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Abstract 
Development of fruit detection has always been a challenge for a harvesting robot. Detection of fruit in an unregulated 
environment with change in illuminations affects the harvesting robot’s efficiency. This paper presents the improvement of 
robotic apple harvesting by enhancing apple detection and visibility by handling occlusion in outdoor conditions. For 
detection of the fruit, we developed an image processing method that is robust to change in illumination and partial occlusion 
of the apples; we used a stereo camera pair for image acquisition. To detect the fruits efficiently, global thresholding, based 
on chromaticity approach, is used. The results demonstrated that fruit detection achieved accuracy of 95% in sunny condition 
and handled partial occlusion of the fruit. This study will be helpful for detecting apples for harvesting robots.     
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Introduction 
Advancement in precision agriculture has improved the quality of the products, productivity and yield of the field and at the 
same time reduced production, and labor costs [1]. Regardless of these advancements, many of the agricultural tasks are still 
being done manually, which are tedious, difficult and monotonous operations but are still complicated for robots to do.  
An important part in successful harvesting robots is their capability to process the sensory data, specifically, their ability to 
evaluate and understand video input. Practically, combination of video input and smart computer vision algorithms might help 
to perform many other operations and improve harvesting robots considerably. Nonetheless, the issues related to computer 
vision in outdoor conditions are numerous such as immensely unstructured conditions with large degree of ambiguity; fruits 
with different shapes, colours, textures, reflectance properties and sizes and serious occlusions, are the part of the issues that 
computer vision systems might face. These computer vision systems are yet to reach full potential to implement solutions at 
practical level [1]. These systems have been used for numerous applications in agricultural fields e.g. estimation of yield, 
obstacle avoidance and autonomous navigation, spraying, planting, and quality evaluation. Still, possibly the most popular 
application has been detection of fruit, which has the goals: 

1. To detect the fruits by differentiating them from the background 
2. To locate them accurately 

These detected fruits are then used to help the interplay of the fruit with the end effectors and manipulators for more physical 
processing and harvesting operations. In spite of enough attention given to these tasks in the last three decades, not a single 
harvesting robot has been implemented at a commercial level. The failure of harvesting robots at commercial level is because 
of lack of success of computer vision system to handle issues due to unstructured environment. It is obvious that efficient 
computer vision system is important for achieving excellent detection rates of fruits in real-time. 
Generally, a stereo camera pair provides more information that a single camera. It gives depth information based on 
triangulation principle and the disparity between two pixels in corresponding images. The use of stereo camera pair in 
harvesting robots has increased greatly in the last few years [2-8] . Xiang et al. [9] scrutinized detection of clustered tomatoes 
on trees using stereo vision. In this vision system, depth data of clustered tomatoes was achieved. In clusters, majority of the 
back tomatoes were occluded by front tomatoes and front tomatoes were preventing the end effector from reaching the 
tomatoes at the back due to false detection of tomatoes in the cluster. Noise present in the depth map was an issue as many 
pixels with strange depth values due to false matching leads to incorrect detection. Even though this approach is useful for 
identification of clustered tomatoes, the accuracy of this approach is not enough if there is serious occlusion.  
Si et al. [10] presented a system which is capable of automatically locating apples on trees using a stereo vision system. Shape 
and colour based study are two main methods for fruit identification. Analysis based on colour is inefficient if there is a 
shadow present in the scene. Edge detection should be done ahead of feature extraction; once an apple is recognised then the 
branches and the leaves are identified to remove unwanted noise pixels. Feature extraction of the apple commonly depends on 
the contour. A Hough transform is mostly used for this but it is computationally expensive. The accuracy of the presented 
vision system was not adequate and thus there is a further space for enhancement. 
Furthermore, there are some issues that these researchers did not solve efficiently, which are divided into two types: occlusion 
handling and change in illumination [1].  Resolving these issues is very essential for the success of harvesting robots. The goals 
of this research are: 

1. To detect the apples under change in illumination scenario  
2. To handle the occlusion 
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Materials and Methods 
Image Acquisition: The stereo camera used for this experiment is Kinect Xbox360 a gaming webcam capable of capturing 
standard video. It has an RGB camera that stores three channel data with a 1280x960 resolution making it possible to capture 
colour images. 
The images were captured of the apples hanging on the tree in outdoor conditions. The different lighting conditions 
considered were: 

1. Sunny condition 
2. Apple in the shade 
3. Cloudy condition 

90 images were captured (30 in each lighting condition). 
 
Test Computer: The computer used is a HP personal computer with Intel Core i5 processor with a clock speed of 3.20 GHz 
with 8GB memory. It is running on a 64-bit Windows 10 Operating System. Camera is connected to the computer via USB 
2.0. 
Development of Apple Detection Algorithm:  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
   
 
 
 
 
 
 
 
 

Figure 1: Apple Detection Algorithm 

Interpreting the colour models of images is a fundamental process of the detection part. Generally, three colour models are 
used, chromaticity, RGB model, difference in colour and luminance approach [11]. In these models, the leaf, the branch, and 
the fruit have specific colours. This shows that  
the fruits can be discriminated from the background using these colour features. The results suggested that the difference in 
colour and luminance, and RBG model approaches were affected by the change in illumination condition. The chromaticity 
approach was barely affected by change in illumination [11]. Thus in our method, the global thresholding, based on 
chromaticity approach, is used for detection of fruit. Figure 1 illustrates the detailed fruit detection algorithm. Segmentation 
differentiates the apples from the complex background. In our method, a global thresholding is based on chromaticity 
coordinate"𝑟" is used.  
                                     𝑟 = !

