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Abstract 

Physical quality control of coffee beans in Indonesia relies heavily on manual sorting, which is 

limited in consistency, time efficiency, and objectivity. This study develops an automated real-time 

detection system for 20 physical defect categories defined in SNI 01-2907-2008, using the 

lightweight YOLOv5s object detection architecture trained via transfer learning with two-phase 

GridSearch hyperparameter optimization and data augmentation on a dataset of 107 images 

containing 13,863 annotations. The optimized model achieves a global mAP@50 of 0.867 and 

mAP@0.5-0.95 of 0.601, with an average inference time of 14 ms per image, thereby confirming 

its real-time suitability. Per-class analysis reveals high detection accuracy for morphologically 

distinctive classes, such as pod beans and small shell skins with mAP@50 scores exceeding 0.98, 

but reduced performance for visually ambiguous classes like slight insect damage with an mAP@50 

of 0.626, attributed to texture bias and contrast ambiguity. Compared with the only prior SNI 01-

2907-2008-aligned study, which achieved 53.35% accuracy using image classification across 18 

simplified classes, this object detection approach offers superior accuracy and spatial localization of 

defects. The model's low computational footprint enables deployment on low-cost edge devices, 

providing a practical and standardized quality-inspection solution for Indonesian coffee SMEs. 

Keywords: Green Bean Coffee, Object Detection, SNI 01-2907-2008, Defects, YOLOv5s.

 

 

I. INTRODUCTION 

offee is a very popular agricultural commodity in Indonesia. Indonesia is one of the world's largest coffee 

producers. With high demand and production, coffee has become one of Indonesia's primary sources of 

income, both through imports and exports [1]. Coffee production in Indonesia is dominated by smallholder 

plantations, which contribute 99.56% of total production and the majority of coffee products produced and 

marketed consist of green coffee beans, with Robusta beans representing the largest share, followed by Arabica 

and Liberica varieties [2]. The micro, small, and medium enterprise sector in Indonesia is experiencing rapid 

growth in coffee production. The substantial scale of coffee production and the diverse range of coffee products 

in Indonesia necessitate the implementation of regulations to ensure the consistent quality of these products. In 

this regard, the Indonesian government has introduced SNI 01-2907-2008, a regulatory framework designed to 

govern the coffee industry effectively. This regulation specifies quality standards, testing methodologies, 

eligibility criteria for passing tests, and classifications of different coffee types [3]. According to SNI, the coffee 

quality control process is defined by the defect value of coffee beans, which are categorized into several types 

of defects. The standard for determining coffee quality is differentiated between Arabica and Robusta, which 

are divided into classes 1 to 6. In a competitive global market for coffee, it is crucial for stakeholders to adapt 
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and evolve their business processes. Presently, the quality control and defect identification processes for coffee 

beans are conducted manually, relying significantly on the precision and experience of individual inspectors 

[4]. Considering the situation in Indonesia, where almost all coffee production comes from MSMEs with 

different company standards and business processes, it is necessary to develop a model for equalizing 

classification results and improving process efficiency, especially in quality control. 

On the other hand, the development of implementable technology is a determining factor in improving 

performance and efficiency, such as the application of artificial intelligence (AI) and the Internet of Things 

(IoT), particularly in agriculture, which can perform monitoring, controlling, and analysing in real time, thereby 

increasing productivity through more prudent resource management [5]. In AI applications, machine learning 

and deep learning are used to detect and classify products. In the coffee bean industry, the process of classifying 

bean quality is essential because the quality of the coffee beans represents the resulting flavour [6]. The 

utilization of a deep learning model based on Convolutional Neural Networks (CNN) demonstrates significant 

capabilities in the analysis and detection of defective images. Using CNNs can improve accuracy and reduce 

the detection process time, especially in handling the sorting and quality control. The sorting and quality control 

stages are important roles that are currently still carried out traditionally using human labour. Utilizing CNNs 

requires developing a robust model that efficiently processes coffee bean image data, enabling automated 

classification that meets industry standards. Several studies have used CNN in agricultural practices, especially 

in the coffee commodity sector. 

