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Abstract - Mango cultivation is a vital agricultural sector in many regions, providing significant economic benefits and contributing 

to environmental sustainability. Traditional mango detection and harvesting methods are prone to error and are labour-intensive. 

Recent advances in aerial imagery and Artificial Intelligence (AI) offer innovative solutions to these challenges. An automated 

yield estimation and fruit harvesting system will require an accurate fruit object detection model. This study explores the application 

of deep learning models for mango detection on two diverse datasets. This research focuses on evaluating two primary deep learning 

models: Faster Region-based Convolutional Neural Network (Faster R-CNN) and You Only Look Once (YOLO) variants. 

Experiments were conducted using datasets from the ACFR mango dataset and a locally collected dataset. The ACFR dataset is 

acquired from a moving ground vehicle while the local custom dataset is taken from a low flying drone. The Faster R-CNN model 

was tested with ResNet-50 backbones. YOLOv8 with simple training image augmentation demonstrated superior performance on 

both datasets, achieving a mean Average Precision with 0.5 Intersection over Union (mAP@0.5) of 0.959 on the ACFR dataset 

and 0.756 on the custom local mango image dataset. The YOLOv8 model outperforms Faster R-CNN by a large margin on both 

datasets. The advantage of simple image augmentation for improving mango detection has also been demonstrated. The YOLOv8 

model is found to be able to detect mango fruits effectively in both dark and bright lighting conditions. 
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1. INTRODUCTION  

Mango cultivation is a vital component of the agricultural sector in many tropical regions, including Malaysia. This 

crop is not only economically significant but also contributes as an important source of food. Despite its importance, 

traditional mango detection and harvesting methods remain prone to errors and labour-intensive. These inefficiencies 

can lead to suboptimal yield estimation and increased production costs, particularly in large-scale farming operations. 
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Recent technological advancements, particularly in aerial imagery and Artificial Intelligence (AI), offer promising 

solutions to these challenges. When Unmanned Aerial Vehicles (UAV) are integrated with high-resolution cameras 

and sophisticated AI algorithms, it can open new avenues for precision agriculture. These technologies can potentially 

revolutionize the management and harvesting of mango orchards by providing accurate, efficient, and automated 

detection systems [1], [2] . In addition, many orchards have also started using ground moving robots to inspect fruits 

and predict yield. 

This paper uses two different datasets for evaluating the popular object detection models based on deep learning 

methods. The first dataset contains mango fruits images acquired from a moving ground vehicle and the second dataset 

contains mango images from aerial imagery. Specifically, we investigate the performance of two advanced object 

detection models: the Faster Region-based Convolutional Neural Network (Faster R-CNN) [3] and You Only Look 

Once (YOLO) [4] variants. Faster R-CNN employs a two-stage detection process known for accuracy, while YOLO 

uses a single-stage approach optimized for real-time processing. The YOLO object detection model has gone through 

a number improvement over time aimed at improving detection accuracy and faster speed [5], [6], [7], [8]. This paper 

focuses on evaluating the YOLOv8 model with the Faster R-CNN model as the baseline for mango fruit detection 

task. A comparison of the mango fruit detection accuracy for the evaluated models will be presented. Two datasets 

are used, namely the ACFR mango dataset [9] and a locally created custom dataset using drone to capture aerial 

images. The model’s performance is compared with the mean Average Precision measure. 

 

2. LITERATURE REVIEW  

Deep learning models are currently the standard approach for fruit detection in the orchard [1], [9]. Most of the 

models are assessed on the ACFR mango detection dataset provided by [9]. Models such Faster- RCNN and 

YOLO are commonly used in various applications. Some common application of fruit detection task is in yield 

estimation [10], [11] and automatic harvesting by robots [12], [13]. The image can be acquired by moving robot 

[9], [12] or UAV [1], [2]. The advances in automatic fruit detection have led to improvement in various aspects 

of precision agriculture and reduction of labour work required. 

