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In recent years, intelligent agriculture monitoring systems have attracted
considerable interest for yield estimation and fruit quality inspection. This
paper introduces FruitNet, a deep hybrid model integrating object detection,
classification, and regression for automated apple detection and yield
prediction. The architecture employs YOLOvV8 for real-time detection, a
convolutional neural network (CNN) for quality assessment across four
categories (excellent, good, average, and bad), and random forest regression
for estimating yield based on extracted features. To enhance classification
robustness, the CNN features are further refined using a support vector
machine (SVM) classifier, tuned via grid search for optimal performance.
The system is implemented using Python and Django, with a preprocessing
pipeline incorporating noise removal, data augmentation, and normalization.
The model is trained and evaluated on the MinneApple dataset containing
over 18,000 annotated images. Experimental results demonstrate high
generalization performance with over 98% training accuracy and 94-95%
validation accuracy across 15 epochs. Visual analytics including confusion
matrices and detection overlays confirm robust detection and classification.
The proposed FruitNet framework shows strong potential for deployment in
real-time precision agriculture, supporting mobile integration, orchard-level
insights, and scalable smart farming applications.
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1. INTRODUCTION

The increasing global demand for high quality fruits and improved crop vyields is driving the
adoption of artificial intelligence (Al) and computer vision tools in smart farming. Traditional fruit quality
and vyield estimation approaches are typically manual and time-consuming with high levels of human
subjectivity, which makes them infeasible and unreliable in large area orchards. To address these problems,
automated methods by means of deep learning and image processing are being developed to perform
accurate, efficient and non-destructive fruit monitoring.

Several studies have demonstrated that Al models have also been used in the assessment of fruit
quality and yield prediction. Aherwadi et al. [1] presented a deep learning model for predicting the fruit
maturity, quality and shelf life of a fruit which is important information for post-harvest planning. Similarly,
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Payne et al. [2] estimated mango crop yield through image analysis using segmentation algorithms,
demonstrating the prospect of visual predictions for yield forecasting. Dorj et al. [3] developed a citrus
orchard monitoring system to unite the fruit detection and counting in order to obtain reliable yield
estimation. In another study, Yasar and Akdemir [4] employed artificial neural networks (ANNSs) and image
processing methods in order to estimate yield from fruit trees, and emphasizing the relevance of both fruit
size and count in yield prediction.

However, most of the existing methods deal with isolated parts of the inspection process, such as
detection or the prediction, not to achieve a complete solution that includes detection, quality classification,
and productivity estimation, all together in a single, and automatic pipeline.

To address this gap, we present FruitNet, a novel deep learning approach that combines three main
components: fruit detection with YOLOVS, fruit quality classification using a convolutional neural network
(CNN), and yield estimation with random forest regression. The system is developed in a Python+Django
multi-view transformer (MVT) web architecture and tested with the MinneApple dataset which contains over
18000 high-res orchard images. Noise removal, data augmentation and normalization are the preprocessing
techniques used to improve generalization. Experimental results showed that the model could achieve over
98% training accuracy and 94-95% validation accuracy, which suggests that the proposed model is an
efficient and scalable solution for smart farming applications.

The main contributions of this paper are:

— This work develops a deep hybrid framework integrating detection, classification, and regression for fruit
yield in orchard environments.

— This work employs YOLOV8 for real-time and high-accuracy apple detection in diverse and complex
environmental conditions.

— This work develops a CNN-based classifier for apple quality into three categories good, average, and bad
with over 94% validation accuracy.

— This work applies random forest regression to predict fruit yield using quality-wise apple count and size
metrics.

— This work demonstrates the model effectiveness through efficacy over 98% training accuracy and steady
state validation performance over 15 epochs.

The rest of the paper is structured as follows: section 2 reviews the existing literature on fruit
detection, classification, yield prediction. Section 3 presents the dataset employed, the preprocessing and
FruitNet architecture. The experimental setup, results, and evaluation performance are described in section 4.
Section 5 presents the conclusion and suggestions for future work.

2. LITERATURE REVIEW

In recent years, due to the developments in computer vision and deep learning, automation of
detecting quality of fruit as well as predicting yield of fruit are improved in precision agriculture. Defect
detection and fruit quality classification so far have been studied by the researchers using generic image
analysis methods, CNN architectures and transfer learning approaches to estimate yield from orchard images.
The existing studies are critically reviewed in this section to provide an insight into the methods, data,
findings, merits, and limitations.

