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ABSTRACT 

A mechanism for detecting harvestable tea leaves in the field was developed based on an object detection framework, with the help of im-
age processing techniques. The mechanism was developed for a drone based tea harvesting machine with a consideration of weight, me-
thod of plucking, the ability to reach the leaves (manoeuvrability), and suitable for using on a robotic arm mounted on the drone. Tea har-
vesting is mainly done manually in Sri Lanka. In addition to that, there are different types of machines introduced recently for harvesting tea 
shoots because of the existing labour shortage. The existing machine harvesting is non-selective and leads to poor quality of made tea [1]. 
Therefore, an autonomous, drone-based, selective tea harvesting system has been considered as an alternative solution to the problems 
associated with tea harvesting in Sri Lanka. A miniature camera (Raspberry pi 8 MP) mounted on an arm capturing the images of tea leaves 
were analysed using  Haar-cascade classifier and image-processing techniques to detect harvestable standard tea shoots with two leaves 
and one bud, in real time. The detection process proposed was implemented through OpenCV Python. Haar-cascade classifier was trained 
with 1,000 images and tested with 165 real tea leaves. Training images were processed into required sizes and formats and performed the 
classifier training and finally tested for the selection performance. According to the results, the classifier could distinguish harvestable tea 
shoots from non-harvestable tea shoots and the objects in the tea field with an accuracy of 57.58%.  

INTRODUCTION 
Tea production is one of the major foreign exchange gathering paths in Sri Lanka. Nearly $700 million annually coming to the country and 
11% of total work force is governed by this sector [1]. However, there are several problems associate with the cost of production of tea due 
to higher labor cost, labor shortage, lack of skilled labor, low labor productivity, lack of specialists in the field and quality reduction etc. Ac-
cording to the Tea Research Institute Sri Lanka sources, it is obvious that the sector has higher labor shortage.  

Harvesting is one of the most important operations in tea production. Tea harvesting is mainly done manually in Sri Lanka, but it consumes 
more labor. Therefore, different types of machines introduced for plucking tea leaves. According to the harvesting method, yield will vary. 
Most of the machine tea harvesters perform non-selective tea plucking. However, their productivity is high; quality is poor due to non-
selectivity [1]. Literature says that usage of non-selective tea harvesting machines; in Sri Lankan tea plantations reduce the yield more than 
50% compared to manual harvesting [1]. Therefore, an autonomous, drone-based, selective tea harvesting system has been considered as 
an alternative solution to the problems associated with tea plucking. 

GSJ: Volume 8, Issue 11, November 2020 
ISSN 2320-9186 526

GSJ© 2020 
www.globalscientificjournal.com



Designing of drone-based tea harvesting mechanism requires several important areas to be addressed. Out of those, the weight of the me-
chanism and use of machine vision for selecting acceptable shoots to be plucked are considered as important in this study.  Tea shoot detec-
tion using visual information is an important part in machine vision selective plucking of tea. Features such as size, shape, texture must be 
extracted from tea shoot images. For this kind of object detections, it was important to select a suitable object detection method in terms 
of speed and reliability because it is going to be used in an autonomous drone-based tea harvesting machine. Therefore, in this study Haar-
cascade object detection method was used for machine vision to detect the harvestable tea shoots. Haar-like feature extraction process is 
faster than “Histogram of Oriented Gradients” (HOG) features and it can be used even for low-resolution images [2]. 

Haar-cascade classifier based on Haar-like features generally combines with a boosted cascade classifier. While Haar-like features efficiently 
computed by integral images, AdaBoost choosing few the most significant highlights to represent the object. This technique effectively ap-
plying in numerous detecting processes, for example, face recognition [3], pedestrian detection [4], vehicle identification [5], and detecting 
of different commodities such as crop varieties [6], fruits [7] by machineries in modern agricultural world. 

Requisite of this study was to develop a suitable object detection system that would be able to facilitate detection of harvestable tea leaves 
from tea fields, in real time. Ultimately, drone with a robotic arm system will be able to capture harvestable tea leaves accurately through a 
Raspberry pi camera module by applying morphological features on images. Therefore collecting of harvestable standard tea shoot images 
under natural field conditions and any other types of images from Google, processing them into required sizes and formats, performing of 
classifier training and finally testing and performance evaluation were the contributions of this study. 
 
