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GROWER SUMMARY 

Headline 

The development of a fully automated harvesting system is crucial for broccoli growers who 

currently harvest manually and face increasing labour scarcity as well as the full impact of the 

National Living Wage by 2021. An automated selective harvester would address the urgent 

need to reduce labour and improve the growers’ ability to control production costs. We seek 

to improve and to develop algorithms for the perception module of the proposed harvester. 

Background 

This project will incorporate learnings from work previously carried out by the Lincoln Centre 

for Autonomous Systems (L-CAS) at the University of Lincoln to accurately identify broccoli 

plants in the field, as well as measure the size of each plant head in order to determine 

whether or not it is suitable for cutting. A more robust solution to this problem will be achieved 

by integrating this previous work based on low-cost 3-D structured light cameras. The goal is 

to ensure that the automated selective harvester could be built using a competitively priced 

imaging system able to deliver the required levels of accuracy, reliability and scalability. 

Summary 

In the UK, broccoli is currently harvested by hand, usually by teams of 7, relying on the ability 

of workers to visually assess the size of each broccoli head against a predefined specification 

to estimate whether it can be cut. The ability of field workers to do this will vary and their 

effectiveness inevitably deteriorates over a working shift. Furthermore, the methods used to 

breed broccoli have caused the heads to grow at different rates. This makes them difficult to 

harvest. As a result, nearly 50% of the crop can be harvested economically. Similar 

challenges and difficulties have also been reported by growers in other countries in Europe 

and in America. In addition, between 2016 and 2021, the cost of manual workers in the UK 

will have increased by 35% due to increases in the National Living Wage. A variety of other 

factors ranging from political pressures to migration dynamics have made suitable workers to 

become increasingly scarce. 

Financial Benefits 

The current manual harvesting process is labour intensive, expensive and it leads to high 

levels of waste. The direct benefit to growers of an automated harvester is the significant 
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reduction in increasingly expensive and hard to find field workers. There will be also significant 

improvements to the growers' production, as an automated selective harvester has the 

potential to produce larger quantities of marketable product. Additionally, cutting only the 

heads that meet the required size criteria will also reduce processing and packaging costs. 

Action Points 

Currently the harvesting process is totally dependent on the ability of the field workers to 

accurately assess the size of each head of broccoli against a predefined specification before 

making the decision to cut it or leave it in the field. Growers must be open to adapt and modify 

their current harvesting system in order to automate the process and potentially adapt their 

harvesting methods when the automated harvester evolves towards other brassica and leaf 

crops. An automated harvesting system is expected to be able to work in very low light 

conditions. This presents a valuable opportunity to growers as harvesting at night when 

ambient temperatures are lower improves both shelf life and product quality and could also 

reduce refrigeration costs. Currently the high cost of labour prevents growers to harvest either 

at night or round the clock. 
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SCIENCE SECTION 

Introduction 

 

This PhD research is concerned with robotic perception using state-of-the-art 3D sensors for 

real-time detection and size estimation of crops; it specially focuses on perception for robotic 

harvesting of broccoli crops. 

Broccoli is a vegetable in the cabbage family that belongs to the Brassica Oleracea plant 

species. The interest in its cultivation has grown in recent years due to genetic improvement 

programmes developed in several countries, and to the healthy compounds contained in the 

crop that have increased its consumption [28]. The worldwide production of this vegetable 

family reached 25.23 million tonnes in 2016 [11]. 

A consequence of the methods used to breed broccoli is that the heads grow at different rates 

[28]. This makes them difficult to harvest. Broccoli heads are harvested when they reach 

maturity, i.e. when the clusters of buds are tight and of dark-green colour. Almost all broccoli 

is currently harvested by hand, relying on visual grading of size to estimate whether a head 

can be cut [34]. As a result, only around 50% of broccoli heads can be harvested 

economically. The remaining crops either mature too quickly and have to be left in the field, 

or they simply do not reach full maturity on time during the harvesting season. 

