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Abstract: Precision agriculture is a technology used by farmers to help food sustainability amidst 9 

growing population. One of the tools of precision agriculture is yield monitoring, which helps a 10 
farmer manage his production. Yield monitoring is usually done during harvest, however it could 11 
also be done early in the growing season. Early prediction of yield, specifically for fruit trees, aids 12 
the farmer in the marketing of their product and assists in managing production logistics such as 13 
labor requirement and storage needs. In this study, a machine vision system is developed to estimate 14 
fruit yield early in the season. The machine vision system uses a color camera to capture images of 15 
fruit trees during the full bloom period. An image segmentation algorithm based on an artificial 16 
neural network was developed to recognize and count the blossoms on the tree. The artificial neural 17 
network segmentation algorithm uses color information and position as input. The resulting 18 
correlation between the blossom count and the actual number of fruits on the tree shows the 19 
potential of this method to be used for early prediction of fruit yield. 20 
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 22 

1. Introduction 23 

One of the issues that governments around the world is facing is food sustainability. With the 24 
growing population, food security is a problem that needs to be addressed. It is estimated that in 25 
order to feed the world population in 2050, the current crop production needs to be doubled [1]. 26 
Currently, farmers are using a technology called precision agriculture that can support food 27 
sustainability [2]. Precision agriculture is a site-specific management technique with the goal of 28 
maximizing the output while minimizing input [3]. Precision agriculture technologies is very 29 
common in row crops. These technologies utilize Global Positioning System, sensors, and variable 30 
rate controllers which help farmers save time working their fields and optimizes the use of resources 31 
like fuel, chemicals, labor, and fertilizer [4]. 32 

One component of precision agriculture is yield monitoring [5], the process of determining how 33 
much crop has been produced by the field. Row crop growers over the years have used yield 34 
monitoring systems to identify regions of their field that are not performing well [6]. The majority of 35 
the current methods developed focus on weighing the crops after they have been harvested [7]. This 36 
technique is very effective for row crops such as corn and soybeans. Yield monitors have been studied 37 
for specialty crops [8-10], however, expanding this method to specialty crops [11] presents a challenge 38 
because of the geometrical parameters of fruits and vegetables. Current methods focus on post-39 
harvest yield which is beneficial but of greater benefit would be a pre-harvest prediction of yield. 40 
Fruit farmers, for example, with an early yield estimate, would be able to increase their profitability 41 
by achieving an early market competitive pricing and could plan the harvesting and post-harvesting 42 
logistics in advance, specifically harvesting labor [12]. 43 

Currently, fruit growers estimate their yield by counting fruits during the early fruit drop. They 44 
select several trees to count, take the average, and estimate the fruit yield. This method is time 45 
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consuming and inaccurate. Some researchers have reported the use of machine vision for monitoring 46 
yield of specialty crops [13-16]. The Robotics Vision lab of Northwest Nazarene University has 47 
developed a method of estimating fruit yield by counting blossoms [17]. It has been reported that 48 
there is an increase of photosynthetic activity during the blossom period, which correlates with the 49 
fruiting process [18]. Figure 1 shows the correlation of the blossoms detected in an image with the 50 
actual number of fruits in the tree. By using this correlation, we were able to estimate the fruit yield 51 
by counting the blossoms. 52 

 53 

Figure 1. Correlation between number of fruits and blossoms detected from images. 54 

Figure 2 shows the estimated number of fruits versus the actual number of fruits. The 55 
segmentation method used in the blossom detection used a linear discriminant function [19]. 56 
Although this method proved to be effective, the derivation of the discriminate function is dependent 57 
on the data that is used. 58 

 59 

Figure 2. Correlation between actual number of fruits and estimated number of fruits. 60 

The goal of this paper is to improve on the yield monitoring system, specifically on the blossom 61 
segmentation process. The objectives of this study are: 62 
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1. To develop a shallow neural network, to detect and count blossoms on trees, 63 

