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Abstract 
 
Not being able to self-pollinate, cacao trees use cross-pollination as its 

primary solution. However, being sensitive to cross-pollination, it has no 

means of identifying its variety while growing. It causes confusion on the 

recognition of the diverse varieties of the pods. Traditional methods require 

identification of the seed before being planted, or identification after the 

cacao pods were harvested. Nonetheless, it projects negative effects in the 

cacao industry as there is poor quality control, having all the types of the 

pods labelled under the same category in pricing due to insufficient 

information regarding its varieties. With this, the proponents aim to develop 

a non-invasive cacao pod variety classifier using ResNet Model 

Convolutional Neural Network. The model was trained to identify three 

cacao varieties: Criollo, W-10 and BR-25. An image of the pod is to be taken 

as input for the model. The results show that the model achieved a precision 

of 90% and an accuracy of 95% over a total of 60 trials. 
 

Keywords: Cacao pod, Confusion matrix, Image processing, Neural 
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1 Introduction 
 

Cacao trees had been known as one of the most complicated and 

sensitive trees to grow and harvest fruits. They only grow on places within 

the ―cacao belt‖, a narrow 20-degree band above and below the equator [1]. 

The problem with traditional methods of harvesting cacao is its inaccuracy in 

variety, as cacao pods are cross-pollinated and not self-pollinated [2]. The 

director of a leading chocolatier company in the Philippines, stated that 

―there’s really no identification of varieties nor quality benchmarks in the 

country‖ [3]. For these reasons, the researchers developed a variety classifier 

for cacao using neural networks.  

Deep learning, specifically neural networks, are often used in image 

classifications [4] [5] [6] [7] [8] and image detection and recognition [9] 

[10]. Over the past decade, using neural networks had ground breaking 

results in recognizing patterns, from image processing up to recognition of 

voice [11]. In a neural network, going deeper, which means increasing the 

number of forward stacked layers, raises the accuracy as long as overfitting is 

taken care of. This causes diminishing returns in extremely large dataset and 

deep layers. This is called vanishing gradient, a problem solved by the 

ResNet by implanting a technique called the Residual Block [12].  The 

advantage ResNet provides is minimal losses in each layer, which is why it 

was chosen to be the model of neural network for cacao variety 

classification. Furthermore, numerous projects also use neural networks in 

terms of fruit variety classification [13] [14], identification [15], and 

recognition [16]. Other studies use other models such as PLS to categorize 

and discriminate chocolate varieties. However, it resulted with an accuracy 

of 52.5% the least [17]. On the other hand, ResNet has been used and was 

proven to be successful in terms of face anti-spoofing [18] and semantic 

segmentations [19].  

ImageNet, a project for visual object recognition software research, hosts 

the ImageNet Large Scale Visual Recognition Challenge (ILSVRC) that 

determines highest accuracy on several visual recognition tasks. According 

to Basaveswara, residual networks are the first deeper networks to be won on 

the ImageNet Challenge. The Residual Network (ResNet) used at ImageNet 

in 2015 has 152 layers. Until then, the idea of training such deeper networks 

are a dream. ResNet however achieved an error rate of 3.57%, top-5 error 

[20].  

 

2 Method 
 

This section discusses the nature of the dataset, the model, and the 

experimental design. 
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2.1 The Dataset 
 

The four classifications of the data or images were as follows: BR-25, 

UF-18, W-10, and the UNKNOWN VARIETY. The dataset was divided and 

separated into training data and testing data. Training data, which were used 

to train the model to fit certain parameters, consist of 403 images for each 

class, having a total of 1,612 images. On the other hand, testing data, used to 

assess the performance of the model, comprise of 688 total images, with 172 

images for each class. All in all, the dataset contains 2,300 images. 

Moreover, the dataset can be visualized as follows: 

 
• TRAIN (1,612 images) • TEST (688 images) 

o BR-25 (403 images) o BR-25 (172 images) 

o CRIOLLIO (403 images) o CRIOLLIO (172 images) 

o W-10 (403 images) o W-10 (172 images) 

o UNKNOWNVARIETY(403 

images) 

o UNKNOWNVARIETY  

              (172 images) 

 

2.2 The Model 
 

The model is based on the architecture used by ResNet. It is trained using 

Python module ImageAI, which uses Tensorflow as its backend and is 

trained using Graphics Processing Unit (GPU). The following is a summary 

of the model used: 

 

Number of Layers: 176 Initial Learning Rate: 0.000001 

Number of Epochs: 100 Total params: 23,595,908 

Batch Size: 32 Trainable params: 23,542,788 

Non-trainable params: 53,120 

 

Train Images: 1,612 

Test Images: 688 

 