The classification of defects in coffee beans provides a foundation for implementing interventions and 

enhancing the coffee farming process. This encompasses a wide range of practices, including land preparation, 

planting, and post-harvest processing. The information derived from this classification system also plays a 

crucial role in determining the selling price of coffee beans and in ensuring compliance with existing standards 

and regulations. In this study, the detection model will focus on classification based on SNI-10-2907-2008, 

considering that this regulation is the standard for coffee beans under Indonesian regulations. The model will 

use the YOLOv5 object detection model to detect physical defects. YOLOv5s was selected as the primary 

model for this study based on a systematic evaluation of the accuracy and efficiency trade-off across the 

YOLOv5 family [7]. YOLOv5s is selected as the optimal model for MSMEs because its 9.1 million parameters 

provide sufficient depth to accurately detect subtle coffee bean defects, unlike the heavily pruned YOLOv5n 

with its 2.6 million parameters. Furthermore, larger models like the 25.1 million parameter YOLOv5m, as well 

as the equivalent small variants of newer architectures such as YOLOv8s through YOLOv11s, demand 

excessive computational power, causing severe inference latency on standard low-cost hardware. Therefore, 

YOLOv5s achieves the most practical balance of detection accuracy, real-time processing speed, and stable 

edge deployment for real world operational environments. 

To date, prior deep learning studies aligned with SNI 01-2907-2008 have relied exclusively on image 

classification paradigms with simplified defect taxonomies. Kesiman et al. [4] employed an image classification 

approach that achieved only 53.35% accuracy across a simplified 17-class scheme and was unable to spatially 

localize defects. More recently, Nugroho et al. [8] developed a YOLO based mobile application to detect defects 

in Robusta coffee beans but severely reduced the taxonomy to only three classes. While their application 

achieved 95.3% accuracy for the black bean class, the performance dropped significantly to 62.2% for the 

moldy/bleached bean class. Critically, these prior SNI-based works share fundamental limitations regarding 

spatial localization and taxonomic completeness. Traditional image classification inherently lacks the ability to 

spatially localize individual defect instances, which is an indispensable capability for automated physical 

sorting on a conveyor system. Furthermore, none of the existing literature has addressed the complete, 

unmodified 20-class defect taxonomy defined in SNI 01-2907-2008. This study addresses both gaps by applying 

object detection via the YOLOv5s architecture across all 20 SNI-defined defect classes, providing simultaneous 

spatial localization and defect classification in a lightweight model suitable for deployment on low-cost edge 

hardware in Indonesian coffee MSMEs. 

 

II. LITERATURE REVIEW 

According to [9] Convolutional Neural Network (CNN) has been implemented to obtain multispectral image 

data or images capable of processing large-scale data and producing better, more accurate, and more feasible 

techniques for coffee bean classification. The advantages of CNN support the exploration of other CNN models 
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in classifying types of defects in green coffee beans. There are two types of CNN applications, namely image 

classification and object detection, with different models in their implementation. 

Rivalto et al [10] and Murinto et al [11] used a CNN to classify coffee varieties in Indonesia with reasonable 

accuracy, while [12] and [13] using a CNN to classify coffee beans into good and no good quality achieved 

93% and 99% accuracy after the pretrained stage. In another study using a different classification model, namely 

the Deep Convolutional Neural Network (DCNN) and Light Deep Convolutional Neural Network (LDCNN), 

an accuracy of nearly 98% was achieved with a small number of parameters [14],[15]. This low number of 

parameters improved computational efficiency and resource utilization. The use of CNN is the result of image 

processing and machine learning that can detect the physical condition of coffee beans and can be optimized 

not only to distinguish good and bad beans. Several studies have used various types of defects, including broken 

beans, insect-infected beans, fungus-infected beans, sour beans, black beans, withered beans, and immature 

beans [16], [17], [18]. The results of several studies using image classification show a percentage of around 

96% using a CNN model modified with Multiscale Defect Extraction.  

Developments related to coffee bean defect detection based on the continuously evolving number of 

classifications depend on established regulations and the development of detection models, making research 

related to coffee bean defect detection increasingly advanced. In [19] study, Using SCAA regulations that 

classify 17 types of coffee bean defects into two categories, physical defect detection was performed using 

various kinds of models, namely MobileNetV2, EfficientNetV2, InceptionNetV2, ResNetV2, and 

MobileNetV3. The MobileNetV3 model achieved the best accuracy, reaching 95.85%. In a different study using 

defect classification based on SNI 01-2907-2008, which contains 20 types of defect classifications that were 

then modified into 17 types of defects, and training using image classification through the MobileNet and 

InceptionResNetV2 models, the accuracy reached 53.35% with InceptionResNetV2 [4]. In addition to using 

image classification, some models use another method called object detection. Object detection is a part of 

computer vision that detects spatial objects through semantic inference and spatial localization, which cannot 

be performed by image classification [20].  