In this paper, a multivariate image analysis (MIA) technique to detect skin defects of citrus fruit is
presented. The color and texture characteristics from high spatial resolution images have been used and a
partial least squares discriminant analysis (PLS-DA) approach is implemented to classify the regions. In this
paper, author shows that the methodology provides over 90% accuracy in separating the defective areas from
the healthy skin. The value of spectral imaging and MIA in automating the visual inspection task in post-
harvest processing is highlighted in the present work. But it is only applicable to surface-level defects and
needs controlled imaging environments, restricting its use in field environments [5]. In this work, author
proposes Fruit-CNN, which is an effective CNN to apply to fruit classification and quality grading. The
architecture is comprised of small layers tailored for real-time operations in agriculture in a low-computation
setting. The model was trained with fruit of varying sizes and types; the model has an accuracy with a
threshold of 96%. It also supports multi-category fruit recognition. Although they developed a fast and
accurate system, it does not consider occlusions and varying lighting issues in an orchard environment [6].
This paper proposes a deep learning model to recognize fruit qualities based on CNNs. It is a model trained
to classify fruits into high or low quality classes according to their surface characteristic. It exploits a custom-
labeled training dataset of laboratory conditions and reaches an accuracy above 90%. The work points into
the potential to reduce human errors by the use of CNNs in automating sorting systems, however it has not
been evaluated under on field orchard lighting and background, which might cause non-scalability [7]. This
work investigate deep CNN architectures, such as AlexNet and VGG, for rotten fruit detection. The model
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classifies between fresh and rotten fruits well by considering color, texture, and shape features. Decayed
samples are labeled in the dataset and the obtained classification accuracy is around 93%. The work
highlights the significance of deep learning in reducing post-harvest loss, however, it does not cover
perishable intermediate spoilage stages or difficult backgrounds [8].

In this work, transfer learning with the ResNet50 and VGG16 are used for papaya maturity stage
classification. Results show the suggested model achieves a classification accuracy of 98.4% over a set of
papaya images collected from various times of ripening. The method is precise and can be used for other
fruits showing visible changes in maturity. However, the analysis is only for papayas and does not include
yield estimation or field variability [9]. This paper reports a machine vision-based methodology for mango
yield estimation on tree canopies, which utilizes image processing methods such as color thresholding and
morphological operations. Utilizing field images taken under natural light, the system conducts counting with
less than 10% error. It resorts to cheap non-invasive yield estimation, but encounters the problem of fruit
occlusion as well as variable lighting conditions in orchard environments [10]. This research models the
growth of apple fruits using time-series image analysis. It applies segmentation and thresholding techniques
to estimate the size of apples across different developmental stages. The study demonstrates that visual
tracking can effectively model fruit growth trends, which correlate with final yield. However, the method
relies on basic image processing and lacks robustness under complex environmental conditions [11]. This
paper proposes a simple yet effective image-based method for detecting and counting citrus fruits on trees to
estimate yield. It employs color segmentation and shape analysis to locate fruits in orchard images. With over
90% accuracy, the method proves suitable for basic yield estimation. The approach is computationally light,
but its sensitivity to occlusion and lighting variations limits its applicability in dense or shaded canopies [12].
This work introduces a multi-camera fruit localization system utilizing particle filters for 3D positioning and
counting of fruits. By integrating visual data from multiple views, the model reduces duplicate counting and
improves localization accuracy in dense fruit environments. The study showcases high performance in
complex orchards, though it requires extensive hardware and computational resources, making it less
accessible for small-scale farms [13].

In this work, a hybrid model through the CNN with transfer learning (ResNet50) is proposed to
detect the status of freshness of canned apple fruits. The model was trained on a known labeled loss of fruit
with visual spoilage, discoloration and fungal growth, and achieved a 96% classification accuracy. The
developed system was sufficient in discriminating the slight quality difference of packaged apples.
Nevertheless, the generalization of such a model to different real-world situations considering lighting
conditions and packaging materials was not completely evaluated, which restricts its usage in industrial
settings [14]. In this paper, author propose O2RNet, a new occluder-occludee relational network that is
developed to enhance the performance of detecting apples in closely-planted orchards. The previously
proposed model implicitly models the relationships among apples that are partially visible, making it difficult
for occlusion handling. Tested on orchard datasets with dense apples, the model reached a precision of about
94% and an F1-score of 0.88, which was better than YOLOV5 and Faster Region-based convolutional neural
network (R-CNN). Although the accuracy of detection was impressive, this method suffers from the high
computational cost, making it less practical to be used for real-time field applications [15].