Figure 1 displays the building block of Deep Residual Learning 

Framework. This framework includes identity mapping, which does not have 

any parameters and just adds the output from the previous layer to the 

following Jan Joevil A. Razon, Ryann A. Alimuin, Shearyl U. Arenas layer 

[21]. 
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Figure 1. Building Block of Residual Learning [21] 

 

 

Assuming that both the input and the output are of the same dimensions: 

 

 

 ( )   ( )         (1) 

 

 

where H(x) stands for the underlying mapping fitted by a few stacked layers 

and x represents the input. The original function, H(x), then becomes F(x) + 

x [21]. Considering this equation, the building block shown in Fig. 1 is 

defined to be as: 

 

   (  *  +)         (2) 

 

 

where: 

x = input vector 

y = output vector 

F(x,{wi}) = residual mapping 

 

However, Equation 2 should have dimensions of x and F equal. Not 

being equal occurs commonly when the output and input channels were 

changed. Due to this, a linear projection Ws is used to match the dimensions 

[21].   
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   (  *  +)          (3) 

 

 

 
Figure 2. Proposed mage-based identifier utilizing ResNet CNN for Cacao Pod’s 

Variety Classification 

 

The design used the CNN architecture called Residual Network (ResNet) 

to perform the imageprocessing from the camera input. The image will 

undergo through multiple convolution layers and batch normalization layers. 

The output of weighted layer is added to the identity image mapping of the 

input. This is to overcome the vanishing gradient problem due to deep 

learning. After the ResNet confirms a variety, the information will be sent to 

the microprocessor that then projects the variety classification. The 

information of the variety will be used to set the threshold for the output of 

the voltage-controlled oscillator. The threshold differs per variety, guiding 

the decision for maturity testing. 

Figure 3 shows how the variety of the cacao pod will affect the decision 

on which pin produces a signal that will be sent to the VCO. The change in 

the voltage fed will change the frequency of operation of the VCO. The 

method of identifying which output pins sends a dc bias to the VCO is 

determined by a machine algorithm coded inside the single-board computer. 
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Figure 3. Flowchart: Effect of variety identifier to the maturity assessment 

 

 

2.3 The Experiment 
 

The testing of the model was held in Noble Quest Farm, Lipa, Batangas 

City, Philippines. Initially, the algorithm was tested on two (2) varieties of 

the cacao pod, specifically, the BR-25 and W-10. These varieties were 

chosen by the availability of sample training sets. The model underwent three 

(3) trials to test its performance of identifying the variety of the cacao pod 

being tested. The dataset made four possible judgments to occur from its 

classifications. 

Ten (10) cacao pods each of BR-25 and W-10 varieties were chosen to 

be tested. First, the prediction program was launched. After which, the user 

shall locate the model to be used. Then, the image of the cacao pod was to be 

captured by a camera. The program, after analyzing the image of the pod, 

will then display the output prediction of the chosen model. With three trials 

each, the process shall be repeated, changing between the different cacao 

pods. For better visualization, Fig. 2 shows the flowchart of the design of 

experiment. 
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3 Literature Review 
 
 

According to Chakravorty, digital image processing is the use of 

computer algorithms to perform image processing on digital images [22]. It 

is the process of converting the images into data understandable by the 

machine in order to perform analysis. Image processing has been used for 

different kind of applications in which includes fruit sorting as demonstrated 

by the research of Chithra and Henila regarding the use of image processing 

in sorting bananas and apple using KNN and SVM algorithms [23]. 

There are a lot of methods under image processing; the proponents will 

use neural networks for the design. ANN is a data handling worldview that is 

motivated by the way natural sensory systems like the mind [24], but first it 

will need a pair of eyes before seeing. The design will make used of the 

camera module connected to the microprocessor to acquire the image input 

that will undergo image processing to identify the variety of the cacao pod. 

The cacao pod will be treated as the input data, which is an image of the 

cacao pod. The image will then undergo preprocessing techniques such as 

resizing, color augmentation, warping or other necessary image modification 

needed for the data to be use. As stated by Chinmayi, Loganathan, and 

Prabukumar, image-processing techniques have become one among the most 

important and rapidly used one in a wide variety of applications with a goal 

of improving image content [25]. Although it is mostly important in medical 

image analysis, pre-processing technique can still be utilized to improve the 

feature extraction of the cacao pod. 

At present, artificial neural networks (ANN) techniques in various 

disciplines which includes agricultural among other applications [26], means 

that ANN is possible to be used as the image processing treatment for the 

cacao pod classifier.  