Huang [21] used object detection to classify good and bad defects using YOLOv3, achieving an accuracy 

of 94.63%. Another study used another object detection model, Faster R-CNN, which was compared with image 

classification, namely the VGG-16 model, to detect four types of classification, namely peaberry, longberry, 

defective, and premium beans, achieving an accuracy of 93% and 86% for each model [22]. In a comparison of 

other models between object detection and image classification for detecting and classifying coffee beans into 

four types of defects, black, ruptured, insect-infected, and fade, as well as one classification for good beans. 

[23] YOLOv5 was used for object detection and combined with other image classification models, such as 

Slim-CNN and VGG-16, achieving accuracies of 98.52% for YOLOv5, 93.63% for Slim-CNN, and 96.89% 

for VGG-16. In other cases, [24] YOLOv5 was used to classify bean types between Ethiopian Sidamo Arabica, 

Guatemalan Shb Arabica, Tanzanian Superior Robusta, and Indonesian Flores Robusta, achieving mAP@50 of 

99% and mAP@50-95 of 94%. 

 

III. RESEARCH METHOD 

In this study, the transfer learning method was used in the object detection model to recognize the location 

and classification of physical defects in green coffee beans in accordance with the SNI 01-2907-2008 regulation 

on coffee beans. This standard is used in Indonesia to classify coffee bean defects and to grade coffee beans. In 

SNI 01-2907-2008, physical defect classification is divided into 20 types, namely black bean, partial black bean, 

broken black bean, pod bean, brown bean, large shell skin, medium shell skin, small shell skin, parchment bean, 

large husk, medium husk, small husk, broken bean, immature bean, bean with slight insect damage, bean with 

severe insect damage, bean with fungus damage, large foreign matter, medium foreign matter, and small foreign 

matter. The YOLOv5 model was selected for comparison due to its established reliability in object detection, 

particularly for coffee beans [23], [24]. The research stages are illustrated in Fig. 1. 
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Fig. 1. Research Stages 

A. Data Gathering 

This study focuses on implementing SNI 01-2907-2008 using computer vision to detect physical defects in 

coffee beans. The data collection process was meticulously executed in a controlled environment, with a data 

collection height of 40 centimeters and a white background utilized as a medium for arranging the coffee beans. 

A single image was used for data collection, consisting of 50 grams of coffee beans. This data was obtained 

from the coffee production results of the Gandiva Processing Unit in Malang using a random combination of 

Arabica and Robusta green beans. This dataset consists of 107 images with 20 defect classifications, captured 

with an iPhone 11 Pro smartphone with a 12 MP camera.  

B. Preprocessing Data 

Object detection is a methodology for training data models that involves the annotation process described 

in Fig. 2. This stage consists of labelling objects according to their classification using bounding boxes to 

establish spatial references and precise class labels for model training. The annotation stage provides the ground 

truth required by the object detection model. Based on annotations across the entire dataset, 13,863 annotations 

were obtained. The annotated dataset was subsequently partitioned into a training and validation set with 

proportions of 70% and 30%, respectively. This dataset was then resized to 640 x 640, which is the sweet spot 

for models, especially YOLO, as the default input size. 

 

 

Fig. 2. Example of Image Annotations 

Due to the limited dataset, the dataset was developed through an augmentation process. Augmented data 

can overcome the problem of overfitting in CNNs due to limited samples and build deep learning models that 

generalize to variations in orientation, position, and lighting that may occur in real conditions, thereby 

increasing the model's robustness [25]. The augmentation process was carried out by adjusting parameters such 

as flip, rotate, crop, rotation, shear, blur, and noise. After augmentation, the number of training images was 222. 

Table I describes the configuration and settings of each augmentation.  
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TABLE I 
AUGMENTATION PARAMETERS 

Augmentation Function Parameter 

Flip Horizontal, Vertical 

90º Rotate Clockwise, Counter-Clockwise, Upside Down 

Crop 0% Minimum Zoom, 29% Maximum Zoom 

Rotation Between -15° and +15° 

Shear ±10° Horizontal, ±10° Vertical 

Blur Up to 2px 

Noise Up to 1.96% of pixels 

 

C. Model Architecture 

The dataset has been pre-processed and is ready for training with the CNN model. The selected YOLOv5 

model is a model with a one-stage detection algorithm (one-stage detector). The YOLOv5 model predicts 

bounding boxes and class probabilities simultaneously during a single forward pass. The YOLOv5 architecture 

is shown in Fig. 3. 
 

 

Fig. 3. YOLOv5 Architecture. 