In the mango fruit detection problem, several object detection models have been proposed. The popular models 

are YOLO and Faster R-CNN.  In the work [13], the Faster R-CNN model is used for mango detection with 

impressive F1 score of 0.881. The result is combined with image mask predicted by LIDAR estimation to predict 

the mango yield.  The work by [11] applies the encoder decoder architecture for mango detection with weakly 

supervised learning. Training involves unsupervised learning via image reconstruction followed by image 

classification on the presence or absence of the fruit. Finally, the model is trained like other conventional object 

detection methods. The proposed method named MangoDetNet achieves F1 score of 0.861 when all the labelled 

training samples are used and 0.856 when labelled samples are halved. This led to significant reduction in 

annotation cost without affecting much the detection accuracy. 

Various modifications of YOLO models have been proposed to improve its performance in mango detection. 

The work by [12] use multi-scale aggregation and image enhancement technique to attain F1 score of 0.977 and 

perform better than the standard YOLOv3 with 5 times faster speed. The work by [14] propose a modified YOLO 

architecture from YOLOv3 and YOLOv2 (tiny) named as MangoYOLO. Model architecture change is done by 

combining features from multiple intermediate layers. This customized model is compared to the standard 

YOLOv3, YOLOv2 and the Faster R-CNN models. MangoYOLO achieves the best performance in terms of F1 

and average precision (AP). It also outperforms the competing models with lower processing speed. Recent work 

by [15] improvise YOLOv6 model with residual and attention structure. Evaluation on the ACFR Mango dataset 

yields the mAP0.5 of 0.961. The YOLO model has also been used on aerial images taken from UAV. In the 

work of  [1], green mangoes  are detected with YOLOv2 model with precision of 0.961. The detected mangoes 

are used in predicting the number of mango fruits in an orchard for yield estimation. In addition to detecting 

mango fruits, the YOLO model has also been used in a number of agriculture related applications such as 

detecting plant diseases with good performance [16], [17] .   

The recent model YOLOv8 is proposed for mango fruit detection, considering its reported improved accuracy 

and speed [6], [8]. However, the model has not been tested on the mango dataset. The aerial image dataset has 

also not been tested on YOLOv8 model. This paper aims to study the capability of YOLOv8 in such aspects. 
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3. RESEARCH METHODOLOGY  

3.1 Dataset Preparation 

In this paper, two deep learning models for mango detection are selected. The models are the YOLOv8 and Faster R-

CNN model. Both the models are evaluated on two different datasets. The first dataset known as ACFR mango dataset 

is publicly available and is prepared by [9]. The images are collected by a moving ground vehicle that move between 

the rows of trees at a large-scale mango orchard. A total of 1964 images are used. The second dataset is locally 

prepared with the use of a small drone DJI Mini 3 UAV. The UAV flows around a local neighbourhood and university 

area to collect images of mango trees where fruits are observed. The images are collected at UPM International Mango 

Grove located at Universiti Putra Malaysia Serdang Selangor and one residential area known as Taman Amanputra at 

Puchong Selangor, Malaysia. A total of 118 images is annotated with bounding box. Table 1 shows a comparison of 

the 2 datasets used for mango fruit detection with the selected models. Figure 1 shows the sample image from each 

dataset used. 

Data augmentation for increasing training images and its diversity were used during training. The aim is to prevent 

model overfitting and improve generalisation. The augmentation techniques used included random horizontal and 

vertical flips with a probability of 0.5, random rotation of ±10 degrees, and random adjustments to hue (±0.015), 

saturation (±0.7), and brightness (±0.4). Additionally, random scaling was applied, ranging from 0.5 to 1.5 of the 

original size, and mosaic augmentation, which involves combining four images, was also utilised. 