In this paper, authors introduce a hybrid method for immature green apple detection and sizing,
including a combination of YOLOVS8 and fitting of geometrical shapes on RGB-D information. The aim is to
predict apple size early in the growing season for more precise yield prediction. The system demonstrates
good performances of R*=0.90 and RMSE~2.35 mm with the advantage of being applicable in natural
lighting and under canopy occlusion conditions. This model, while accurate, still requires extension to
different apple varieties and early stages of development that can have a different appearance [16]. The study
conducts extensive benchmarking of models ranging from YOLOv8 to YOLOv12 for detecting and counting
fruitlets within complex apple orchard environments. Based on a joint benchmark dataset and common
evaluation protocols, the study concluded that YOLOv11n provides the best balance between speed and
accuracy, with a mean average precision (MAP@O0. 5) with a relatively low latency of 0.93, and an inference
time of 2.4 ms per frame. YOLOv12 had a similar or worse accuracy while significantly slower. And our
benchmarking guides the practical decision for choosing the right YOLO model for real-time orchard
applications [17].

Recent advancements in fruit detection models have focused on improving speed, robustness under
occlusion, and detection accuracy. Among these, YOLOV5 offers a favorable balance between speed and
precision, making it suitable for real-time applications, though its performance under dense occlusions is
limited. YOLOVS8, an enhanced variant, achieves higher accuracy and improved feature aggregation, and is
optimized for mobile deployment with better generalization in cluttered orchard scenes. Meanwhile, Faster
R-CNN delivers strong accuracy for object detection but suffers from higher inference time, making it less
suitable for time-sensitive agricultural tasks. Notably, O2RNet introduces a relational attention mechanism to
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explicitly model occluder-occludee relationships, significantly improving detection in highly clustered fruit
environments, albeit with increased computational complexity. While external appearance aids in classifying
visible quality, internal quality detection remains a challenge. To address this, sensor fusion techniques such
as combining RGB imagery with hyperspectral imaging, thermal data, or near-infrared (NIR) sensors enable
the inference of internal ripeness, sugar content, and firmness. These multimodal systems improve reliability
but also raise costs and deployment challenges in open-field settings. FruitNet addresses existing gaps by
proposing a lightweight yet accurate hybrid architecture that combines YOLOVS8 for fast detection, CNN-
SVM for robust quality classification, and random forest regression for yield estimation, all trained on a
large-scale annotated dataset. Unlike many existing models, FruitNet balances detection accuracy and
deployment feasibility, making it suitable for real-world agricultural scenarios such as mobile platforms or
automated yield monitoring systems in commercial orchards.

In this paper, we propose a multimodal neural network approach to predict apple development based
on the progression of phenological stage, presence of leaf disease, soil condition, as well as environmental
factors, including temperature and humidity. Using a real orchard dataset, this model was able to obtain 92%
predictive accuracy within five different yield levels. A combination of various agronomical parameters
enhances the prediction accuracy of yield. However, the need for a large amount of accurate sensor data
makes large-scale deployments infeasible without sufficient field infrastructure [18]. This paper presents a
machine learning approach for multi-class apple quality grading based on visual cues as color, texture and
shape. The proposed system was tested with two classifiers, CNN and random forest, and the CNN classifier
yielded an average accuracy of around 97%. Apples were graded into several quality categories excellent,
good, average and poor. Though the model exhibits strength in visual evaluation, it is confined to
observational analyses and cannot evaluate internal quality and shelf-life parameters of the fruit [19].

Recent works have continued to enhance the capabilities of deep learning in fruit detection and
quality assessment. Yan et al. [20] proposed a fusion-based model integrating YOLOv11 and DeepSORT for
precise apple recognition and yield estimation in complex orchard conditions. Similarly, Gao et al. [21]
demonstrated the effectiveness of advanced CNN-based methods for apple defect detection and grading,
emphasizing quality classification efficiency under real-world agricultural setups. A feature fusion approach
for detecting green fruits like apples and persimmons was introduced by Jia et al. [22], addressing complex
backgrounds using a hybrid deep learning method. To further reduce computational burden while enhancing
accuracy, Liu et al. [23] employed a GAN-attention-based lightweight model for maturity and damage
assessment of apples, showing promise for mobile or embedded systems. Table 1 (in Appendix) [5]-[19]
shows the comparative analysis of fruit quality and yield detection studies.