The initial stage of the YOLOv5 model utilizes a backbone network based on CSPDarkNet for hierarchical 

feature extraction. This process entails reducing spatial resolution (down sampling) while increasing spatial 

depth through two stages to minimize gradient redundancy. The neck section integrates FPN and PAN structures 

to facilitate two-way feature fusion (top-down and bottom-up), thereby enriching semantic information and 
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strengthening hierarchical spatial details through a concatenation mechanism. The final stage of the process, 

namely the head, is responsible for processing the aggregated features into three grid scales (80 x 80, 40 x 40, 

and 20 x 20) as outputs in the form of bounding boxes, object classes, and confidence levels. 

D. Model Training 

The model will be trained on Google Colab using Python on a Tesla 4 GPU, employing the YOLOv5 model 

version small(s). The selection of this model is predicated on considerations of efficiency and the model's 

accuracy performance across light parameters ranging from 7.2 million. The model will be employed in real-

time applications that require accelerated image inference without any loss of accuracy. The model will undergo 

hyperparameter tuning using the values listed in Table II. 

 
TABLE II 

TUNING HYPERPARAMETER CONFIGURATION 

Hyperparameter Configuration 

Learning rate (lr) 0.001 and 0.01 

Batch size 8 and 16 

Optimizer SGD and Adam 

Epochs 25 and 50 

Image Size 640 x 640 

Model training will be conducted by tuning hyperparameters using GridSearch to determine the optimal 

combination of learning rate, batch size, optimizer, and epochs for a dataset with a constant image size. The 

hyperparameter tuning stage has been shown to improve model performance, reduce overfitting, and enhance 

model robustness [26]. The tuning stage employs a two-phase approach using GridSearch. In the initial phase, 

tuning is conducted using the learning rate, batch size, and optimizer parameters with five epochs. Subsequently, 

the optimal results from this tuning are further tuned using epoch parameters of 25 and 50. 

E. Evaluation Matrix 

The model's performance was assessed using various metrics, including precision, recall, F1-score, and 

mean average precision. A thorough examination of the confusion matrix results was also conducted to gain 

insights into the model's accuracy and bias. In the YOLOv5 architecture, detection validation is determined by 

the Intersection over Union (IoU) score, which indicates the degree of overlap between the predicted and ground 

truth boxes [27]. The list of evaluation matrices to be performed is presented in Table III. The components that 

constitute the evaluation matrix are as follows: 

o True Positive (TP): the model has successfully detected the target object correctly. 

o False Positive (FP): the model detects objects that do not align with the established ground truth. 

o True Negative (TN): the model correctly detects false data. 

o False Negative (FN): the model incorrectly classifies a correct object as negative. 

 
TABLE III 

EVALUATION MATRIX [28] 

 Predicted Positive Predicted Negative  

Ground Truth 

Positive 

True Positive (TP) 

Correct detection 

False Negative (FN) 

[Type II Error] 

Recall =  

TP / (TP + FN) 

Ground Truth 

Negative 

False Positive (FP) 

[Type I Error] 

True Negative (TN) 

Correct rejection 

Specificity =  

TN / (TN + FP) 

 
Precision =  

TP / (TP + FP) 

NPV =  

TN / (TN + FN) 

Accuracy = 

(TP+TN) / 

(TP+TN+FP+FN) 

 

The following are equations for calculating several evaluation metrics such as F1-score and Mean Average 

Precision (mAP), which are calculated using equations (1), (2), and (3). 
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𝐹1 − 𝑆𝑐𝑜𝑟𝑒 =  
2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
=  

2𝑇𝑃

2𝑇𝑃 + 𝐹𝑁 + 𝐹𝑃  
 (1) 

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  ∫ 𝑝(𝑟)𝑑𝑟
1

0

 (2) 

𝑀𝑒𝑎𝑛 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
1

𝑁
∑ 𝐴𝑃𝑖

𝑖=𝑁

𝑖

 (3) 

In equations (1), TP, FP, and FN denote the total number of True Positives, False Positives, and False 

Negatives, respectively. Meanwhile in equation (2), p(r) represents precision at recall level r. Furthermore, for 

equation (3), N indicates the total number of classes, specifically the 20 SNI-defined categories and APᵢ is 

Average Precision for class i, computed as the area under the Precision-Recall curve. mAP@50 uses a fixed 

IoU threshold of 0.5 and mAP@0.5:0.95 averages over IoU thresholds {0.50, 0.55, …, 0.95}. Summary of the 

research methodology is presented in Table IV. 

