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Numerical Estimation of Mango (Mangifera indica L.) Yield in Côte d'Ivoire Using Integrated Image Analysis and Predictive Modeling

Abstracts
Aims : The present work aims to use a Faster R-CNN network combined with a predictive model to estimate the yield of the mango tree.
Place and Duration of Study : The experiment was conducted in the Poro region of northern Côte d'Ivoire on a mango production campaign. This tropical context, marked by high environmental variability, offers a relevant framework for testing the robustness of the system.
Methodology : This study uses an innovative mixed approach based on image analysis by a convolutional neural network (Faster R-CNN) and a predictive model to automate fruit detection and estimate mango yield. Digital images were captured on two opposite sides of each tree and then analyzed by the neural network. Three linear regression models were developed to correct for biases related to partial fruit visibility.
Results : The results showed an overall efficiency of the network with an F1-score of 0.88 and a detection accuracy of 91 %. The optimal regression model achieved a coefficient of determination (R²) of 0.96 and a normalized error (NRMSE) of 5.9 %. The combination of the network and the corrective model allowed a reliable estimate of the production per tree.
Conclusion : These results demonstrate the potential of artificial intelligence technologies to improve the monitoring of fruit crop yields, and highlight the value of digital solutions adapted to the West African context to strengthen agricultural decision-making and enhance local value chains.
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1. INTRODUCTION
Over the past decade, deep learning algorithms, particularly convolutional neural networks (CNNs), have established themselves in agricultural image analysis, enabling major advances in detection, fruit counting, and yield estimation. Compared to manual or traditional methods, which are often time-consuming, expensive and unreliable, these approaches offer fast, non-destructive and increasingly precise tools (Sa et al., 2016 ; Xiao et al., 2023 ; Arcila-Diaz et al., 2024).
Worldwide, several studies illustrate this effectiveness in various orchards. For example, Bargoti & Underwood (2017) applied the Faster R-CNN network to the detection of fruits (mangoes, almonds, apples), achieving an F1score greater than 0.90 and demonstrating the robustness of this method in the face of variable terrain conditions. Other works, such as those of Koirala et al. (2019), have developed the MangoYOLO approach, based on YOLOv3, obtaining an F1score of up to 0.96 and reliable yield estimates at the orchard scale through the integration of a contextual correction factor. At the same time, several recent studies have highlighted biases related to fruit occlusion, light variability or foliage density, and recommend the use of calibrated corrective models to improve the accuracy of estimates (Koirala et al., 2019 ; Sarron, 2019). The use of CNN for yield estimation has also been explored through segmentation architectures such as UNet, SegNet or DeepLab, which offer better performance for fruit localization in difficult lighting conditions or with strong overlap of visual elements (Xiao et al., 2023). However, most of these approaches have been tested in production contexts in Asia, Australia or South America, with little work in West African conditions.
In West Africa, and particularly in Côte d'Ivoire, the adoption of these technologies is still limited. The availability of reliable digital tools to estimate pre-harvest yield is almost non-existent, which represents a significant challenge in local production systems. However, this country, Africa's third largest exporter of fresh mangoes to Europe, produces about 180,000 tonnes of mangoes per year, but without precise methods for estimating yields at the orchard level (Mieu, 2017 ; Koffi, 2021). The development of tools adapted to the local context is therefore essential to optimize orchard management and supply chains. The present work aims to meet this need by using a Faster R-CNN network trained on RGB images of mango trees of the 'Kent' variety from the Korhogo-Côte d'Ivoire region, combined with a predictive model to estimate the yield of the mango tree. This approach combines the robustness of automatic detection based on deep learning with the simplicity of a calibrated corrective model, thus offering an efficient and operational method for yield estimation in Ivorian orchards.
2. MATERIALS AND METHODS
2.1. Study site and plant material
The study was carried out in the Poro region of northern Côte d'Ivoire, which is recognised as one of the country's main mango production areas. This region, characterized by a dry tropical climate favorable to the cultivation of exportable varieties, contributes strongly to national exports of mangoes to Europe. Twenty-one (21) commercial orchards have been selected for the experiment. A total of 230 trees of the 'Kent' variety, dominant in the Ivorian sector, were selected, with ten trees per orchard, with the exception of orchards V2 and V19 which had twenty trees each.
2.2. Image acquisition and processing 
Each mango tree was photographed on two opposite sides in order to cover the entire crown and minimize shadows. The shots were taken at the fruit maturity stage, one to two weeks before harvest, with a 24 MP RGB digital camera offering high resolution. The angle and distance of capture have been adjusted according to the size of each tree in order to obtain a complete view of the tree. A total of 460 standardized images were collected to ensure the homogeneity and reliability of the data for further analyses.
2.3. Fruit detection and neural network performance evaluation
The images were analyzed using a Faster R-CNN convolutional neural network, trained on a set of 426 annotated images with about 29,000 mango annotations. Each model detection was compared to expert annotations to identify True Positives (TPs), False Positives (FPs), and False Negatives (FNs). TPs correspond to mangoes correctly detected by the network. These metrics help assess the network's ability to detect fruit reliably while limiting errors. The F1-score, in particular, incorporates the impact of FP and FN into the overall assessment of the model. This rigorous approach, based on previous work (Qureshi et al., 2017 ; Borianne et al., 2019 ; Sarron et al., 2020), ensures robust performance measurement in a real-world context. From the TP, FP and FN values, three statistical indicators were calculated: 



