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Abstract.  
Fruit weight is an important trait for yield prediction, grading, and postharvest decisions, but it is 
usually measured with destructive and labor-intensive methods. We propose a branched YOLOv8 
model that performs object detection and, through an additional head, regresses an informational 
vector (IV), defined as grape weight (grams) for real muscadine images and as rotation angle for 
a synthetic digit dataset. The regression head shares features with the YOLOv8 backbone and is 
trained with an extra mean squared error loss term, enabling multi-task learning while maintaining 
detection performance. On the synthetic digit benchmark, the model achieved 79.2% mAP50, 
19.4% mAP50-95, and an IV mean squared error of 0.416 deg², compared with an angle variance 
of 675 deg2. On the muscadine hyperspectral dataset, the final model reached 85.7% mAP50, 
80.5% mAP50-95, and an IV mean squared error of 1.67 g², compared with a weight variance of 
about 2.829 g². These results show that the IV branch can recover rotation angles in the synthetic 
benchmark and predict muscadine grape weights with useful accuracy, suggesting that non-
destructive image-based weight estimation is feasible. The model is designed to accept 
hyperspectral inputs through modified early layers, and its compact single-stage design makes it 
suitable for real-time edge deployment in precision agriculture applications. 
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Unified Detection and Weight Estimation of Small Fruits Using Multi-
Task Vision Models in Precision Agriculture 

1 Introduction 
Fruit weight is an important phenotypic trait for yield estimation, grading, and postharvest 
decision-making. However, it is still commonly measured using manual and often destructive 
procedures that are labor-intensive and difficult to scale. To address these limitations, non-
destructive sensing approaches based on computer vision and spectral imaging have received 
increasing attention for estimating fruit quality and phenotypic characteristics (Zhao et al., 2025; 
Sabouri et al., 2025). Recent studies have shown that fruit weight and other continuous quality 
attributes can be predicted from image-derived geometric features and spectral information. 
Machine learning and deep learning models have been successfully applied to estimate fruit 
weight from RGB imagery, while hyperspectral imaging (HSI) has been used to predict attributes 
such as firmness, soluble solids content, and maturity (Gidado et al., 2026; Lanke & Chandak, 
2025). Despite these advances, most existing approaches estimate traits separately from object 
detection, which results in fragmented processing pipelines.  
At the same time, YOLO-based object detectors have become widely adopted for fruit detection, 
counting, and yield estimation because of their high accuracy and real-time performance under 
field conditions (Badgujar et al., 2024; Vijayakumar & Vairavasundaram, 2024). However, these 
systems generally provide only object locations and class labels, with limited capability for 
estimating continuous phenotypic traits such as fruit weight. This limits their usefulness for 
detailed phenotyping and fruit grading applications. 
Multi-task learning offers a promising solution by allowing related tasks to share a common feature 
representation. Previous studies have demonstrated the effectiveness of joint detection and 
regression frameworks for agricultural applications, including fruit size estimation and quality 
assessment (Albaaji et al., 2025; Khan et al., 2025). Nevertheless, limited research has explored 
the integration of a modern one-stage detector such as YOLOv8 with an auxiliary regression 
branch for simultaneous fruit detection and per-object weight estimation, particularly within a 
lightweight architecture suitable for edge deployment and future hyperspectral integration. 
To address this gap, this study proposes a YOLOv8-based multi-task framework that combines 
object detection and continuous trait estimation through an auxiliary informational vector (IV) 
branch. The proposed architecture is evaluated using both a synthetic digit-rotation benchmark 
and a muscadine grape dataset, where the regression branch is used to predict rotation angle 
and grape weight, respectively. In addition, the framework is designed to support hyperspectral 
imagery through modifications to the early convolutional layers, enabling future integration of 
spectrally informative bands for enhanced quantitative trait estimation. 
The main contributions of this work are as follows: 

a) A YOLOv8-based multi-task framework is proposed that jointly performs object detection 
and scalar trait regression through an auxiliary informational vector branch. 

b) A synthetic digit-rotation benchmark is introduced to evaluate the regression capability of 
the proposed architecture in a controlled multi-object environment. 

c) The proposed framework is applied to non-destructive muscadine grape weight 
estimation, demonstrating simultaneous detection and quantitative trait prediction within a 
single model. 
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d) A hyperspectral extension of the framework is presented to support future integration of 
selected spectral bands within a unified lightweight detection and regression architecture. 