Table 1. The Split of the Datasets Used in the Project 

Dataset Total Images Training Images Validation Images Test Images 

Local 118 83 24 11 

ACFR 1964 1464 250 250 

 

   

Figure 1. Sample Image from the Local (Right) and ACFR Mango Dataset (Left) 

 

3.2 Model Description 

YOLOv8 is chosen for this study as they represent the recent advancements in the YOLO architecture, offering 

improved speed and accuracy over previous versions. The model is implemented using the Ultralytics framework [18]. 

Specifically, YOLOv8n or nano version is chosen where the smaller version helps balance performance and 

computational efficiency. The YOLOv8 architecture, as shown in Figure 2, consists of 3 major components, the 

backbone, neck and head. The backbone of the model is used for feature extraction from input image. It contains 

multiple convolutional blocks connected in series for obtaining features at different scales. The neck section contains 

layers used to combine the outputs of different layers from the backbone. The head section predicts the bounding of 

the detected object. Three different heads are used to predict bounding boxes of the object at 3 different scales. The 

YOLOv8 model utilizes several C2f (cross stage partial fusion) block for better feature extraction. This is achieved 

by splitting input feature maps and processing them separately with convolutional and bottleneck block. The results 

are then merged back to form the C2f block output [6]. The YOLOv8 model is available in 5 different sizes. This 

includes the Extra-large (x), Large (l), Medium (m), Small (s) and Nano (n). The sizes are determined by the depth 

and width of the layers in the block used [19]. Smaller models run faster but suffer from lower detection accuracy. 
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Figure 2. YOLOv8 Architecture [20] 

 

The Faster R-CNN model [3] consist of two major parts, namely the Region Proposal Network (RPN) and Detection 

network. The RPN section identifies potential regions that may contain objects of interest, and the Detection block 

predict the type of object in the identified candidate regions. The model architecture is shown in Figure 3. The model 

was developed using PyTorch programming framework with Resnet-50 backbone architectures. ResNet-50, is a 50-

layer deep residual network that utilizes skip connections to address the vanishing gradient problem in deep networks 

[21]. The result of Faster R-CNN that uses VGG-16 backbone is used as comparison [22]. The VGG-16 model strength 

lies in its simplicity and depth, which allows it to learn increasingly complex features in a series on convolutional 

layers with small kernel size.  

 

Backbone 

Neck 
Head 
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Figure 3. Faster R-CNN [3] 

 

3.3 Model Training 

The YOLOv8n model is used due to the fast inference speed and high detection accuracy as well. The model was 

trained for a maximum of 200 epochs with a batch size of 16 and an image size of 640x640 pixels. The Stochastic 

Gradient Descent (SGD) optimizer was used. Early stopping was implemented to prevent overfitting, with the criterion 

set to a patience of 10 epochs. The loss function for YOLO models combined Binary Cross-Entropy (BCE) and 

Complete Intersection Over Union (CIOU) to optimize both classification and localization accuracy. Faster R-CNN 

models were also trained for 200 epochs using an SGD optimizer, with learning rate starting at 0.005 and the 

momentum value of 0.9. The Detectron2 programming framework is used [23].  

 

4. RESULTS AND DISCUSSIONS  

4.1 Performance Metrics 

The YOLOv8 and Faster R-CNN models are evaluated on the ACFR public mango dataset and a custom created local 

dataset taken from a low flying drone. To measure the alignment between the ground truth and predicted bounding 

boxes, the Intersection over Union (IoU) measure is used. The IoU is measured by taking the area of overlap between 

the ground truth box and the predicted bounding box divided by union of their area. Figure 4 shows how IoU is 

computed. The larger IoU value shows a more accurate prediction, as this represents a higher degree of overlap 

between the ground truth and the predicted bounding box. For our experiment the IoU ratio that exceeds 50% is used 

for assigning correct prediction to the predicted box. 