3. METHOD
3.1. Dataset preparation

The proposed FruitNet system presented above has been trained and tested using the MinneApple
dataset [24]. The goal of this dataset is to push the state-of-the-art in fruit detection and counting for real
orchard scenarios. It provides a varied collection of high-resolution images acquired under natural conditions
in apple orchards, depicting light variations, distance from background clutter, occlusion, and increased
concentration of fruit. All images are annotated at the object level with polygon masks that precisely
circumscribe each instance, rendering the dataset valuable for training object detection and fruit segmentation
algorithms. Such detailed annotations allow for accurate apple localization, and also make models likely to
generalize to address the complexity in the agricultural aspect.

In addition to object instance labelling, the dataset provides patch volumes that facilitate density-
based fruit counting, especially in areas with extremely dense or occluded fruits. The dataset has total of over
18,000 images, divided into two groups: around 331 tree-level images, and over 17,000 crop-level images
from larger scenes in the orchards. For supervised learning tasks, the dataset is split as training
(12,066 images), validation (3,447 images), and test (1,726 images). The annotated dataset contains over
40,000 labeled object instances and is one of the largest datasets for fruit detection and yield estimation in
precision agriculture.

3.2. Proposed work

The FruitNet system developed in this work, as illustrated in Figure 1, is an automated apple fruit
detection, classification, and yield estimation framework based on a hybrid machine learning architecture.
This integrated pipeline is designed to optimize real-time analysis of orchard imagery by leveraging the
strengths of object detection, convolutional deep learning, and statistical regression.

The process begins with high-resolution orchard images, manually annotated with labels such as
fruit type, ripeness level, and surface quality (e.g., healthy, bruised, and diseased). These annotations support
supervised learning for both detection and classification tasks. Prior to model training, essential
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preprocessing steps are implemented to improve image quality and model robustness. These include noise
reduction via denoising filters to remove artifacts from environmental conditions (e.g., motion blur and low
light), image normalization by scaling pixel values to the [0,1] range, and data augmentation through
techniques like flipping, rotation, cropping, brightness modulation, and Gaussian noise injection. These steps
improve the model’s ability to generalize across variable orchard scenarios.

Dataset

Image Preprocessing

@ Image Augmentation Object Detection
—>
= - YOLO }’_’

Knowledge
Base

Output

A\ N

4 [ Regression

(Counting)

[ SouE
| !
\ v
\\\ /,/

Qutput Visualization

Figure 1. FruitNet architecture

The detection module utilizes YOLOVS, a real-time object detection model known for its speed and
precision. It detects apples in complex scenes handling occlusion and clutter by drawing bounding boxes with
high localization accuracy. Detected fruit regions are cropped and passed to the classification module.

For classification, a deep CNN is employed to assess attributes such as ripeness stage (unripe, ripe,
and overripe), size (small, medium, and large), and surface quality (healthy, damaged, and diseased). To
enhance discrimination, a hybrid CNN-SVM approach is adopted: the CNN extracts deep features (color
histograms, texture maps, and contours), which are then fed into a support vector machine (SVM) for final
multi-class classification. A radial basis function (RBF) kernel is used, and hyperparameters such as C and
gamma are optimized through grid search and cross-validation.

To validate the contribution of each module within the hybrid FruitNet architecture, an ablation
study was conducted. The Table 2 summarizes performance (accuracy, F1-score, and inference speed) across
different model configurations derived from the reviewed literature.

This comparison in Figure 2 illustrates how the full FruitNet stack maintains a strong balance
between accuracy, robustness to occlusion, and real-time applicability. Notably, YOLOV8 offers high-speed
detection; CNN+SVM improves visual discrimination; and RFR improves fruit count in clustered scenarios.
Our integrated model achieves competitive performance with fewer trade-offs.