 
TABLE IV 

SUMMARY OF RESEARCH METHODOLOGY 

Stage Activity Tool / Setting 

Data 

Collection 

Image capture (50 g beans, 40 cm 

height) 
iPhone 11 Pro, 12 MP, white background 

Preprocessing Annotation, resize, augmentation 
Bounding-box labeling; 640×640 resize; 

flip, rotate, crop, shear, blur, noise 

Model 

Training 

Transfer learning + 2-phase 

GridSearch hyperparameter tuning 

YOLOv5s, Google Colab Tesla T4 GPU; 

lr, batch, optimizer, epoch search 

Evaluation 
Precision, Recall, F1, mAP@50, 

mAP@50-95, Inference time 

IoU threshold 0.5 / 0.5–0.95; Confusion 

matrix per-class 

Model 

Comparison 

Comparative benchmarking across 

YOLOv5 variants 

YOLOv5n, YOLOv5s, YOLOv5m, 

YOLOv5l 

 

IV. RESULTS AND DISCUSSION 

Training and validation of the model were performed in Google Colab using a Tesla 4 GPU and Python 3. 

The libraries used were Ultralytics for the model and Scikit-learn for GridSearch. During model training, a loss 

matrix was added to visualize the model's performance. The tuning stage was also performed using 5-fold cross-

validation to achieve an optimal balance between bias and variance. The results of hyperparameter tuning are 

shown in Table V. It shows that the best results from the first hyperparameter tuning are achieved with a learning 

rate of 0.01, a batch size of 8, and the SGD optimizer, with mAP@50 of 0.61, F1-Score of 0.6, and training 

time of 356.4 seconds. Based on [29], AP can represent the model's ability to allocate and classify objects with 

spatial tolerance. These tuning results were then used to observe model tuning during training at epochs 25 and 

50. This was done to improve computational efficiency and to observe the effect of each parameter on model 

training, ensuring each contributed positively to model performance.  

The results of the second hyperparameter tuning show a comparison between models trained with 25 epochs 

and 50 epochs. The model with 25 epochs has a faster training time of 900 seconds (15 minutes), while the 

model with a longer epoch has a longer training time of around 30 minutes and 25 seconds. With twice the 

number of epochs, the training time will also increase by twice as much. The results with a lower epoch also 

show a lower inference time for the best epoch, indicating that a model with an epoch of 50 provides the best 

performance. The model performance shows mAP@50 of 0.867, mAP@50-95 of 0.601, and inference time of 

approximately 10.8-16.7 ms. This is shown in Table VI and Fig. 4, which present the performance of each 

hyperparameter and the loss graph for the best model. 
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TABLE V 
FIRST STAGE OF HYPERPARAMETER TUNING 

No Tuning Hyperparameter Precision Recall mAP@50 
F1-

Score 

Training Time 

(second) 

1 lr 0,001; batch 8, Opt Adam 0.468 0.473 0.474 0.470 367.2 

2 lr 0,01; batch 8, Opt Adam  0.253 0.435 0.261 0.320 392.4 

3 lr 0,01; batch 8, Opt SGD 0.647 0.560 0.610 0.600 356.4 

4 lr 0,001; batch 8, Opt SGD 0.177 0.368 0.223 0.239 342.0 

5 lr 0,01; batch 16, Opt Adam 0.184 0.338 0.207 0.238 392.4 

6 lr 0,001; batch 16, Opt Adam 0.521 0.558 0.566 0.539 360.0 

7 lr 0,001; batch 16, Opt SGD 0.209 0.293 0.197 0.244 320.4 

8 lr 0,01; batch 16, Opt SGD 0.490 0.552 0.530 0.519 324.0 

 
TABLE VI 

SECOND STAGE OF HYPERPARAMETER TUNING 

Tuning 

Hyperparameter 
Precision Recall 

mAP@

50 

mAP@50

-95 

F1-

Score 

Training 

Time 

Inference 

Time (ms) 

Epoch 25 0.752 0.660 0.767 0.516 0.703 900.0 s  14 – 20.8 

Epoch 50 0.817 0.816 0.867 0.601 0.816 1825.2 s 10.8 – 16.7 

 

 

 
Fig. 4. YOLOv5s Loss Curve at 50 Epochs 

Based on Fig. 4, the Box Loss curves in training and validation show a consistent downward trend, indicating 

that the bounding box regression in the model is becoming increasingly accurate at estimating the center 

coordinates, width, and height of objects. Meanwhile, the decrease in Class Loss indicates that the model has 

converged, suggesting it can learn distinguishing features between classes. Furthermore, there is a significant 

decrease in Distribution Focal Loss, indicating that the model can handle uncertainty in box predictions at the 

appropriate confidence level. The downward trend in the loss graph suggests a reversal in model performance, 

namely an increase in its ability to predict objects and provide bounding boxes. This increase is reflected in the 

performance metrics, such as precision, recall, mAP@50, and mAP@50-95, which increase consistently as the 

number of epochs increases. 

