0005. The initial vector and IoU (intersection over union) threshold were all set to 0.01, and the enhancement coefficient of hue (H), saturation (S) and lightness (V) were set to 0.015, 0.7, and 0.4, respectively. The epochs were set to 100.




2.9. Evaluation Metrics


In this study, the precision (P), recall (R) and mean average precision (mAP) were used to assess the model’s performance. These metrics were employed to evaluate the model’s overall performance in a comprehensive manner.


  P =   T P   T P + F P    



(2)






  R =   T P   T P + F N    



(3)







Here, (TP) represents the model correctly predicting a sample as positive, i.e., the true class was indeed positive; (FP) represents the case in which a sample was incorrectly predicted to be positive, but the true class was actually negative; (FN) means that the model incorrectly predicted a sample as negative, but the true class was actually positive.


  A P =   ∫  0   1    P ( r )   d r  



(4)







(P(r)) represents the precision–recall curve, i.e., provides a graphical representation of the trade-off between precision (vertical axis) and recall (horizontal axis) for different thresholds in a binary classification model.


  m A P =   1   N     ∑  i = 1   N    A   P   i      



(5)







(mAP) refers to the average precision when the intersection over union (IoU) threshold is set to 0.5.





3. Results


3.1. Ablation Experiments


The ablation experiments were conducted to assess the impact of different improvement methods on the performance of the YOLOv5s model. The results (shown in Table 1) indicate that the SARN image enhancement module, SE attention mechanism module, and EIoU loss function can significantly improve model accuracy. The SARN image enhancement module significantly mitigated the influence of poor lighting and noise on input images, resulting in a 3% increase in precision (P), a 3.4% increase in recall rate (R), and a 3.2% increase in average precision (mAP) compared to the original YOLOv5s model. The SE attention mechanism enhanced the model’s ability to capture contextual information surrounding pixels. This improvement led to a 0.9% increase in precision (P), a 1.5% increase in recall rate (R), and a 1.4% increase in average precision (mAP) compared to the original YOLOv5s model. Furthermore, the EIoU loss function was implemented for a more accurate measurement of the overlap between bounding boxes, thus improving the accuracy and robustness of bounding box regression. This enhancement resulted in a 0.6% increase in precision (P), a 1.1% increase in recall rate (R), and a 1% increase in average precision (mAP) compared to the original YOLOv5s model. By combining these three improvements, our modified model achieved significant performance gains. Compared to the original YOLOv5s model, our model demonstrated a 4.4% increase in precision (P), a 4.9% increase in recall rate (R), and a 5% increase in average precision (mAP). These improvements highlight the effectiveness of our approach for advancing the performance of the YOLOv5s model.




3.2. Apple Detection Performance


Figure 9 shows the results of our method for recognizing apples under adverse lighting conditions. Figure 9a shows the input image and Figure 9b shows the detection as well as accuracy using YOLOv5s. Figure 9c shows the detection of apples by our method. By recognizing the output image, our method detected more apples and with better accuracy compared to the YOLOv5s model alone.



As proof of the superiority of our method, we compared it with other models (YOLOv5s, RDGAN + YOLOv5s, and Zero-DCE + YOLOv5s) under different illumination conditions. Table 2 presents the results of these experiments. Our method consistently outperformed the other models in terms of mean average precision (mAP). Under normal lighting conditions, our method improved the mAP by 3.1%, 6.5%, and 7.5% compared to YOLOv5s, RDGAN + YOLOv5s, and Zero-DCE + YOLOv5s, respectively. Similarly, under overexposure and adverse lighting conditions, our method demonstrated superior performance with improvements of 6.8%, 3%, and 3.7% and 10.9%, 8.1%, and 10.4% in mAP, respectively. This suggests that our method is efficient for object detection under different lighting conditions. Furthermore, our method was faster for single-image inference compared to RDGAN and Zero-DCE, which highlights the efficiency of our approach in addition to its improved detection accuracy.




3.3. Apple Localization Performance


3.3.1. Binocular Camera Calibration


In order to effectively obtain internal and external parameter information from the left and right cameras, the stereo camera calibrator tool was utilized in MATLAB to calibrate the parameters of the binocular camera, and the size of the calibration checkerboard grid was chosen to have a side length of 24 mm and 8 × 6 corner points; the calibration effect is shown in Figure 10.



The obtained camera baseline d was 119.344 mm; the parameters of the left and right cameras are shown in Table 3.