THEORETICAl BACKGROUND 

Present-day world is full with novel approaches to automated farming practices with the aim of increasing quality and quantity of produc-
tion, while reducing time and expenses. With that, motorization and mechanization have been started to engage with the tea industry as 
well. Automation has been accomplished with the help of artificial intelligent systems and it depends on machine vision. Because of these 
novel concepts, some of the technical words that are needed to understand this study have explained below. 

Tea shoot standards 
Study mainly focused on tea shoots consisted with two tender leaves and one dormant bud. It is very important to supply tender shoots 
except mature leaves to produce best quality tea. Depending on the required quality of made tea, harvesting method and the way of manu-
facturing may be different. However, the best quality tea is produced with standard tea shoots those have only 2-3 tender leaves and a bud. 
Dormant shoots with one leaf also acceptable for processing. However, acceptable tea shoots may be impacted by varying field conditions 
and other constraints [8].  

Shoot growth have some differences based on cultivar, and the grown area. Tea clones such as TRI 2000, TRI 3000, and TRI 4000 series have 
introduced by Tea Research Institute (TRI) of Sri Lanka, and TRI 2023, TRI 2024, TRI 2025, TRI 2026 etc are the widely growing tea clones in 
Sri Lanka [1]. 

Haar-cascade classifier 
Paul Viola and Michael Jones [9] initially suggested Haar-feature based cascade classifier for object detection. This was developed based on 
machine learning approaches, while focusing on a robust and rapid face detection method. The image based object detectors are sensitive 
for the training data; therefore, this algorithm had used a large number of sample images of faces and negative images for the training of 
the classifier [10].  

Haar-cascade object detection framework was introduced under three main contributions. “Integral Image”, a new image representation 
was the primus contribution of their work [9]. Secondly, a classifier was developed using “AdaBoost” with the lesser number of significant 
features [11].  As the final contribution, a method was developed for the integration of more complex classifiers in to a “cascade”. It helps 
fast discarded of image background regions, and meanwhile more computational is doing on object-like regions [9].   

 Haar-like features 
Simple feature values of images are the basic concept of classifying images in the Viola and Jones object detection algorithm (Haar-cascade 
classifier) [9]. Value of a feature is computed by the difference between sums of the pixel between adjacent rectangles [5]. This is called as 
Haar-like features (Figure 1) because of the similar computation to the coefficients of Haar-wavelet transformation [4]. Reasons for using 
Haar-features except direct pixel values are it requires number of features to achieve necessary knowledge and processing time of feature-
based system is higher compared to a pixel-based system [9].   
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Integral image 
Integral image (Figure 2) is a technique of calculating the value of Haar-like feature, while alternating the value of each pixel into a novel 
image representation [13]. Through this intermediate representation, it is possible to computate rectangle features instantly [9]. Integral 
image pixel values are the cumulative values of top and left pixel of the input image [6].  

 
 
AdaBoost 
Improving the performance of veriest learning algorithms called as “Boosting”. Boosting helps to minimise the error of different “weak” 
learning algorithms as well [11]. Due to the large number of Haar feature generation, AdaBoosting exclude majority of available features, to 
ensure rapid classification. This allows focusing on smaller number of critical features. AdaBoost searching for higher degree of differences 
among every feature in training data set [4]. Outstanding boundary features between objects and non-objects consider as the best features 
[6]. 

Cascade classifier 
Cascade classifier is a combination of complex classifiers to produce a multilevel structure that used to accelerates the detection process 
[15]. If an image comprising with desirable features or characteristics of a selected object, cascade classifier will lasting its activity until it 
completes all the steps. Image that travels along this complete classifier sequence is the desirable object image. Process termination in the 
middle of the process implies non-detection of the desirable object [6]. For the better understanding, Figure 3 simply illustrates the working 
pattern of a cascaded classifier sequence.   

  
 
  

Figure 1: Haar-features [12] 

Figure 2: Integral image calculation [14] 

Figure 3: Cascade classifier  
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Methodology 
Proposed tea leaf detector was developed under 4 steps. 

Data collection 
Training dataset comprised with both positive and negative data. Positive image dataset consisting with images of desirable object, while 
negative image dataset consisting with images that include any other type of objects except desirable object. In this study, images with 
standard type harvestable tea shoots were considered as positive images (Figure 4), and they were captured from tea fields in Hantana, Sri 
Lanka under natural daylight conditions (between 9 a.m. to 11 a.m. in each day). A DSLR camera (Nikon 7200 DSLR) was used to capture 
positive images. Meanwhile other types of images except tea shoots were considered as negative images (Figure 5), and they were collected 
from Google image search. Out of those total 1,000 training images, 600 were positive images and 400 were negative images.  