Two approaches can be readily compared when considering traditional and/or automated 

harvesting, namely, slaughter harvesting, i.e. cutting everything in one pass, and selective 

harvesting, i.e. cutting individually each crop [10]. Slaughter harvesting is not a productive 

option as it potentially produces large quantities of unmarketable broccoli heads, whereas 

selective harvesting presents its own challenges as it relies on a subjective assessment by 

each person cutting the broccoli as to which head is ready. Additionally, labour has become 

increasingly scarce and more expensive due to a variety of factors ranging from political 

pressures to migration dynamics [3]. 

The goal of growing fresh fruit and vegetables is to keep the quality high while minimising 

costs. The integration of autonomous systems technologies into agriculture operations can 

have a notable impact in crop production. It is therefore desirable to find a method to harvest 

more frequently, more quickly, more accurately, with less waste, and that reduces labour and 

overall operation costs [2, 3]. Thus, developing an automated method for selective harvesting 

would help to increase productivity and to better control production costs. This project will 

develop 3D imaging methods to accurately identify broccoli plants in the field, establish the 

precise location of each broccoli head selected for cutting, and accurately measure the size 
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of each plant head and compare it against pre-agreed criteria in order to establish whether or 

not it is suitable for cutting. The developed methods will be validated on multiple real world 

datasets and can be integrated into a prototype robotic system for automatic selective 

harvesting, which can work for long periods to cut and collect broccoli heads of the preferred 

size. 

The project builds on previous work where a set of experiments were conducted with a 3D 

vision system pipeline for detection, classification and tracking of mature broccoli heads [25, 

26]. The proposed research will develop this framework further to realise a multi-purpose 3D 

perception system which will be able to robustly detect and classify the target crops in real 

time, resulting in 3D maps that can be used by a robotic system for physically harvesting the 

crop. Additionally, the project will develop complementary algorithms for carrying out quality 

measurements including checking whether the crop is both ready for harvest and that it meets 

customer specifications for size and shape. 

 

 Research objectives 

 

This PhD thesis aims to develop and verify a framework for detection, classification, and size 

estimation of broccoli heads using 3D point cloud data. It also aims to demonstrate the 

suitability of the approach for integration into a robotic broccoli harvester in the field. The 

research will be guided by the following research objectives: 

1. Develop and evaluate new approaches for accurately clustering 3D point clouds that 

are both size and point density invariant. The developed approaches will take into 

account the inherent features of broccoli crops such as shape or texture. 

2. Develop and evaluate new approaches for detection of broccoli heads beyond the 

current state-of-the-art, e.g., using deep learning. These approaches will be evaluated 

and compared to the developed segmentation methods. 

3. Develop and test an approach for 3D size estimation of broccoli heads robust to 

occlusions and partial data to determine if a head is ready to be harvested. 

4. Evaluate the performance of the developed algorithms using a variety of real-world 

datasets, including comparisons for different varieties of broccoli. The goal is to 

assess the generalisation of the developed methods, i.e., the ability of the algorithms 

to be effective across a range of input datasets. 

5. Develop an optimised version of the system suitable for deployment in a robotic 

broccoli harvester. 
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Progress to date 

 

The initial PhD research direction has focused on the optimisation and evaluation of a 

previous study by Kusumam et al. [26]. The progress made so far in this PhD project includes 

the following: 

• The entire 3D system pipeline used in the experiments reported by Kusumam et al. 

has been re-implemented in a single application written in C++ to replicate and improve 

their results. To this end, the filtering step that removed outliers (Statistical Outlier 

Removal) was cancelled as it was computationally expensive and contributed poorly 

to the final result. The updated pipeline layout can be seen in Appendix A, Figure 2 on 

page 12. Also, a Support Vector Machines (SVM) classification module based on the 

PCL1 implementation of the LIBSVM library2 was added to the system. 