!!!!!
                                            (1) 

Where, R, G, and B are red, green, and blue pixel values respectively.  
Equation (2) is used to get the threshold value based on [13]: 
 
                                  𝑇 = 𝜇! + 𝑐 ∗ 𝜎!             (2) 
 Where, 
 𝜇! is the mean value of r of an image 
c is a constant ranging from1 to 3 

Image Acquisition 

Segmentation based on Chromaticity coordinate 

Thresholding 

Labeling 

Filtering 

Morphological Operations 

Apple Detection 
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𝜎! is standard deviation of r of an image 
 
Labeling of the image helps to differentiate the apple pixels from the binary image. Labeling method basically scans through 
the image searching for the pixels which are connected to each other and are assigned as a region. Once all the regions have 
been found in an image, the regions which are not associated to apples are filtered out using a median filter. These filtered 
regions are used to detect and locate the apples.  
 
Occlusion Handling 
Stereo camera has helped immensely to tackle the issue of occlusion [12] [13]. Based on the theory proposed by [14], we 
implemented an occlusion handling method. To get the occluded area, we defined two different occlusion maps : occlusion 
map 1 showing regions in image 1, which are not clearly visible in the image 2 and occlusion map 2 showing regions in image 
2 which are not clearly visible in image 1, where the disparity between these two images is the important part. 
 
Results and Discussion 
Successful segmentation of apples and background greatly depends on the illumination conditions. Change in illumination 
could happen in practical scenarios because of moving clouds, sunlight intensity, and the position of the sun. This basically is 
responsible for the change in appearance of the apples in the images captured by the camera. 
Apple Detection 
Figure [2] shows the results of image processing algorithm for apple detection under sunny condition.  Figure 2[a] is a sample 
image of apples captured under sunny condition. The background of the apples consists of leaves and branches. Figure 2[b] is 
the result of segmentation based on chromaticity approach in which apples are brighter than the background. Figure 2[b] was 
then gone through thresholding, morphological operations, and filtering operations to get figure 2[c]. The apple portion was 
effectively segmented from the background area (more than 98%). Figure 2[d] illustrates the final detection output of the 
apples. 
Performance of the algorithm under different lighting conditions is shown in Table 1. Segmentation under sunny condition had 
the highest accuracy (95%) and lowest accuracy was under cloudy condition (85%). When the apple was under shade the 
accuracy was around 90%. The overall error rate was very less (2%) under all the conditions. These results show that this 
approach is effective. After comparison with the difference in colour approach [11] and segmentation algorithm based on 
luminance [15], our approach performed very well under sunny condition. The reason behind that is the chromaticity approach 
which was barely manipulated by the sunny lighting.   

                           
[a]                                             [b]      [c]                                             [d] 

Figure 2: Results of Image Processing of Developed Algorithm in Sunny Condition 
 

In the literature, researchers used shape and texture for feature extraction. The common shape features detailed in the 
literature are aspect ratio, roundness, convexity, ratios of length and width, perimeter dimensions, elongation, central 
moment, and principal axis moment shape [16]. They have achieved good results by using these features but the main 
problem with shape features is that in practical conditions, the apples can be overlapping or occluded. This means that 
complete fruit edge information or fruit orientation may be missing, which impacts the performance of the system. A 
combination of colour and shape feature should be explored to further improve detection accuracy. 
 

Table I Performance of the Algorithm 

Image Processing Approach Accuracy in different lighting conditions (%) 
Sunny Shade Cloudy 

Difference in colour 85 80 73 
Luminance based segmentation 90 83 80 

Chromaticity Approach 95 90 85 
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Occlusion Handling: 
In practical scenarios, laborers can handle the occlusion by changing their viewing angle. But in a harvesting robot, to handle 
occlusion, the system should make use of 3D vision to make the system more robust. 
Figure [3] shows the result of occlusion handling method under sunny lighting condition. This occlusion handling method has 
performed differently in different lighting condition. So, this method performed very poorly under cloudy condition and was 
not efficient to handle occlusion by considering cluster of apples as a single apple. When the apples were in the shade condition 
this method performed comparatively better than the cloudy condition. It performed extremely well in the sunny condition 
compared to the rest of the conditions and the reason behind that is the robust feature detection method. Figure 3[a] is an input 
image with occluded apples and figure 3[b] is a resultant image. 
 

 

                          [a]                                                [b] 
Figure 3: Result of Occlusion Handling in Sunny Condition 

 
From the literature survey, we analyzed that because of the inability of vision systems to detect apples in changing lighting 
conditions and inefficient occlusion handling, the harvesting robots are yet to be implemented in practical conditions. As there 
is advancement in the sensing technology, many commercial 3D sensors such as LiDAR, ToF, and polarization cameras have 
appeared. These sensors are reported to perform extremely well in the natural lighting scenarios. One of the renowned institute 
in Austria [17] recently developed a stereo system which constantly rotates around the tree or plant to develop a real-time 360° 
view. This camera could be very useful for harvesting robots to handle occlusion in real-time. 
Every 3D vision system has some merits and demerits. Nonetheless, there is no 3D vision system which is completely immune 
to change in lighting conditions and adverse climate conditions (snow, rain, wind).  
 
Conclusion 
In this paper, the improvement of apple detection for harvesting robots was presented and detailed experiments were 
performed. The vision system consists of a stereo camera and a PC. There are two main contributions; an apple detection 
algorithm that can deal with change in lighting condition and can handle partial occlusion. The chromaticity approach with red 
coefficient was effective for segmentation and detection. Total 90 images, captured under varying lighting conditions, were 
tested. 85% to 95% of the apples were correctly detected under different lighting conditions. Partial occlusion of apples was 
handled. The developed apple detection algorithm could be used in harvesting robots.  
This approach provides an effective solution to the detection of apples and could be used for other fruits or objects. 
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