2. To evaluate the detection performance of the shallow neural network,  64 

3. To estimate the fruit yield using the shallow neural network. 65 

2. Materials and Methods 66 

2.1. Target Fruit 67 

The target fruit for this study is the Pink Lady Apple from a commercial orchard, located in 68 
Caldwell, Idaho. In 2018, thirty trees were randomly selected for this study and no criteria were used 69 
for the selection. While in 2019, only 26 trees were used because of uncertain data records. Images of 70 
these trees were collected during the full blossom period and then the fruit for the selected trees were 71 
counted by hand utilizing a sticker method on individual fruit to avoid double counting in 2018, and 72 
a visual count using a hand clicker in 2019 due to stickers potentially causing damage to the apples. 73 

2.2. Image Acquisition 74 

Images of the apple trees were captured using a Canon digital camera (model of the camera) on 75 
automatic settings at a height of five feet and a distance of eight feet from the trunk of the tree. Images 76 
were taken directly in front of each tree on both the east and west sides. The images of the apple trees 77 
had a resolution of 4000x3000 pixels, with 2018 pictures in landscape orientation and 2019 in portrait. 78 
They were taken in the morning on April 24, of both years while the sunlight created favorable 79 
lighting on the east side of the trees and left the west side in partial shadow. The apple trees were in 80 
bloom with most of the flowers in blossom, but with some unfolded blossom buds. Blossoms 81 
appeared white in color while the buds were a pink or red color. 82 

2.3. Image Processing and Analysis 83 

Once the photos of the trees had been acquired, image processing [20] was used to count the 84 
blossoms on each tree. There were five steps used in the course of image processing and analysis: 85 
image cropping, image segmentation, morphological processing, blob analysis, and blossom 86 
bounding and count. Images from each step are shown below. 87 

 88 

Figure 3. Flow chart of the image processing and analysis process. 89 

 90 

  91 
  (a) Original Image        (b) Cropped Image 92 
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  93 
   (c) Segmented Image      (d) Morphological Processing 94 

  95 
   (e) Blob Analysis       (f) Bounded Blossom Count 96 

Figure 4. Image processing and analysis steps. (a) shows the unedited image taken of a blossoming 97 
apple tree; (b) Shows how the image is cropped to focus on the desired tree; (c) Shows the segmented 98 
image that is created by the shallow neural network scores for each pixel; (d) Shows the segmented 99 
image after morphological processing to get rid of the excess noise in the image; (e) Shows a 100 
representation of blob analysis where each blob is assigned a slightly different color; (f) Shows the 101 
bounding boxes overlaid on the original image highlighting the detected blossoms, with the count 102 
given at the top if the image. 103 

2.3.1. Image Cropping 104 

Image cropping was utilized to focus evaluation on the desired tree because images taken at the 105 
orchard can include multiple trees in the same row. First, the image was displayed and two points 106 
were chosen on the image to create a left and right cut off. Then any pixels that were located to the 107 
left of the left cut off point, with respect to the x-axis of the picture, had their RGB values set to zero, 108 
and any pixels to the right of the right cut off point also had their RGB values set to zero. This was 109 
done so that only the part of the image between the two selected points, with respect to the x-axis, 110 
retained its color value information, while other parts of the image were converted to black. The 111 
result of image cropping can be seen in Figure 2(b). 112 

2.3.2. Image Segmentation 113 

Image segmentation is used to separate the blossoms out from the rest of the picture so that they 114 
can be evaluated. A shallow neural network was developed for segmenting the image. Two networks 115 
were created, one trained on 2018 blossoming apple tree images and the other on 2019 images. The 116 
shallow neural networks used to create the binary image consist of three layers, the input, hidden, 117 
and output layers. Data is fed into the input layer and then run through the hidden layer which is 118 
made up of neurons that run the data through weights and biases to determine the output. The output 119 
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is then passed to the output layer and on to the user. The structure of the shallow neural network is 120 
shown in Figure 5 below. The shallow neural network used in this paper was trained using the 121 
nprtool in MATLAB (2018). Training requires input data and target data. Input data is the same sort 122 
of data that the network will be analyzing and consisted of the RGB value of a pixel as well as its X 123 
and Y coordinate in the image. Target data is the definition of the input data and is the sort of data 124 
that the network will return after analyzing input data. In the case of training the networks, it was 125 
either a zero for background pixels or a one for blossom pixels. 126 