• A close review of the available ground truth data showed that about 10% were 

incorrectly labelled, and that even annotating a fraction of existing or new datasets was 

extremely time consuming. To solve this, an annotation tool for 3D point cloud datasets 

has been implemented based on PCL. This allowed to correct, in a much shorter time, 

all ground truth data from previous experiments and to annotate new data. 

• The SVM classifier was fine-tuned using a different kernel function, various kernel 

parameters, and a 75-25% proportion of the datasets for training and testing. 

Consequently, the classification performance based on the average precision score at 

various discrimination threshold settings improved by around 5% for the UK and 

Spanish datasets available. More details of these results are listed in Appendix A. 

• The average run time of the entire pipeline per image frame is now 1/s on an Intel i7 

CPU, 2.2 GHz. The previous result was an average of 5-6/s on an Intel i7 CPU, 3.4 

GHz. 

• The system pipeline has also been tested with new plant varieties datasets collected 

from fields in California, USA. The results showed that the current method does not 

account properly for larger distances from the sensor to the crops (four times larger in 

the California dataset). The segmented clusters were on average a third smaller, and 

with higher point density than those from other datasets. Appendix A also includes 

 

1 http://www.pointclouds.org 
2 https://www.csie.ntu.edu.tw/~cjlin/libsvm 
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more details of the classification results using this dataset. A more robust approach for 

segmenting point clouds is currently being investigated that is both size and point 

density invariant [30, 9, 16]. In addition, the following drawbacks of previous work were 

identified: 

o About 2% of broccoli heads in the datasets were not segmented by the 

clustering extraction algorithm and were not even considered in the 

performance evaluation. 

o About 3% of broccoli heads were segmented as part of much larger clusters 

that included parts of other elements in the point cloud. As a result, they were 

classified as a negative sample, i.e. not broccoli. 

o The time taken by the entire system pipeline is still too long (one frame per 

second) for its integration into a robotic broccoli harvester in the field. 

• Lastly, in collaboration with Earth Rover3, a company focused on robotic applications 

for agriculture, a first large dataset of broccoli crops in the field was recorded at 

Pollybell Farms4. The data was collected using an Intel RealSense Depth Camera 

D4355 mounted on a tractor. The tractor moved several times over rows of planted 

broccoli ready to be harvested. This new dataset will further contribute to evaluate the 

performance of the developed algorithms on different varieties of broccoli, and on a 

variety of datasets. 

 

Literature review 

 

Harvesting robots usually consist of three independent systems: a recognition system to 

identify and locate the product, a picking system to perform grasping and cutting operations, 

and a navigation system to allow the robot to move around the cultivated crop plants [3]. This 

section is concerned with the first system and reviews several published approaches for 

detection, recognition, localisation that have been part of harvesting systems of various crops. 

Two major challenges in autonomous harvesting are the recognition of the crop and its 

detachment from the plant. Some resistant crops such as olives and almonds can be 

harvested using a branch shaker device [13]. However, soft and delicate fruits cannot be 

harvested using this method, and even produce that may undergo some degree of bruising 

 

3 https://earthrover.cc 
4 https://www.pollybell.co.uk 
5 https://realsense.intel.com/depth-camera 
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may not be suited for the fresh market [7]. One of the first and common approaches has been 

to detect crops using 2D images. This can be promptly perceived in the wealth of techniques 

based on computer vision available in the literature [21, 3, 53]. 

Based on the number of research publications, Bechar et al. [6] found that some crops have 

been more intensively investigated than others. One of the largest research efforts has been 

invested in apple orchards [31]. Tabb et al. [43] developed a method for locating apples based 

on a background modelling process that mixes the Gaussian distributions of pixels in several 

image sequences. The algorithm correctly identified around 90% of both red and yellow 

apples at a rate of 14-16 frames per second. Similarly, Wachs et al. [48] discussed a vision 

system that uses both infra-red and colour images to detect apples. The system combines 

two independent subsystems; one based only on standard image processing operations, and 

the other based on a Haar wavelets detector. A voting scheme is then used to combine both 

systems and get the final detection results. Ji et al. [20] proposed a method for detecting 

apples using colour images acquired by a CCD camera. The method uses a segmentation 

algorithm based on region growing and colour feature extraction. Then a support vector 

machine classifier determines whether the segmented region is an apple or not. The system 

was tested on a harvesting robot under natural conditions and showed a detection success 

rate of 89%. 