TP: True Positive; FP: False Positive; FN: False negative
2.4. Development of corrective models
As the number of fruits detected by the neural network may be lower than the actual number present on the tree, corrective models have been developed to adjust the estimates (Qureshi et al., 2017 ; Linker, 2017). These models are based on a visual count carried out on 230 trees, carried out by three experts. The data were divided into two batches: 184 trees (80%) for calibration and 46 trees (20 %) for model validation. Three linear regression models were constructed: 
- Model 1: takes into account all the raw values of the trees; 
- Model 2: excludes 4 outlier trees;
- Model 3: Excludes the same 4 outlier trees and forces the intercept to zero to avoid negative estimates. 
These models were evaluated using the coefficient of determination (R²) to measure their fit quality, as well as the mean square error (RMSE) and the relative mean square error (NRMSE %) to estimate the accuracy of the predictions during the validation phase.
2.5. Data analysis
An analysis of variance at a 5% level was performed on all performance data. In the presence of significant differences, the Tukey test was used for the separation of means. The analyses were carried out using the R software, version 4.2.
3. RESULTS
3.1. Performance of the Faster R-CNN network
The performance of the Faster R-CNN network is shown in Figures 1 and 2. Analysis of the results shows that the network detected 25,006 true positives, 2,095 false positives, and 3,755 false negatives. Trained specifically on the images from this study, the Faster R-CNN achieved an average accuracy of 0.91 ± 0.14, an average recall of 0.85 ± 0.16, and an average F1 score of 0.88 ± 0.09. Inter-orchard variations were observed in F1 scores (Figure 2). Orchard V5 had the lowest average F1 score (0.80), while orchard V14 had the highest score (0.92). However, statistical analysis using the Tukey test indicates that these differences are not statistically significant (P = 0.07), suggesting an overall homogeneity of network performance across the different orchards.
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Figure 1. Some network detection errors on mango images
The red boxes are the mangoes annotated by the expert and the blue boxes are the automatic detections of the network. A) a leaf has been mistaken for a mango by the network (FP in blue); B) a mango has been detected by the network even though it has not been annotated by the expert (FP in blue); C) a mango annotated by the expert was not detected by the network (FN in red).
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Figure 2. F1-score of the Faster R-CNN obtained for the 21 orchards 
3.2. Remedial models for estimating tree yield
The results presented in Table I show that the automatic count carried out using the Faster R-CNN network (42,004 ± 152.28 fruits detected) is significantly lower (P = 0.01) than the visual count carried out by the experts on the 230 trees studied (42,346 ± 162.14 fruits counted). Furthermore, the results showed that linear regression between the Faster R-CNN automatic count and the visual count recorded a coefficient of determination (R2) of 0.88 and a normalized square error (NRMSE) of 7.6 % in Model 1. For Model 2, an R2 of 0.91 and an NRMSE of 6.1 % were observed. Model 3, which had the best coefficient of determination and the lowest normalized mean squared error, was selected as the predictive model (Figure 3). The equation for this model is as follows:
Pi = 1.51 × Ni
Pi is the estimated fruit production of the tree i and Ni is the total number of fruits detected on the tree.
Table I. Comparison of the corrective models developed to estimate the number of fruits 
	