 127 

Figure 5. Structure of the shallow neural networks, where pixel data is passed into the input layer 128 
and a confidence score is passed out of the output layer. 129 

For training the shallow networks, a program was created in MATLAB that allowed a user to 130 
select pixels in an image while designating them as either background or blossom pixels. The 131 
program would then gather all the input data from the pixels as well as the target data designation 132 
and write it to a spreadsheet file that was used for training the shallow neural networks. The trained 133 
network is used for image segmentation. 134 

To segment the image, a set of data was created for each pixel in the image, containing the color 135 
and position data of the pixel. After the data was collected from the image, each pixel data set was 136 
processed by the shallow neural network, returning a score of the likelihood that the pixel was part 137 
of a blossom. The shallow neural network returned scores that ranged between zero (low match) and 138 
one (high match). A binary, segmented image was created from the scores by using a threshold of 139 
0.75; scores >0.75=1 and scores ≤0.75=0. This resulted in a binary image where pixels with a value of 140 
one are white and pixels with a value of zero are black, as seen in Figure 2(c). 141 

2.3.3. Morphological Processing 142 

Morphological processing was used to eliminate the noise from the segmented image and retain 143 
only the blossoms. Three MATLAB functions were used in the morphological processing to fill holes 144 
and erode the edges of blobs of white pixels. The purpose of erosion was to eliminate small groups 145 
of white pixels and groups that did not have the build of a blossom, and also to separate blossoms 146 
that had a small overlap. While filling holes was used to prevent erosion from destroying larger 147 
groups of white pixels. These functions were used repetitively to achieve as much noise reduction as 148 
possible while still maintaining most of the true blossom pixels. The result of morphological 149 
processing can be seen in Figure 2(d). 150 

Blob Analysis 151 

Blob analysis is the process of getting the properties of the groups, or blobs, of white pixels that 152 
represent potential blossoms in the binary image. The functions were used in MATLAB to label each 153 
blob and get their properties, which included area, bounding box position, and centroid position. 154 
Figure 2(e) shows each blob as a different color, representing the individual labeling and analysis of 155 
each blob. 156 

Blossom Bounding and Count 157 

Blossom bounding is the process of putting a box around the blossoms in the original color 158 
image. This is done by using the blob properties from the binary image to get the blossom bounding 159 
box position. Not every blob that remained after morphological processing is a blossom, so a final 160 
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size filter is used when choosing which blob bounding boxes to overlay on the original image. Both 161 
blobs that are too small and those that are too big were filtered out and then the remaining blobs were 162 
counted and their bounding boxes and centroids overlaid on the original color image, as shown in 163 
Figure 2(f). 164 

3. Results 165 

3.1. Blossom Detection 166 

The detected blossoms for each tree versus the hand count of fruit at the end of the season is 167 
plotted in the figures below 168 

 169 

Figure 6. Plot of blossom blob count of 2018 data using 2018 network versus the fruit hand count. 170 

 171 

Figure 7. Plot of blossom blob count of 2019 data using 2019 network versus the fruit hand count. 172 
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 173 

Figure 8. Plot of blossom blob count of 2018 data using 2019 network versus the fruit hand count. 174 

 175 

Figure 9. Plot of blossom blob count of 2019 data using 2018 network versus the fruit hand count. 176 

When detecting blossoms, the MATLAB program returns both a blossom blob count and a count 177 
of total blossom pixels in all the blobs. This results in six detection results for each tree: the blob count 178 
and the pixel count for the east side, west side, and combination of east and west sides. The 179 
correlation between the blossom detection results and the fruit count was found for all six parameters 180 
for each combination of year’s data and network, with the highest scores for each combination given 181 
in Table 1. The highest correlation was achieved using the blossom pixel count on the east side except 182 
for the 2019 data evaluated using the 2018 network, which had the highest correlation coming from 183 
the blossom blob count on the east side. 184 