Apple counting is performed using a dual-stage mechanism. First, YOLOv8’s bounding boxes are
used for direct object counts. In regions with overlapping fruits or dense clustering, a random forest
regression model is applied to estimate fruit density and improve count accuracy. This mitigates
undercounting in occluded or densely packed areas. The post-processing module applies non-maximum
suppression (NMS) to eliminate duplicate detections, ensuring that individual fruits are counted only once.
Furthermore, the system supports sensor data fusion, allowing the integration of environmental parameters
(e.g., temperature, humidity, and soil moisture) into the yield estimation process. This provides an end-to-
end, context-aware decision support system for precision agriculture.
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Table 2. Ablation study comparing YOLOv8, CNN, CNN+SVM, and YOLOv8+CNN+SVM+RFR models
based on reviewed literature

Results F1- Infe_:rence
Ref. Methodology Dataset used time Remarks
(accuracy/mAP) score
(ms/frame)
[17] YOLOv8 Complex orchard mAP@0.5=0.93 - 24 High speed and accuracy
for real-time
[15] O2RNet Dense orchard apples Precision=94% 0.88 ~8 Best occlusion handling
[9] CNN-+transfer ~ Papaya maturity Accuracy=98.4% - - High classification
learning accuracy
[14] CNN-+transfer ~ Canned apple freshness Accuracy=96% - - Accurate freshness
learning grading
[25] YOLOv3 Custom fig fruit detection mAP=81.40% 0.79 Not Precision slightly higher
dataset  (introduced by reported (81%); performs well but
authors, wild environment, lower recall vs YOLOv4
annotated bounding boxes)
[25] YOLOv4 Same custom fig fruit mAP=90.02% 0.84 Not Best overall
detection dataset reported performance; higher
recall (89%) and F1;
more robust detection in
complex scenes
[7] CNN+SVM Fruit quality grading Accuracy=97% - - Good visual quality
assessment
Proposed YOLOv8+ MinneApple Accuracy=95% 0.94 2.8 Balanced performance
approach  CNN+ (F1~0.94) and real-time deploy
SVM+RFR
100} 98.7% a7% Accyra;y / MAP (%)
94%
90%
80t
% 60t
£
7
;3 40}
20t
0 [17] YOLOVS [15] 02RNet [9] CNN+TL [14] CNN+TL [7] CNN

Figure 2. Visual comparison of model performance based on accuracy and inference time

4. RESULTS AND DISCUSSION
The proposed approach was implemented in Python 3.10 with the aid of the libraries Pandas,
TensorFlow, matplotlib, and Keras. Windows 11 operating system powered the system with configuration,
Intel(R) i7 @ 3.10 GHz, NVIDIA GeForce RTX 3050 GPU and 64 GB RAM.
To ensure optimal performance of the introduced FruitNet model, some carefully chosen training
parameters as well as efficient data preprocessing operations have been used to make the model more
generalizing and robust. The important hyperparameters used for the training of the model are summarized in

Table 3.

Table 3. Model training parameters

Training parameters Values/types
Image size 100*100*3
Number of epochs 15
Batch size 32
Optimizer learning rate Adam  0.0001

Loss function
Data augmentation

Categorical cross-entropy

1/255 normalization
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For apple detection with YOLOVS, three important preprocessing operations, noise removal, data
augmentation, and data normalization, were embedded at different levels of the pipeline to help with the
learning speed and detection performance of the model.

Noise removal was used initially to clean the raw images of environmental artifacts such as dust,
motion blur, or low light distortions. With this, the object detection model can be trained with clean, good
quality inputs that reduce the ambiguity of the feature. The data augmentation was performed during the
training process in order to artificially enlarge and increase the variation of the dataset. Augmentation was
based on random horizontal and vertical flips, small rotation £10°, contrast and brightness manipulation,
Gaussian blurring and addition of noise and geometric transformations for zoom, scale, and shift. The use of
cutout augmentation, which masks small rectangular regions in the image, helped the model become
invariant to partial occlusions. After augmentation, normalization was carried out by scaling pixel values to
the range [0, 1] s range by dividing each pixel by 255. This normalization accelerates the convergence and
the numerical stability during the training of the model. Together, these preprocessing techniques increased
model robustness across diverse orchard environments, lighting situations, and image resolutions.

The combined effect of these parameters and preprocessing operations enabled the YOLOvV8
detection model and the CNN-SVM classification module to achieve high accuracy and generalization
performance. The carefully tuned training setup not only minimized overfitting but also ensured the
scalability of the FruitNet framework to real-time applications in precision agriculture.