 

 

Figure 4. Computation of IoU  

 

Ground truth box Predicted box 
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To measure the mango detection performance, the Recall, Precision and mean Average Precision (mAP@0.5) are 

used. Precision measures the accuracy of positive predictions and is calculated as given in Equation 1. It is computed 

by taking ratio of total correct positive prediction (TP) over total positive prediction (TP + FP). The total false positive 

is denoted FP. The Recall measures in Equation (2) gives the total ground truth boxes that are correctly predicted. For 

a more comprehensive measure, the mAP@0.5 is used where IoU is 0.5. Different precision and recall values are 

obtained by varying the model detection threshold. The average precision to obtain mAP is computed based on the 

area over the precision recall curve.  

              Precision =  
TP

TP+FP
                                                                                                     (1) 

 

                                                 Recall =
TP

TP+FN
                                                                                                         (2) 

 

4.2 Results  

The first result in Table 2 compares YOLOv8n with Faster R-CNN models on the ACFR mango dataset. The use of 

augmentation is evaluated as well. The YOLOv8n model with augmentation performs the best with mAP@0.5 value 

of 0.959. The result for Faster R-CNN (VGG-16) model is obtained from [9]. Table 3 shows the performance of 

YOLOv8n on our locally prepared dataset that contains aerial imagery images. Similar observation is obtained where 

model trained with image augmentation on the training set leads to improved performance in terms of mAP@0.5. 

Figure 5 shows sample YOLOv8n detection result on the test set for ACFR mango dataset while Figure 6 same the 

model detection results on selected images for our local custom dataset. Even in a dark environment used in ACFR 

dataset, most of the mangoes are correctly detected. The best mAP performance is bolded in both Table 2 and 3. 

Table 2. Model Performance on ACFR Mango Dataset 

Model Augmentation mAP@0.5 

YOLOv8n Yes 0.959 

YOLOv8n No 0.899 

Faster R-CNN (ResNet-50) Yes 0.931  

Faster R-CNN (ResNet-50) No 0.654 

Faster R-CNN (VGG-16) [9] Yes 0.890 

 

Table 3. Models Performance on Local Mango Dataset.  

Model Augmentation mAP@0.5 

YOLOv8n Yes 0.756 

YOLOv8n No 0.685 

Faster R-CNN (ResNet-50) Yes 0.5624 

 

Based on the results tabulated in Table 2 and 3, the YOLOv8n model outperforms the Faster R-CNN model by a large 

margin. This is unsurprising, since YOLOv8 has been designed with many innovations in its architecture design, 

especially for detecting small objects. Unlike earlier YOLO versions, YOLOv8 effectively integrates feature maps 

from different scales. This allows fine-grained detail from high resolution maps and high-level context to be jointly 

used. The aggregated signal is then passed to the detection head to predict the accurate bounding box for the mango 

object. 

 

mailto:mAP@0.5
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Figure 5. Example of Mango Detections Using the YOLOv8 Model, with Correct     

        Detections (Green) and False Positives (Red) on the ACFR Dataset 

 

   

Figure 6. Example of Mango Detections Using the YOLOv8 Model on the Local 

Custom Dataset 

 

5. CONCLUSION  

This paper investigated the application of deep learning models, specifically Faster R-CNN and YOLO variants, for 

mango fruit detection in two diverse datasets. The first dataset is acquired by a ground moving vehicle and the second 

dataset from a low flying drone. On both datasets, the YOLOv8 model performs significantly better than the Faster 

R-CNN model that uses the Resnet-50 backbone. It is also shown that the use of simple image augmentation helps to 

improve detection accuracy for both the YOLO and Faster R-CNN model as well. Future research should focus on 

incorporating more advanced architecture, adding datasets to include more diverse conditions, and creating a dataset 

for mango ripeness detection. Deploying these models in real-world scenarios, such as integrating them with drones 

for automated mango detection and harvesting, would provide practical insights and applications. Speculatively, these 

advancements could lead to more comprehensive solutions for precision agriculture, improving crop monitoring and 

management. 
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