The identification of mature citrus fruits has also been extensively investigated in autonomous 

harvesting [27]. Hannan et al. [18] introduced an algorithm for the recognition of orange fruits. 

Firstly, a colour image of the crops was segmented based on a global thresholding approach 

that uses the proportion of red and green colours in the image. Then a perimeter circle 

detection procedure locates the oranges at different distances even when they are occluded. 

Results showed a success rate of 93% and a false detection rate of 4% in images with 

different amounts of illumination. Okamoto et al. [33] developed a vision system for detecting 

green fruit on citrus trees. The method extracted the background from each image and then 

used a template matching process to find circular objects on an edge image. A success rate 

of 91% was achieved on complete fruits, while 80% of occluded citrus fruits were correctly 

detected. Similarly, Kurtulmus et al. [24] presented an algorithm to detect immature green 

citrus fruits using colour images. The algorithm works by scanning the citrus tree image with 

a square region of three different sizes. Each region was tested by three different reference 

templates, two based on the well-known eigenface approach dubbed here eigenfruit: an 

eigenfruit intensity-based component, an eigenfruit saturation-based component, and third 

template based on circular Gabor texture analysis. A majority voting approach was then used 

for merging the results and to determine the region that is a fruit. Despite being heavily 

occluded by leaves of similar colour, 75% of the fruits were successfully detected. A more 
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robust approach for detecting multiple fruits (oranges, grapes, and lychees -a red oval berry-

like fruit-) of different colour under sunny and cloudy days was introduced by Wang et al. [49]. 

The method involved the application of a two-dimensional discrete wavelet transform to 

normalise the illumination, an image enhancement algorithm to highlight the fruit objects, and 

a segmentation process based on k-means clustering. Even on cloudy days, the average 

success rates for the three fruits were 92%, 94% and 87%, respectively. 

Another crop that has seen extensive research interest is tomato, as a considerable amount 

is produced in greenhouses under more controlled conditions than those found in 

conventional large-scale farms [53]. Kondo et al. [23] proposed a vision system for 

greenhouse tomatoes. It consisted of two cameras and four lighting lamps to acquire images 

from three viewing angles during the night to avoid the influence of sun light. After acquisition, 

the RGB images were converted into HSI images, then the image was binarised and a 

polygonal image was created based on a H-S plane analysis classification. To detect the 

region of a tomato fruit, the polygonal image was examined with templates containing physical 

properties (lengths, diameters, and angles) of stems, peduncles, and tomatoes. Success 

identification rates when these three elements were cleanly isolated from other plant parts 

was 100%. However, success rate of images with occluded tomato clusters, stem, or 

peduncle was 65%. This was relevant when the system was integrated and tested on a robotic 

harvester [22]. Zhao et al. [54] described a tomato recognition algorithm based on multiple 

features merged at pixel level using a wavelet transformation. These features were the a* 

and I components extracted from the L*a*b* and YIQ colour spaces, respectively. The final 

segmentation result was processed by an adaptive threshold algorithm, and a set of 

morphology operations to reduce noise that segmented the target tomato from the 

background. The detection tests showed that 93% of tomatoes were successfully recognised 

by the system. The system was tested on a robotic platform that included a dual-arm frame 

of 3-DoF manipulators [55]. 

An assortment of other vegetables and fruits have as well been extensively investigated for 

autonomous harvesting. These include sweet peppers [4, 1, 47], cucumbers [35, 46], 

strawberries [12, 36, 52], melon and watermelon [29], and eggplants [19, 17]. 

Using only computer vision techniques may be insufficient to estimate the crop location. 