Table 1. The highest correlation scores between blossom detection results and fruit hand count for all 185 
four combinations of year’s networks and data. 186 
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Network 

Year 

2018 0.55 0.24 

2019 0.36 0.32 

3.2. Fruit Estimation 187 

To test the ability to accurately predict fruit yield, the trendline equation between blossom 188 
detection results and fruit hand count was used as a prediction model to process other detection 189 
results. The prediction of 2018 fruit using 2018 network was done by using 2/3 of the data to create 190 
the model and the remaining 1/3 to test the model. The same was done for 2019 respectively. The 191 
prediction of 2019 fruit using 2018 network was done by using all the 2018 data evaluated with the 192 
2018 network to create the model and testing on all the 2019 data. And vice versa for the prediction 193 
of 2018 fruit using 2019 network. The tables below give the detection results and errors. 194 

 195 
 196 
 197 
 198 
 199 
 200 
 201 

Table 2. The fruit prediction for 2018 and 2019 using 2018 network. 202 

Data year evaluated using 2018 
Network 

Total Predicted Fruit 
Count 

Total Actual Fruit 
Count 

Error 

2018 1169 1225 
-

4.6% 

2019 2721 2860 
-

4.9% 

Table 3. The fruit prediction for 2018 and 2019 using 2019 network. 203 

Data year evaluated using 2019 
Network 

Total Predicted Fruit 
Count 

Total Actual Fruit 
Count 

Error 

2018 2518 3425 -27% 

2019 1003 1075 
-

6.7% 

4. Discussion 204 

The correlation results were poor, with only the 2018 data evaluated using 2018 network having 205 
a reasonable correlation of 0.55 as seen in Table 1. However, when looking at prediction capabilities 206 
the 2018 network was able to predict total fruit yield with a small amount of error in both years data. 207 
The 2019 network was not as capable at making the transition to another year’s data, with an error of 208 
-27% on the 2018 data as seen in Table 3. These networks may not be capable of successfully 209 
predicting on a tree by tree basis, but when looking at a whole orchard they may be able to create a 210 
model that can successfully predict total fruit yield early in the season with a small margin of error. 211 

It is important to note that the blossom blobs detected by the program do not consistently 212 
represent a single blossom. Rather the blobs tend to be clusters of blossoms. This is due to the regular 213 
overlap of blossoms in the photos. In reality there are many times the number of blossoms on the tree 214 
than the number of blobs detected. So, the exact relationship between the number of blossoms and 215 
the number of harvested apples is not completely demonstrated in this research. A more accurate 216 
representation of individual blossom count could potentially be achieved using a size filter to 217 
categorize each blob by how many blossoms it could contain. However, this method would be 218 
inconsistent depending on the distance from the tree that pictures are captured because blossoms 219 
would appear larger the closer to the tree the camera was. A better method may be utilizing an area 220 
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to circumference ratio to evaluate how many blossoms are in each blob. Although the effectiveness 221 
of this method would likely be limited to blobs with few blossoms that only have a small overlap.   222 

5. Conclusions 223 

A machine vision system was developed to estimate apple fruit yield early in the season. The 224 
machine vision system was composed of an RGB camera and a personal computer to process the 225 
images. To estimate the yield early in the season, images of the trees during the blossom period were 226 
acquired and the number of blossoms were correlated with the actual number of fruits on the trees. 227 
Two shallow neural networks were developed for blossom detection using an input of the RGB 228 
values of a pixel as well as the X and Y coordinate of the pixel in the image. The 2018 shallow network 229 
performed better than the 2019 network with average errors of -4.8% and -17% respectively in 230 
estimating the number of fruits. This method of estimating fruit yield using blossom detection has 231 
potential in helping farmers manage their orchards. 232 
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