	Model 1
	Model 2
	Model 3

	Description
	Model with all tree values
	Outlier-free model
	Outlier-free model and intercept at 0

	R²
	0.88
	0.91
	0.96

	NRMSE validation 
	7.6 %
	6.1 %
	5.9 %
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Figure 3. Linear regression between Faster R-CNN visual and automatic counts

3.3. Tree yield in number of fruits
The yield of the trees in number of fruits was estimated using the Faster R-CNN and the developed predictive model. The distribution of the yield of the 230 trees monitored is shown in Figure 4. The results reveal a production of between 0 and 960 fruits, with an average of 275 fruits and a standard deviation of 233.34. In total, the trees studied produced 63.427 fruits, and statistical analysis confirmed the existence of significant differences between production levels (P = 0.01). Analysis of the distribution of yields by production classes shows that 48 % of the trees produced less than 200 fruits, reflecting the predominance of low-yielding trees, particularly in the [0-50 fruits] class, which includes the largest number of individuals. A remarkable peak in production was observed in the [750-800 fruit] class, revealing the presence of exceptionally well-performing trees. Production classes above [900 fruits] were poorly represented, indicating that very few trees achieved this level of yield. This asymmetrical distribution reflects the coexistence, in the orchards studied, of very low productivity and exceptionally productive trees.
[image: ]
Figure 4. Distribution of the production of the 230 trees