Therefore, many approaches have used 3D sensors to integrate depth perception. Silwal et 

al. [42] developed an image processing method consisting of circular Hough transformation 

and blob analysis to iteratively identify visible and partially visible apples in colour images. 

The images were acquired by a single CCD camera and depth information was added by 

using a 3D camera. Experimental testing in clustered and complex tree canopy structures 

reached a detection accuracy greater than 90%. Additionally, the system was integrated into 
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a robotic apple harvester and tested in a commercial apple orchard [41]. Barnea et al. [5] 

combined RGB and range data to analyse shape features of objects captured in both a 2D 

image and a 3D space. In particular, they combined 3D surface normal features, 3D plane-

reflective symmetry, and image plane highlights from elliptic surface points to detect sweet 

peppers, regardless of their colour. Xiang et al. [51] presented a method for recognising 

clustered tomatoes using stereo images acquired thorough two CCD cameras. Clusters were 

divided into two types based on the depth difference between the front and back regions using 

Otsu’s method, a technique to perform clustering-based image thresholding. The method 

fused depth map segmentation and edge curvature analysis for overlapping tomatoes, 

whereas edge curvature analysis sufficed for non-overlapping fruits. Many other methods 

have also used a similar approach of combining RGB and depth images to recognise and 

locate different crops [44, 14, 40, 32, 38]. Similarly, numerous research efforts have also been 

reported using spectral and thermal cameras [15], as well as laser range finder sensors [21, 

50] for detecting and localising of a variety of crops. 

For the particular case of broccoli, some approaches have used RGB images to separate the 

broccoli head from the soil and other plant parts. Ramirez [37] developed an algorithm to 

locate the broccoli head within an image of an entire broccoli plant. To locate the head, first 

the method finds the leaf stems using a threshold, a Canny edge detector, and a Hough 

transform to extract geometric features that approximate lines that can be fit to the stems. 

Then the broccoli head can be located based on contrast texture analysis at the intersection 

of the stems. The method also determined the maturity of the crop using statistical texture 

analysis. Tu et al. [45] published results of a method to grade broccoli heads. The goal was 

to assess the quality decay of the harvested crop based on a set of colour and shape 

parameters. The system determined the area and roundness as the shape parameters and 

extracted the colour features using standard vision techniques. The resultant quality of the 

broccoli head was then decided by a neural network classifier. More recently, Blok et al. [8] 

presented a method for detecting and sizing broccoli heads based on computer vision 

techniques. The method segmented an image based on texture and colour of the broccoli 

head buds. Firstly, the contrast of the image was enhanced to emphasise high frequency 

areas, followed by a series of filters and several morphological operations to fine-tune the 

image. Then, pixel connectivity was used to generate connected green-coloured 

components. Lastly, a shape-based feature selection on the connected area was conducted 

to separate small non-connecting components from the foreground. The segmented heads 

were sized using circle templates, and the mean image processing time took a little less than 

300 ms. The system was part of a prototype harvesting device attached to a modified tractor 

and was tested in cultivated broccoli fields reaching an accuracy of 94%. 
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Figure 1: PhD timeline. 

 

Research plan 

 

This section lists the tasks to be completed and the target dates by which specific milestones 

will be achieved. Figure 1 shows a timeline of both the finished and remaining tasks. 

• Develop and evaluate new approaches for clustering point clouds that are both size and 

point density invariant (month 14). 

• Develop and evaluate new approaches beyond the current state-of-the-art, e.g., deep 

learning (month 18). 

• Develop and test the framework for estimating when broccoli is ready for harvesting 

(month 24). 

• Prepare final versions including testing in broccoli harvesting scenario (month 30). 

• Submit PhD thesis (month 36). 

 

Knowledge and Technology Transfer 

Activity 1. in collaboration with Earth Rover (https://earthrover.cc) a large dataset of broccoli 

crops in the field was collected at Pollybell Farms (https://www.pollybell.co.uk). The data was 

collected using an Intel RealSense Depth Camera D435 mounted on a tractor. The tractor 

moved several times over rows of planted broccoli ready to be harvested. The new dataset 

will further contribute to evaluate the performance of the developed algorithms on different 

varieties of broccoli, and on a variety of datasets. 