The confusion matrix, illustrated in Figure 3 that the CNN model performs very well in classifying
apple quality across the three categories: average, bad, and good. Out of 1652 average apples, 1591 were
correctly classified, with only minor confusion with the other two classes. Similarly, 819 out of 884 bad
apples and 860 out of 911 good apples were correctly identified. The overall accuracy stands at an impressive
95%, with precision and recall scores also high across all classes indicating a well-generalized model. Most
misclassifications occur between adjacent quality levels (e.g., average vs bad), which is expected due to the
subtle visual differences.

Confusion Matrix
1600

1400

L)
o
I 24 18
Q
>
m
1200
1000
- 78 759 a7
= - 800
-600
- 400
=
S - 10 21
= -200
I I
average bad good

Predicted

Figure 3. Confusion matrix

Shown in Figure 4 is the training and validation accuracy and loss; it is evident that the CNN model
is trained well across 15 epochs. The train accuracy increases steadily to well above 98% but the validation
set stabilizes after 10-12 epochs, which indicates good generalization with minimal overfitting. On the loss
side, training loss decreases consistently, although validation loss keeps fluctuating slightly, but remains
relatively low, suggesting the model is not severely overfitting nor underfitting. These trends indicate that our
proposed model has achieved a strong balance between learning and generalization, such that it can be
trusted to classify apple quality on new data.

The performance analysis of the proposed FruitNet model shows its potential for automatic apple
detection, quality categorization, and counting in real orchards. The combination of YOLOVS8 for object
detection and a hybrid CNN-SVM for classification has been successful. The introduction of state-of-the-art
preprocessing techniques, such as noise removal, extensive data augmentation and normalization, was
important to improve the ability of the model to generalize under different lighting, occlusion, and density in
the orchard images.
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Figure 4. Training and validation accuracy and loss

The confusion matrix shows that the CNN classifier has an excellent classification result of 95%.
Class-wise performance indicates that the model is very strong and there isn’t too much misclassification
between visually similar classes like “Average” and “Bad”. These results confirm the model's ability of
learning high-level features related to apple quality and can handle the subtle variations in color, texture, and
shape that characterize class boundaries. The few instances of confusion between neighboring classes are
acceptable in practical settings and reflect the inherent challenges in visual quality assessment.

The training history presented in Figure 4 further supports the model's reliability. The convergence
of the training vs validation accuracy over 94% and loss that continues to steadily decrease loss curves
highlights that the model has effectively learned from the data without overfitting. The slight variation of the
validation loss indicates the normal phenomenon of the generalization variance, especially on real data. In
particular, the gap between training and validation accuracy is minimal, which validates the design of the
architecture, training settings and preprocessing technique.

Altogether, these results demonstrate that the FruitNet framework is ready for real-time application
in precision agriculture. The modular architecture and high classification performance of the system make it a
promising solution for smart orchard farming, where the accurate control of the fruit quality and production
are key factors to optimize the harvesting decisions, reduce the amount of human labor in the picking
process, and enable the development of more efficient supply chain planning strategies. In addition, possible
extensions of the model with auxiliary environmental data e.g., weather or soil sensors, point to very
interesting ways to design more intelligent, data-driven agricultural systems.

5. CONCLUSION

In this work, we introduce FruitNet, a hybrid deep learning infrastructure for automatic apple
detection, classification, and yield estimation in orchard environments. By combining YOLOv8 for real-time
object detection with a CNN-SVM hybrid model for quality classification, both localization and classification
tasks are efficiently achieved with high precision. The use of advanced preprocessing techniques, including
denoising, normalization, and data augmentation, played a crucial role in improving model performance
under varying image conditions. The results, supported by the confusion matrix and training performance
analysis, demonstrate the system’s effectiveness, achieving accuracy over 95% and excellent generalization
on unseen data. The modular, Python—-Django integrated nature of the model brings flexibility and scalability
for practical precision agriculture applications. With the ability to not only detect and classify fruit but also to
predict yield solely from image-based inputs, FruitNet is a major step forward toward intelligent, autonomous
orchard monitoring, and decision-making systems. In addition, the system shows promising deployment
feasibility in terms of model size, inference speed, and hardware compatibility, making it adaptable for use in
edge devices or drone-based monitoring setups.