The precision matrix shows that the model achieves a relatively high accuracy of 0.817 in predicting the 

presence of an object. In addition, the recall matrix shows similar performance with a value of 0.816, indicating 

that the model can find most objects in the image. The balance between recall and precision shows that the 

model is robust. A robust model can also be indicated by comparing the loss curves for the training and 

validation data, also called model fit. Based on a comparison of the train and val curves, there is no indication 

of underfitting or overfitting, so the model can be considered a good fit or robust. The mAP value indicates the 

final model performance and serves as the threshold for IoU calculation. The curve shows that at a low level of 
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strictness, mAP@50-95 reaches 0.617. This value is a good indicator of the model's ability to accurately extract 

complex features and predict green coffee bean objects in general, based on their classification. The results of 

the second hyperparameter tuning then show how the model performs in each trained class. Table VII and Fig. 

5 show the performance of each classification of coffee bean defect prediction using SNI 01-2907-2008 

regulations.  
TABLE VII 

RESULT FROM YOLOV5S MODEL FOR EACH CLASSIFICATION CLASS 

Class Precision Recall mAP@50 mAP@50-95 F1-Score 

Black Bean 0.844 0.749 0.818 0.410 0.794 

Partial Black Bean 0.618 0.918 0.829 0.576 0.739 

Broken Black Bean 0.858 0.927 0.909 0.412 0.891 

Pod Bean 0.772 0.995 0.986 0.766 0.869 

Brown Bean 0.664 0.926 0.825 0.558 0.773 

Large Shell Skin 0.888 0.822 0.939 0.708 0.854 

Medium Shell Skin 0.766 0.892 0.910 0.704 0.824 

Small Shell Skin 0.955 0.939 0.985 0.679 0.947 

Parchment Skin 0.980 0.862 0.958 0.711 0.917 

Large Husk 0.816 0.649 0.734 0.573 0.723 

Medium Husk 0.820 0.971 0.970 0.723 0.889 

Small Husk 0.935 0.803 0.917 0.590 0.864 

Broken Bean 0.938 0.797 0.879 0.503 0.862 

Immature Bean  0.974 0.877 0.976 0.621 0.923 

Bean with Slight Insect Damage 0.576 0.624 0.626 0.462 0.599 

Bean with Severe Insect Damage 0.732 0.792 0.840 0.649 0.761 

Bean with Fungus Damage 0.840 0.524 0.740 0.587 0.645 

Large Foreign Matter 0.758 0.948 0.961 0.727 0.842 

Medium Foreign Matter 0.619 0.714 0.688 0.511 0.663 

Small Foreign Matter 0.989 0.597 0.843 0.550 0.745 

 

Table VI shows that the robust architecture's generalization capacity, measured by mAP@50 reaches 0.867 

at epoch 50. However, Table VII shows that the matrix decomposition per class reveals crucial performance 

heterogeneity. There is morphological variability that can trigger significant accuracy gaps, such as pod bean 

and immature bean, with mAP@50 of more than 0.97, compared to beans with slight insect damage, with 

mAP@50 of 0.626. In addition, a significant decrease in value between mAP@50 and mAP@50-95, such as 

black beans, which dropped from 0.818 to 0.41, indicates that even though the model is very good at recognizing 

object types, the accuracy of bounding box predictions at strict thresholds still needs optimization to ensure 

adequate precision standards. The validation-stage prediction results show the spatial locations and 

classifications of each green coffee bean with physical surface defects, as shown in Fig. 5. 

 

 
Fig. 5. Prediction Result of YOLOv5s 
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The provided image illustrates a batch of YOLOv5s prediction results for coffee bean defect detection as 

shown in Fig. 5, demonstrating the model's capacity to handle high-density object localization and multi-class 

classification within a single frame. The mosaic grid reveals successful identification of various defect 

categories such as broken bean, black bean, and bean with insect damage with confidence scores consistently 

maintained above 0.25 to capture subtle variations. Despite the visual complexity and label congestion caused 

by the sheer volume of beans in each 50 g sample, the YOLOv5s architecture effectively distinguishes between 

distinct defect types and foreign materials using specific color-coded bounding boxes. This automated approach 

shows high sensitivity to small-scale features, suggesting a robust performance in replicating manual grading 

standards through deep learning. Furthermore, to provide a more comprehensive evaluation of these visual 

detections, the quantitative metrics and a detailed comparison against other architectures are presented in Table 

VIII, which outlines the comparative model performance. 