 

PhD timeline

Name Start End 2 4 6 8 10 12 14 16 18 20 22 24 26 28 30 32 34 36

Reimplement pipeline Oct-17 Aug-18

3D point cloud segmentation Sep-18 Dec-18

Deep learning Jan-19 Apr-19

Crop ready for harvesting May-19 Oct-19

Test final version Nov-19 Apr-20

Submit PhD thesis May-20 Oct-20

Months

https://www.pollybell.co.uk/
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Activity 2. A poster presentation with the first results of a method for accurately segmenting 

broccoli heads was presented at the "Smart Industry 4 Workshop 2019" in the Nottingham 

Trent University (http://smartindustry4.uk). 

 

Activity 3. Introductory talk: "Robotics Research at the University of Lincoln", Isaac Newton 

Building, University of Lincoln, 12th February 2019, for the Lincolnshire Robotics Forum, to 

representatives from local industry with interests in robotics, followed by discussions and lab 

tour, sponsored by NatWest Bank, Business Lincolnshire and ERDF. 

  

http://smartindustry4.uk/
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Appendices 

 

Appendix A 

 

A Preliminary broccoli head identification results 

This appendix outlines the results of preliminary experiments conducted on broccoli head 

identification. The initial stage of this PhD research has focused on the evaluation and 

optimisation of a previous work by Kusumam et al. [26]. In their paper, they showed a method 

for detecting and locating mature broccoli heads in cluttered outdoor field conditions based 

on depth images acquired by a RGBD sensor. The paper evaluates a combination of 

Viewpoint Feature Histograms (VFH), Support Vector Machines (SVM) classifier, and a 

temporal filter to track the detected heads. Their results showed a precision rate of 95.2% 

and 84.5% on datasets collected from fields in the UK and Spain, respectively. 

 

A.1 3D vision system pipeline 

The entire 3D system pipeline by Kusumam et al. was re-implemented in a single application 

written in C++ to replicate and improve their results. To achieve this goal, one of the initial 

filtering steps, called Statistical Outlier Removal, was removed as it was computationally 

expensive and contributed poorly to the final result. A layout of the updated pipeline can be 

seen in Figure 2. 

 

 

Figure 2. Updated broccoli detection pipeline. Each 3D point cloud data frame is first processed by 

passthrough (depth) filtering and cluster extraction routines. Then VFH features vectors are extracted 

and matched with ground truth data to either learn a model or to predict the broccoli heads locations. 
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The experiments reported in this appendix were performed using the same datasets as 

reported in Kusumam’s paper, and included an additional dataset collected from fields in 

California, USA. Table 1 shows the main characteristics of the datasets along with the various 

parameters used by the Euclidean Cluster Extraction algorithm. Similarly, Table 2 lists the 

distribution of some datasets elements after been processed by the pipeline, as well as the 

number of descriptors used to train and test the classifier. 

 

 

Table 1. Euclidean cluster extraction (ECE) parameters. The method is very sensitive to the variation 

of the tolerance parameter as even a variation of 0.0001 has a notable impact on the number of clusters 

produced and on their sizes. Since to the distance from the sensor to the crops was larger for the 

California dataset, more clusters are produced with a smaller number of points each. 

 

 

Table 2. Datasets distribution. The average square distance (AvgSqrD) is measured taking the 20 

nearest points to the origin at coordinates (0,0,0). Also, note that all datasets for these experiments 

are highly unbalanced, i.e. the sample size in the positive and negative data classes are unevenly 

distributed. 