4. DISCUSSION
4.1. Mango detection by artificial intelligence : performance, limitations and prospects 
The estimation of mango tree yield at the tree scale was performed using convolutional neural network-assisted image analysis, coupled with a predictive model. This approach, although innovative in Côte d'Ivoire, has already been used for several years in various countries for the automated detection of fruits such as apples, almonds or mangoes (Linker et al., 2012 ; Bargoti & Underwood, 2017 ; Qureshi et al., 2017). As part of this study, the Faster R-CNN network was trained specifically on images of mango trees of the 'Kent' variety. It achieved a high overall efficacy, with an F1 score of 0.88, and detected 91 % of the mangoes present in the images. These performances are comparable to those reported in recent literature. As an example, Bargoti & Underwood (2017) also used the Faster R-CNN to detect more than 90 % of mangoes in images of Australian orchards. In addition, Borianne et al. (2019) obtained, with the same Faster R-CNN network, an overall efficiency of 90 % (F1-score) for fruit detection, thus confirming the robustness of this model in various contexts. All the studies cited converge on the same conclusion : deep neural networks offer superior accuracy and detection capacity for the identification of mangoes in the crown, compared to conventional methods. For comparison, Qureshi et al. (2017) and Sarron et al. (2020) used the k-nearest neighbours (KNN) algorithm for the detection of mangoes on monoculture 'Kent' trees. The performance achieved with this approach was significantly lower, with F1-scores of 0.68 and 0.73 respectively. These results highlight the limitations of traditional methods in dealing with the complexity of tree-based environments, and reinforce the growing interest in deep learning models in precision agricultural research.
Although deep neural networks, such as Faster R-CNN, offer considerable potential for automated fruit production estimation, their use has some methodological limitations, as highlighted by Sarron et al. (2020). The first constraint is the need for a large volume of training data, based on manual annotations. These annotations, usually in the form of bounding boxes, must be made by experts who can accurately identify each fruit in the images. This process is time-consuming and requires fine visual expertise, especially in complex tree-lined environments. The second constraint concerns the very definition of the object to be annotated, in this case, the mango, which can vary from one annotator to another. Some mangoes, partially obstructed by foliage or poorly lit, may not be spotted by all annotators. Conversely, non-fruit-bearing objects (leaves, shadows, reflections) can be mistakenly equated with mangoes. These constraints could explain the reduced performance of the network in some orchards. In particular, insufficient image resolution tends to increase the number of false positives, in particular due to the visual resemblance between the fruits and some curved leaves (Koirala et al., 2019). Similarly, purplish or reddish leaves may be misinterpreted as mangoes by the network (Qureshi et al., 2017), due to their chromatic and morphological proximity to the fruits. All of these factors contribute to a significant increase in false positives and false negatives, which alters the overall reliability of the model in detecting fruit in some images. These limitations underscore the importance of standardizing annotation protocols and developing annotation-assisting tools to reduce human bias and improve the reliability of detection models.
4.2. Predictive model for mango yield estimation
The manual counting carried out by three experts on 230 trees was compared to the automatic counting carried out by the Faster R-CNN network, which is known for its performance in object detection. The results revealed a significant difference between the two methods. Linear regression between counts showed a coefficient of determination (R²) of 0.96 and a normalized root mean square error (RCMS) of 5.9 %, indicating a strong correlation and high accuracy of the chosen predictive model. These performances are comparable to those reported in the literature. For example, Koirala et al. (2019) obtained R² between 0.94 and 0.98 in mango monoculture using the same network. Similarly, Sarron (2019) observed similar results in the Niayes region of Senegal, with R² ranging from 0.92 to 0.95 and an NRMSE of 7 %. Thus, the corrective model developed in this study, combining the Faster R-CNN network and a predictive model, proved to be robust and reliable for estimating the number of fruits. It made it possible to accurately quantify the production of the 230 trees monitored in the Poro region, in northern Côte d'Ivoire, demonstrating the potential of artificial intelligence to improve agricultural practices in tropical contexts.
The neural network and predictive model developed in this study have a strong potential for implementation on smartphones, paving the way for common use by mango sector players to carry out automated fruit counts. Image analysis applied to counting can be exploited in multiple ways: At the orchard scale, it allows the number of fruits per block to be estimated, facilitating the logistical planning of harvesting operations (Kamilaris & Prenafeta-Boldú, 2018). At the tree level, it can guide agronomic management decisions such as pruning, fertilization or irrigation, depending on the production potential observed. It also offers the possibility of creating a historical register of production by tree, useful for interannual monitoring, varietal evaluation, or traceability in certification systems. This accessible and adaptable technology represents a strategic step forward for the modernization of agricultural practices in Côte d'Ivoire and the entire West African region.
5. [bookmark: _Toc68302413][bookmark: _Toc92225583]CONCLUSION 
This study evaluated the performance of the Faster R-CNN neural network for automated estimation of mango production at the individual level. This work evaluated the performance of the Faster R-CNN neural network for automated fruit detection, with a view to estimating mango production at the individual tree level. The network achieved an overall efficiency (F1-score) of 0.88 and a detection accuracy of 91 % of the mangoes visible in the images. By comparing the results of the network to those of a manual count carried out on 230 trees, a reliable predictive model was developed, with a coefficient of determination (R²) of 0.96 and an NRMSE of 5.9 %. The joint implementation of the network and the model resulted in a reliable estimate of mango production at the tree level. Eventually, this approach could be extended to other fruit crops, paving the way for more accessible and sustainable precision agriculture in tropical regions.
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