 

4 Data and Results 
 

After performing the experiment, data were gathered and results were 

tabulated. This section discusses the results of the testing executed on the 10 

cacao pods. 
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Table 1. Test Results For Br-25 

 

BR-25 TESTING RESULTS 

 Pod 1 Pod 2 Pod 3 Pod 4 Pod 5 

Cacao 

Pod 

     

Actual BR25 BR25 BR25 BR25 BR25 

Test 1 
BR25 BR25 BR25 BR25 CRIOLL

O 

Test 2 BR25 BR25 BR25 BR25 W10 

Test 3 BR25 BR25 BR25 BR25 BR25 

 Pod 6 Pod 7 Pod 8 Pod 9 Pod 10 

Cacao 

Pod 

     

Actual BR25 BR25 BR25 BR25 BR25 

Test 1 BR25 BR25 BR25 W10 BR25 

Test 2 BR25 BR25 BR25 BR25 BR25 

Test 3 BR25 BR25 BR25 BR25 BR25 

 

 

Table 1 shows the result of the three-trial test for the 10 BR-25 cacao 

pods. Green-filled cell of the table represents correct classification, while a 

red-filled cell corresponds to incorrect classification of the pod. The 

predicted variety for cacao pod 5 were CRIOLLO and W-10 for trials 1 and 

2, respectively. Also, cacao pod 9’s predicted variety on the first trial was 

W10. On the third trial, all the predicted varieties were already correct. 
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Table 2. Test Results For W-10 

 

W-10 TESTING RESULTS 

 Pod 1 Pod 2 Pod 3 Pod 4 Pod 5 

Cacao 

Pod 

  

  

 
Actual W10 W10 W10 W10 W10 

Test 1 W10 W10 W10 W10 W10 

Test 2 W10 W10 W10 W10 W10 

Test 3 W10 W10 W10 CRIOLLO W10 

 Pod 6 Pod 7 Pod 8 Pod 9 Pod 10 

Cacao 

Pod 

     
Actual W10 W10 W10 W10 W10 

Test 1 W10 W10 W10 W10 W10 

Test 2 W10 W10 W10 W10 W10 

Test 3 W10 W10 W10 W10 W10 

 

 

On the other hand, Table 2 shows the result of the three-trial test for the 

10 W-10 cacao pods. For this variety, the only incorrect prediction is on the 

third trial of the test on cacao pod 4. The rest were classified correctly. 

 The confusion matrix on Table 3 summarizes the performance of the 

algorithm from the testing performed on the cacao pods. Arranged on a 2x2 

matrix, it is composed of two conditions representing the Actual Value and 

the Predicted Value. The results of the algorithm satisfying the true and false 

conditions were recorded on their respective quadrant alignment. 
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Table 3. Test Confusion Matrix 

 

BR-25  W-10 

 
Predicted 

YES 

Predicted 

NO 
  

Predicted 

YES 

Predicted 

NO 

Actual YES 27 3  Actual YES 29 1 

Actual NO 0 30  Actual NO 2 28 

 

Based on the confusion matrix of Table 3, the model achieved 56 True 

Positive  predictions, 58 True Negative predictions, 2 False Positive 

predictions, and 4 False Negative predictions. 

 

4.1 Precision 
 

Precision refers to how many times the algorithm predicts the same 

variety classification during the three trials on the same cacao pod, regardless 

of being correct or not. The precision of the algorithm is scored as follows: 2 

points for having three (3) similar predictions on all the three trials, 1 point 

for two (2) similar predictions, and 0 for not having any similar prediction 

after the trials. 

 
The total score for the consistency of the design is represented by the 

formula: 

          ∑  

 

   

 

 

Where:  

xi = precision score (points) for each cacao pod 

n = total number of samples (20 cacao pods) 

 

 

Table 4 shows how each sample is scored based on how many similar 

predictions the algorithm made during the trials. The model gained a total 

score of 36 out of 40, with a percentage value of 90%. 
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Table 4. Precision Score Summary 

 
 

 

4.2 Accuracy 
 

A good performing algorithm yields good and high accuracy results. 

Accuracy refers to how correct the total system is with respect to its every 

correctly accepted and rejected samples over the total number of samples. 

The parameters to be used in computing the accuracy of the model would be 

based on the confusion matrix of Table 3. The formula for accuracy is: 

 

  

         
     

           
 

            

(1) 

   

Where:  

TP = True Positive 

TN = True Negative 

FP = False Positive 

FN = False Negative 
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Computing for the model’s accuracy, using Equation 2, is as follows: 

 

 

         
     

         
      

                        

 

5 Conclusion 
 

After the problem regarding cacao variety identification was detailed, a 

solution of a variety classifier using ResNet Model was presented. Its typical 

application includes the assistance to farmers in terms of sorting the cacao 

pods in relation with their variety. With an accuracy of 95%, the design of a 

ResNet model is made possible as an integral part of the development of a 

cacao variety classifier. 
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