 

A.2 Classification results 

We evaluated the 3D system pipeline for detecting broccoli heads using VFH feature 

descriptors. For each cluster generated by the pipeline a VFH feature descriptor was 

produced. If the cluster was broccoli, according to ground truth data, it was labelled as a 

positive sample; otherwise it was labelled negative. These descriptors, in turn, constitute the 

set of training and testing samples to be classified. Note that both sets are highly unbalanced, 

i.e. they exhibit a significant difference in the number of positive and negative samples. In this 

case, the negatives notably outnumber the positives as large portions of each point cloud 
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frame are from leafs, soil or other elements. All classification results were performed using a 

Support Vector Machine (SVM) classifier. 

An SVM is a machine learning algorithm used for both classification or regression problems. 

The algorithm produces a model that is a representation of training samples as points in a 

space divided into classes by a separation gap. Testing samples are then mapped into that 

space and predicted to be part of a class based on which side of the gap they fall. An SVM 

has shown to be efficient even in cases where the data is not linearly separable. A non-linear 

classification can be achieved by using kernels, i.e. functions that map samples into a different 

feature space. Other parameters can also be tuned to improve the classifier behaviour. The 

regularization parameter (often named C parameter) controls the balance between 

classification accuracy (generalisation) and model simplicity. For large values of C, the 

classifier will look for a smaller (and often harder to find) gap to separate classes. On the 

other hand, small values of C will cause the classifier to choose a larger separating gap, even 

if it misclassifies some samples.  

Finally, the gamma parameter defines the influence of a single training sample in finding the 

separation gap. A low gamma value causes that points far away from a viable separation gap 

are considered in its calculation. Conversely, a high gamma value increases the influence of 

closer points. All classification results were performed using the following parameters: RBF 

(radial basis function) kernel, C = 2.0, and gamma = 0.0078125. These parameters were 

determined by k-fold cross validation (k = 10) based on a grid search. The final classification 

output of the system pipeline is a set of clusters representing the broccoli heads as shown in 

Figure 3. 

 

 

Figure 3. A sample of the broccoli heads detection results. The output of the broccoli detection pipeline 

on selected examples of frames from the (a) UK, (b) Spanish, and (c) California datasets. The 

segments shown in red are the positive broccoli head detections produced by the system. 
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The performance of the classifier is evaluated using precision-recall curves (PRC), as they 

provide a more accurate interpretation of a classifier performance on unbalanced samples 

[39]. Precision represents a ratio of true positive detections to the total number of positive 

detections (true and false), whereas recall is a ratio of true positive detections to the total 

number of both true positive and false negative detections. The precision and recall values 

are computed over a range of discrimination threshold values of the classifier. Figure 4 (a,b,c) 

shows the performance evaluation using PRC plots on a selection of examples. Similarly, 

Table 3 shows the average precision results of the classifier using the modified pipeline for 

the different training-testing combinations of the datasets. 

 

 

Table 3. The value shown is the average precision score (APS) at various discrimination threshold 

settings. Each precision score is computed as TP/(TP+FP). When a dataset is trained and tested with 

itself, a proportion of 75/25% is used. In any other case, 100% of each dataset is used for training and 

for testing. 

 

Since the performance of the pipeline decreased significantly when it was tested with the 

California dataset, its performance was also evaluated when the training and testing samples 

were balanced. To this end, all positive samples from each set were combined with an equal 

number of negative samples taken at random. Table 4 shows the classification results using 

these balanced samples. Figure 4 (d,e,f) shows the performance evaluation using PRC plots 

on a selection of examples. 

The results showed that the current method does not segment properly when the distance 

from the sensor to the crops is bigger. The segmented broccoli heads were, on average, a 

third smaller, and with higher point density than those from other datasets. A more robust 

approach for segmenting point clouds is currently being investigated that is both size and 

point density invariant [30, 9, 16]. 
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Table 4. APS at various discrimination threshold settings. All datasets for these experiments are 

balanced, i.e. the number of both positive and negative samples is the same. Training and testing sets 

were split in similar fashion to those listed in Table 3. 

 

 

Figure 4. Performance evaluation of the SVM classification on three training-testing unbalanced 

datasets combinations (a), (b) and (c), and on three training-testing balanced datasets combinations: 

(d), (e) and (f). 

 