3.3.2. Localization Results


The localization accuracy of fruits determines the picking success rate of the picking robot. In order to assess the stability and robustness of the localization algorithm, the localization accuracy of the algorithm needed to be tested. Since it was not possible to directly measure the actual 3D coordinates of the localization point in the coordinate system of the left camera, it was not possible to calculate the errors in the X, Y and Z directions in the coordinates. Instead, the Euclidean distance error from the left camera to the localization point was used as a measure of the localization accuracy.



Table 4 shows the mean error of our method with respect to the original YOLOv5s localization under different lighting conditions. The experimental results show that our method improved the average accuracy of localization by 44% under normal lighting conditions and 73% under adverse lighting conditions relative to the localization method based on the original YOLOv5s. These results show that the localization stability of the algorithm is high, as is its robustness with respect to illumination variations, suggesting that the model is capable of meeting the application requirements of picking robots. Figure 11 shows the results of our method for the localization of apples under adverse light conditions.






4. Discussion


Traditional manual apple picking involves significant labor costs and inefficiencies. To address this, the development of apple picking robots has become an area of interest. However, these robots have difficulty accurately detecting apples under varying light conditions, hindering their performance in natural environments. Deep-learning-based fruit detection algorithms, such as the YOLOv5 model, offer faster and more accurate detection capabilities than traditional methods. We propose an enhanced version of the YOLOv5 model, called LE-YOLO, for apple detection and localization. The LE-YOLO model incorporates improvements in light-conditioned image enhancement using the SARN module, feature extraction using the SE attention mechanism, and robustness through the EIoU loss function. By integrating the improved YOLOv5 model with binocular camera depth ranging, the LE-YOLO model achieves accurate apple detection and localization under different lighting conditions. It is important to note that the proposed model does have limitations. Firstly, the image enhancement module may slightly reduce the inference speed of the model. In addition, the model’s accuracy when detecting heavily occluded apples has not been fully validated. In future research, we plan to expand our dataset to include more images of apples in complex backgrounds, verifying the efficacy of the LE-YOLO algorithm in various environmental scenarios. We also aim to extend the application of LE-YOLO to other fruit datasets, optimizing the model for a broader range of fruit detection applications.




5. Conclusions


We propose a novel apple detection and localization method to improve apple detection under adverse light conditions, where each input image is light enhanced for better detection performance. We incorporated a lightweight image enhancement module and improved the YOLOv5s detection model by adding an attention mechanism and improving the loss function to further enhance the detection results. Meanwhile, we established a binocular camera-based apple localization method based on the binocular stereo matching algorithm and combined it with our improved detection algorithm to realize apple detection and localization under adverse light conditions. The experimental results show that our method improved detection mAP by 3.1%, 6.8%, and 10.9% under normal light, overexposure, and adverse light conditions, respectively, and the average accuracy in terms of localization by 44% and 73% under normal light and adverse light, respectively, compared to the original YOLOv5s algorithm. The experimental results demonstrate the superiority of our method.



This method provides technical support for apple picking robots to accurately detect multiple fruit targets in real time in an outdoor environment. Future work will include the detection of other apple tree species or other crop fruits.
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Figure 1. Apple detection in adverse light. 
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Figure 2. System framework. 
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Figure 3. SARN network architecture. 
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Figure 4. YOLOv5 network architecture. 
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Figure 5. The SE structure. 
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Figure 6. Improved YOLOv5 network architecture. 
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Figure 7. Triangulation model. 
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Figure 8. (a) normal-light image, (b) severe-light image. 
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Figure 9. Detection results ((a) original image, (b) detection result of YOLOv5s, (c) detection result of our method). 
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Figure 10. Calibration effect. 
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Figure 11. Localization results ((a) an apple tree in adverse light, (b) apple localization result obtained using our method). 
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Table 1. Ablation experiments results.
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	SARN
	SE
	EIOU
	P
	R
	mAP





	×
	×
	×
	0.852
	0.802
	0.853



	√
	×
	×
	0.882
	0.836
	0.885



	×
	√
	×
	0.861
	0.817
	0.867



	×
	×
	√
	0.858
	0.813
	0.863



	√
	√
	√
	0.897
	0.851
	0.903










 





Table 2. Comparison of experimental results.
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Model

	
Normal Light

	
Overexposure

	
Adverse Light

	
Inference Time (ms)




	
P

	
R

	
mAP

	
P