Nevertheless, some aspects are left for further work. The addition of multispectral or hyperspectral
imaging may enhance internal fruit quality estimation not discernible in RGB images. Integration of
environmental sensor data (e.g., temperature, humidity, and soil moisture) could reduce uncertainties in
ripeness and yield prediction. Future steps include extending the framework for multi-fruit classification,
incorporating interpretability modules such as attention maps, and conducting ablation studies to isolate the
contribution of each module (YOLOV8, CNN, SVM, and regression). Moreover, testing the system in real-
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world orchard deployments across seasons will provide insight into its long-term usability, reliability, and
potential for real-time, scalable smart farming.
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APPENDIX

Table 1. Comparative analysis of fruit quality and yield detection studies

Ref Methodology Dataset used Results Advantages Limitations

[5]  Multivariate image Custom citrus fruit Over 90% defect Accurate surface Requires controlled
analysis with PLS-DA images with manual classification defect detection in image conditions
for defect detection defect annotations accuracy post-harvest

[6] Lightweight CNN for Public fruit image ~96% classification  Efficient model for Limited robustness
fruit classification and dataset (multi-fruit) accuracy edge devices under orchard
quality grading variability

[7]  CNN-based model for Custom-labeled fruit >90% validation Effective binary Binary classification
binary fruit quality dataset (apples and accuracy classification of fruit  lacks fine granularity
recognition bananas) quality

[8] Deep CNN (AlexNet, Custom image dataset of ~ >93% accuracy in Useful for post- No classification of
VGGQG) for detecting fresh and rotten fruits detecting rot harvest decay decay stages or field
rotten fruits detection testing

[9]  Transfer learning Papaya maturity dataset 98.4% accuracy High accuracy with Restricted to papaya;
(VGG16, ResNet50) for  with annotated images with ResNet50 generalizability to no yield estimation
maturity classification other fruits

[10] Color segmentationand  Field images of mango <10% counting Low-cost and fast Struggles with
morphological ops for tree canopies error for mango yield occlusion and
mango counting estimation inconsistent lighting

[11] Image segmentation and  Time-series images of Effective growth Provides growth Basic image
Size estimation for apples under orchard modeling over time  trend insights processing; lacks
growth modeling conditions modern DL

techniques

[12]  Color and shape-based Field images of citrus >90% counting Lightweight and Sensitive to light and
detection for citrus fruit  fruits in natural settings accuracy suitable for field use  occlusion
counting

[13] Particle filter with Multi-angle orchard High localization Robust detection High setup cost and
multi-camera images from overlapping  accuracy with low with occlusion complexity
localization for fruit cameras duplication handling
counting

[14] Hybrid CNN with Labeled image dataset of ~ 96% accuracy in Accurate in Limited real-world
transfer learning canned apples (fresh vs spoilage/freshness detecting visual validation under
(ResNet50) for apple spoiled) classification freshness; varied
freshness detection transferable via lighting/packaging

ResNet

FruitNet: a deep hybrid model for fruit detection and yield estimation (Komal Baburao Bijwe)
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Table 1. Comparative analysis of fruit quality and yield detection studies (continued)

Ref Methodology Dataset used Results Advantages Limitations

[15] O2RNet for clustered Orchard datasets with 94% precision, F1- Robust in occluded High computational
apple detection densely clustered apples  score 0.88; better environments; demand affects real-

under occlusion than YOLOVS5 and improves clustered time use
Faster R-CNN detection

[16] YOLOv8+shape fitting RGB-D images of RA2=0.90, RMSE Effective early-size Needs adaptation for
on RGB-D data for immature apples in a%o" 2.35 mm in estimation under different apple types
immature apple sizing natural orchard size prediction foliage and natural and maturity stages

conditions light

[17] Benchmarking Standardized orchard YOLOv1ln: Comprehensive Heavier models less
YOLOvV8 to YOLOv12 fruitlet dataset for model ~mAP@0.5 ~0.93, evaluation supports practical for real-
for fruitlet detectionand ~ benchmarking 2.4 ms/frame; YOLO model time systems
counting YOLOvV12 more selection

accurate but slower

[18] Multimodal neural Sensor-integrated 92% accuracy Integrates diverse Requires sensor
network using orchard data (phenology,  across 5 yield features for more infrastructure and
phenology, disease, soil,  soil, disease, and classes reliable yield data synchronization
and weather data weather) forecasting

[19] Multi-class apple Image dataset of apple CNN achieved Supports multi- Only surface-level
quality classification varieties with surface ~97% accuracy in grade classification; assessment; no
using CNN and random  quality labels multi-class quality CNN outperformed internal quality
forest prediction baseline detection
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