 
TABLE VIII 

COMPARATIVE MODEL PERFORMANCE  

Model Precision Recall 
mAP@

50 

mAP@50-

95 
Training Time 

Inference 

Time (ms) 

Params 

(M) 

YOLOv5n 0.687 0.639 0.708 0.495 5 minutes 17 seconds 16.5 2.5 

YOLOv5s 0.817 0.816 0.867 0.601 5 minutes 53 seconds 14.4 9.1 

YOLOv5m 0.908 0.866 0.910 0.654 10 minutes 16 seconds 15,2 25.1 

YOLOv5l 0.904 0.876 0.913 0.656 14 minutes 53 seconds 24.1 53.1 

 

To contextualize the performance of the selected YOLOv5s architecture, comparative experiments were 

conducted using YOLOv5n (nano), YOLOv5m (medium), and YOLOv5l (large) under identical training 

conditions, specifically learning rate of 0.01, batch size of 8, SGD optimizer, and 50 epochs. The results 

presented in Table VIII show that the YOLOv5n model achieved a mAP@50 of 0.708 with a precision of 0.687 

and recall of 0.639. Although YOLOv5n is the most computationally efficient variant with only 2.5 million 

parameters and the shortest training time of 5 minutes and 17 seconds, its detection performance is substantially 

lower than YOLOv5s across all metrics. The 15.9-point gap in mAP@50 (0.708 versus 0.867) reflects the 

model’s insufficient representational capacity for a 20-class fine-grained defect taxonomy. This aggressive 

parameter reduction in YOLOv5n limits the feature discriminability required to distinguish visually similar 

categories, such as slight versus severe insect damage or the three size variants of husk and shell skin defects. 

Consequently, while YOLOv5n might suffice for binary detection tasks on ultra-constrained hardware, it proves 

inadequate for a complete classification scheme. 

In contrast, YOLOv5m achieved a mAP@50 of 0.910 with precision of 0.908 and recall of 0.866, 

demonstrating higher detection performance than YOLOv5s. However, this marginal accuracy gain of 4.3 

points in mAP@50 comes with a substantially higher computational cost. YOLOv5m requires 25.1 million 

parameters, nearly three times the parameter count of YOLOv5s, and its training time of 10 minutes and 16 

seconds is approximately 1.75 times longer. Furthermore, the inference time of 15.2 ms is slightly higher than 

YOLOv5s. Similarly, YOLOv5l achieved a mAP@50 of 0.913 with the highest precision of 0.904 and recall 

of 0.876, representing the best absolute accuracy among all variants. However, this comes at a significantly 

greater cost, requiring 53.1 million parameters, approximately 5.8 times more than YOLOv5s, and the longest 

inference time of 24.1 ms, which is 67% slower than YOLOv5s. The training time of 14 minutes and 53 seconds 

is 2.5 times longer than YOLOv5s.  

These computational demands make YOLOv5l and YOLOv5m impractical for deployment on low-cost 

edge devices such as Raspberry Pi or NVIDIA Jetson Nano, which are the target hardware for Indonesian coffee 

MSMEs. The slight improvement in mAP@50 between YOLOv5s and YOLOv5m (0.867 versus 0.910) does 

not justify the 2.9-fold increase in parameters and the associated latency and energy consumption in resource-

constrained environments. YOLOv5s therefore represents the optimal balance between detection performance 

with a mAP@50 = 0.867 and an inference time of 14.4 ms, validating it as the preferred architecture for real-

time coffee bean quality inspection in compliance with SNI 01-2907-2008. he comparison across the four 

YOLOv5 variants confirms that YOLOv5s provides the most effective balance of accuracy and efficiency for 

20-class defect detection, making it as the most viable architecture for implementation on low-cost hardware in 

SME environments. To further analyze the classification accuracy across all 20 defect categories and identify 

any specific inter-class misclassifications, the confusion matrix for the YOLOv5s model is presented in Fig. 6. 
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Fig. 6. Confusion Matrix YOLOv5s 

Based on the results of the YOLOv5s model training, Fig. 6 shows the X-axis as the actual and the Y-axis 

as the predicted. The results of the confusion matrix show that all classifications have been successfully 

predicted with a score of at least 0.5, indicating the model's performance in distinguishing true positives and 

true negatives. However, there is still a massive misclassification of 0.28 between beans with severe insect 

damage that are predicted to beans with slight insect damage. Visually and computationally, there may be 

failures in distinguishing between colour bits and holes. Dark pixels in holes have identical features caused by 

spatial resolution or lighting that is not distinctive enough to differentiate between surface and depth. In 

addition, the low success rate for beans with fungus damage, which were only 0.48 and 0.26 incorrectly 

predicted as medium foreign materials and 0,24 lost to background, indicates that the model experiences 

negative texture bias. White and blue spots on beans with fungus damage are misinterpreted as rough textures 

from foreign materials or considered as background noise, resulting in detection failure.  