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Data manipulation 
To improve the detection process, gray scale image processing technique was applied for both positive and negative images. At the begin-
ning, all positive and negative images were RGB images. Importance of converting images from RGB to gray scale is that it facilitates easy 
processing of images, and gray scale images computationally less intensive due to the use of one channel (black-white). 

Initially positive images had quite high resolution around 3300×2300. For the easy handling of images, it was scaled down into a convenient 
width and height dimensions such as 120×90.  Meanwhile negative images also reduced into the same dimensions.  

Classifier training  

Proposed tea leaf detector was developed using Haar-cascade object detection framework. Simply this classifier training process 

Figure 4: Sample positive images for training the Haar-cascade classifier 

Figure 5: Sample negative images for training the Haar-cascade classifier 

GSJ: Volume 8, Issue 11, November 2020 
ISSN 2320-9186 529

GSJ© 2020 
www.globalscientificjournal.com



followed several steps. 
1. Extracting Haar-like features 
2. Tea shoot detection using AdaBoost 
3. Merging training results 

This tea shoot detector relied on Haar-like features. To extract Haar-features, sub-window sliding approach was applied, and 
then it was verified that the pixels under each location of sub-window were harvestable stage tea shoot. In this study, 25×25 pix-
el sub-window was used for the scanning of images.   

While detections were happening, sub-windows were tested to identify whether it was a harvestable tea shoot or background. 
This was accomplished by AdaBoosting. A complete harvestable tea shoot could be detected (Figure 8) by merging different 
sub-window results.  

Region of interest (ROI) selection at the beginning is important. In every situation, it speeded up the detection process as it al-
lowed the code to consider only the important part of the image.  It limited operations in to one sub-region. While ROI selection 
was done HighGUI (High Level Graphical User Interface) library in OpenCV, that allowed collaborative working in operating 
system, file system, and camera like hardware system. Therefore, windows had opened to display images, and it helped to han-
dle mouse, and keyboard events.  

 
Figure 6: Region of Interest selection (ROI) 

This Haar-like feature object detection is popular in terms of face detection because of its efficiency of the face detection. Illumi-
nation will not affect due to the stable mutual ordinal relationship of various pixels in a particular region [2]. Equation 1 shows 
formula for valuation of a Haar-like feature, thus value calculated by taking the weighted sum of pixels under white regions and 
black regions.  

   𝑋𝑋 = ∑ 𝑤𝑤𝑖𝑖 × µ𝑖𝑖
𝑅𝑅
𝑖𝑖=1  

 

R is the number of pixels consist in a Haar-like feature, wi is the respective pixel weight of i th pixel, and µi is the grey value of i 
th pixel [7]. If a value was greater than the threshold, then it was considered as a feature of a harvestable standard tea shoot.  

Integral image operation speeded up the Haar-feature calculation.  This method facilitates pixel value calculation within any 
rectangular region by simple referencing of four corner points.  

AdaBoost helping with the heavy number of Haar-features, for the efficient functioning of Haar-cascade classifier. Most of these 
features might not be useful for tea leaf detection; therefore, it was a challenge in terms of identifying most relevant features to 
detect harvestable tea leaves. Thus taking the advantage of AdaBoosting, number of “weak” classifiers were combined for con-
structing a “strong” classifier, and each weak classifier is searching for a specific type of features. While AdaBoosting, if a win-
dow failed at the particular set of features then the sub-window was considered as background. If a window succeed at a one 
stage then it forwarded to the next classifier likewise the process proceeded until detecting the tea leaves.   Generally, number of 
features increasing with the stages.  

 
Testing and performance evaluation 

(1) 
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For the testing of trained cascade classifier, 165 real tea shoot samples were used. Testing was done under natural field condi-
tions, in middle times of 9 a.m. and 11 a.m. 

Performance evaluation of the tea shoot detector was done by means of accuracy. Test samples considered under 4 sub catego-
ries, such as True Positive (TP), True Negative (TN), False Positive (FP) and, False Negative (FN). Equation 2 define the formula 
for calculating accuracy. 

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 =  
𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝑇𝑇 + 𝐹𝐹𝑇𝑇
 

 

Results and Discussion 
Proposed tea shoot detection algorithm was coded using OpenCV Python and trained using Windows 10 Intel Core i3-5005U 
CPU@ 2.00 GHz, 4 GB RAM. However, this work could be done with Matlab, this study was conducted in Python as it con-
sumes less time, and be able to apply in OpenCV programs. Finally, performance evaluation was done to find the accurate de-
tection rate of this tea leaf detector.  

At the beginning, it was essential to identify best compatible hardware and software components for a drone-based tea harve-
ster. Aim of this drone tea harvester is to detect harvestable standard tea shoots, and pluck suitable shoots by a robotic arm sys-
tem. When developing drones it is essential to use lightweight hardware components to achieve efficient and effective flying. In 
the real time if it is going to identify harvestable shoots, it is necessary to have enough performance with the hardware compo-
nents. Raspberry pi 8 MP camera (Quad-core 1.2 GHz processor) is light in weight; therefore, it was selected as the camera de-
vice to be used in this study. These cameras will facilitate lightweight, efficient detection system that suitable for drones. Test 
results in terms of accuracy shown in Table 1.  

Table 1: Results of the selection of tea leaves using the developed tea leaf detector 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

Test results exhibited that the classifier could distinguish harvestable standard tea shoots from any other types of non-
harvestable tea shoots 57.58% accuracy rate. This is a mid-level accuracy rate. However, with further training it will be able to 

  
True Positive 

(TP) 
 

 
False Positive 

(FP) 

 
True Negative 

(TN) 

 
False Negative 

(FN) 

55 36 40 34 

Accuracy 57.58% 

Figure 7: Results of the trained Haar-cascade classifier 

(2) 
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achieve higher rate of accuracy than this. At the time of testing TP occurrence was high compared to FP. In addition to that, clas-
sifier could not detect all harvestable tea shoots successfully, thus FN occurred. In here FN rate was less compared to the other 3 
types. To work well, less FN rate is necessary. Otherwise if the relevant object was classified as a negative one, then the step will 
terminate, and that error will not be corrected. 

Due to the limited number of training data, classifier could not extract enough information from the tea shoots to be detect cor-
rectly. There were several FP occurred because of the limited number of training data, and other limitations occupied in the 
training dataset. To reduce this false alarm rate, definitely it will be effective if it could create Region of Interest (ROI) precisely. 
If so, most of the regions should occupy tea leaves except background regions. Most of the FP consisted with image back-
grounds. Thereby can assume that bounding box demarcated ROIs possessed considerable amount of non-leafy areas, and that 
resulted FP. To avoid this FP occurrence, applying of a background filtering method also considered as a possible solution.   

Due to some redundant behaviour of this training process, overtraining of the classifier or undertraining might can happen.  
Undertraining more likely to outputs more FP, thus considerable amount of FP will generate. It means while training the clas-
sifier, it might not have enough time (lesser number of stages) to carefully understand positives and negatives. 

If overtrain, too many stages will train therefore; classifier will output empty test results. Accordingly, it will not be able to 
detect positive objects from images.  

To obtain detection at different angles, it is better if could train separate Haar-cascade classifiers for different positional orienta-
tions of tea shoots such as 0, 45, 90 degrees. In addition, it is possible to create one training dataset to train single Haar-cascade 
classifier while collecting different angle tea shoots in to one dataset. 
 
Ambient light intensity variation at the time of data collection and testing is extremely detrimental to the output of the detector, 
even the slightest ambient light intensity variation will affect to the image RGB values.  However, in this study, training dataset 
contained only with grey scale images while those images had a narrow wavelength band. Therefore, light intensity coercion 
was not that much prominent. Grey scaling was the applied image processing technique, because it was easy to extract fore-
ground from the background to get tea leaf boundaries. 
 
Conclusion 
Developing a harvestable tea shoot detector for an automated drone-based tea-harvesting machine was the ultimate goal of this 
study. For that, Haar-cascade object detection framework was used. While training, Haar-like features were extracted, consecu-
tively AdaBoosting was done. Being a classifier, it was needed to merge number of weak classifiers to get the desirable outcome. 
To achieve successful detection, grey scale image processing technique was applied. 

Experimental results revealed that the classifier has an ability to distinguish harvestable tea shoots up to some extent. However, 
57.58% accuracy rate makes us to put over that it is necessary to improve this tea leaf detector further before apply in to the 
drone-based tea harvester. 

As future works, it is necessary to increase dataset, and better if can apply more useful image processing techniques for positive 
images to make this tea leaf detector more accurate. Further image processing techniques such as blurring, and masking will 
facilitate accurate Region of Interest (ROI) selection. Also it will be more productive if can use tea shoot images in different an-
gles for the training process.  
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