The prediction for large husk beans shows that the prediction is off by 0.31 to brown beans. This is due to 

the actual condition of large husk beans, which often change colour (degradation) due to oxidation or 

contamination, making them visually similar to brown beans. In addition, morphological similarities due to the 

size of large husk beans, which may still contain coffee beans inside, result in geometric and colour similarities. 

The confusion matrix also shows that other materials, especially medium and small ones, exhibit false negatives 

of 0.34 and 0.16, respectively. This indicates the presence of visual camouflage between dark colours and 

textures with low contrast (contrast ambiguity) between the object and the background, resulting in the loss of 

spatial feature representation, as well as limitations in feature resolution on small objects due to the failure to 

produce a confidence score above the validation threshold of 0.25, causing the object to be considered 

background noise.  

This study shows that number of epoch is positively correlated with improved coffee bean defect detection 

performance, even with longer training times. The trade-off between training time and performance in the 

YOLOv5s model provides clues for adjusting model usage to requirements. However, this model shows that 

the length of the training duration provides a relatively faster image prediction time of two to three ms. The 

speed of accurate prediction can encourage the implementation of coffee bean defect detection based on SNI 

01-2907-2008 in real time. Based on other research in the field of agricultural defect detection using YOLOv5, 

it has been shown that this model is the optimal solution for precise physical surface defect inspection with low 

computational requirements, thus ensuring real-time implementation on low-power devices [30], [31], [32]. 

In detecting physical surface defects in green coffee beans under the SNI 01-2907-2008 classification, 

previous research has achieved an accuracy of up to 53% by simplifying the classification into 17 types using 

an image classification method [4]. This simplification combines other materials with three sizes into a single 

size and classifies small husk that is not present in the training dataset. Although a direct quantitative 
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comparison is constrained by the use of different proprietary datasets, the transition from whole-image 

classification to our YOLO-based object detection framework demonstrates a fundamental enhancement in both 

detection capability and practical compliance with the SNI standard. In this study, the current architecture has 

high reliability in general classification with the strictest threshold at mAP@50-95, producing a success rate of 

60.1%. The accuracy indicates that a model using an object detection method performs better with additional 

spatial location information for green coffee beans with defects. Additionally, the prediction speed, averaging 

14.36 ms (0.01436 seconds) per image, demonstrates the model's suitability for use on low-power devices. 

Therefore, SMEs may utilize this model to detect physical surface defects in green coffee beans. 

 

V. CONCLUSION 

Based on this study using transfer learning, it has been proven that implementing object detection for 

classifying the physical quality of green coffee beans can be an effective automation alternative for meeting the 

SNI 01-2907-2008 standard. The result indicated a mAP@50 of 0.867, which represents the model's capacity 

to replicate human visual perception of major physical defects. However, findings on texture bias in certain 

beans and limitations in bounding-box precision indicate that the system still requires targeted feature 

optimization to achieve prediction accuracy within strict industry tolerances. Overall, this model provides a 

strong technical foundation for transforming the subjective manual sorting process into a standardized, fast, and 

efficient digital inspection system. Future research will prioritize improving detection for underperforming 

defect categories and validating the model's real-world robustness. To address current limitations, expanding 

the dataset for underrepresented defects, applying focal loss, and exploring near-infrared imaging are 

recommended to detect sub-surface damage invisible to standard RGB cameras. Furthermore, to transition from 

laboratory evaluation to industrial application, the model requires validation within an IoT edge-computing 

pipeline. This involves deploying the system on edge devices (e.g., NVIDIA Jetson Nano) integrated with 

standardized conveyor illumination, automated sorting mechanisms, and cloud dashboards to evaluate its real-

time throughput and practical viability in operational coffee processing environments. 

 

DATA AND COMPUTER PROGRAM AVAILABILITY 

All the data used in this study can be obtained from the corresponding author upon a reasonable request. 
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