2 Related Work 
Deep object detection models have become a fundamental component of modern precision 
agriculture systems, particularly for fruit detection, counting, and yield estimation under 
challenging field conditions (Huang et al., 2023). YOLO-based architecture has been widely 
adopted because they provide high detection accuracy while maintaining real-time inference 
speeds. Improved variants of YOLOv4 and YOLOv5 have been successfully applied to citrus 
detection in orchard environments, demonstrating robust performance under varying illumination 
conditions, fruit occlusions, and complex backgrounds (Xu et al., 2023; Lawal et al., 2023). Similar 
approaches have also been developed for pear detection and multi-fruit counting applications, 
highlighting the suitability of YOLO architecture for deployment in automated harvesting and yield-
monitoring systems (Liu et al., 2026; Zhao et al., 2024). Beyond detection accuracy, recent 
studies have emphasized the importance of evaluating model robustness and deployment 
reliability in agricultural vision systems. Annotation-free robustness metrics have been proposed 
to assess counting consistency and model stability across varying imaging conditions, providing 
complementary measures of practical performance without requiring extensive manual 
annotations (Manjunatha et al., 2026).  Non-destructive estimation of fruit size and weight has 
been investigated using both traditional machine learning and deep learning approaches. 
Previous studies have used image-derived geometric features such as diameter, area, and 
perimeter to estimate fruit weight through regression models (Miranda et al., 2023). Deep-
learning-based systems have further combined object detection and segmentation with 
regression techniques to estimate fruit dimensions and weight from image data. These 
approaches have demonstrated promising accuracy across various fruit species, indicating that 
visual information can provide reliable indicators of physical fruit characteristics (Charisis & 
Argyropoulos, 2024; Yang et al., 2024). However, most studies perform detection and regression 
as separate processing stages, increasing system complexity and computational requirements. 
Hyperspectral imaging (HSI) has emerged as a powerful tool for non-destructive phenotyping 
because of its ability to capture detailed spectral information related to both external and internal 
fruit characteristics (Hong et al., 2026). Numerous studies have applied HSI and spectral 
regression techniques to predict quality attributes such as firmness, maturity, soluble solids 
content, and textural properties (Wu et al., 2026). Both traditional machine learning methods and 
deep learning architectures have demonstrated strong predictive performance using 
hyperspectral data, while band-selection strategies have shown that a limited number of 
informative wavelengths can often achieve performance comparable to full-spectrum models 
(Ahmad et al., 2025; Bai et al., 2025). These findings suggest that hyperspectral information can 
provide valuable complementary features for quantitative trait estimation. Recent advances have 
also explored multimodal agricultural AI frameworks that combine imaging, sensing, and 
intelligent analytics for large-scale phenotyping applications (Sundaravadivel et al., 2026), 
highlighting the broader trend toward extracting quantitative crop traits from image-based data. 
Multi-task learning has increasingly been adopted in computer vision to enable multiple related 
tasks to share a common feature representation within a single network. In agricultural 
applications, multi-task frameworks have been used to jointly perform fruit detection, 
segmentation, and size estimation. Ferrer-Ferrer et al. (2023) demonstrated that a single multitask 
deep neural network could jointly perform fruit detection and size estimation, illustrating the 
advantages of unified architectures that combine object detection with auxiliary prediction tasks 
to improve efficiency and reduce computational overhead. 
Although previous studies have demonstrated the effectiveness of object detection, fruit trait 
regression, hyperspectral analysis, and multi-task learning individually, limited research has 
integrated these capabilities into a single lightweight framework. Few studies have explored the 
use of a modern one-stage detector such as YOLOv8 for simultaneous object detection and per-
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object quantitative trait estimation. The framework proposed in this work addresses this gap by 
incorporating an auxiliary informational vector branch into YOLOv8, enabling joint detection and 
regression while supporting future integration of hyperspectral imagery. 

3. Materials and Methods 

3.1 Proposed Multi-Task YOLOv8 Architecture 

Figure 1: High level architecture of the YOLOv8 family of models with the backbone expanded. 

The proposed framework extends the YOLOv8 object detection architecture by adding an 
auxiliary regression branch that predicts a secondary output vector, referred to as the 
informational vector (IV). This design enables object detection and image-level regression within 
a single multi-task framework. While the detection branch performs localization and classification, 
the IV branch predicts continuous quantitative traits associated with the input image. The YOLOv8 
family was selected as the base architecture because it offers a good balance between detection 
accuracy and computational efficiency. As shown in Figure 1, the backbone network is 
responsible for feature extraction and serves as the attachment point for the proposed regression 
branch. The framework was implemented in PyTorch using modifications to the standard 
Ultralytics YOLOv8 architecture. The regression branch receives an intermediate three-
dimensional feature tensor from the last convolutional layer of the YOLOv8 backbone and 
processes it through a series of layers to produce the IV output. This allows the regression task 
to use the same learned feature representations as object detection while adding only limited 
computational overhead. 
To support hyperspectral imagery, the input layer of the YOLOv8 backbone was modified to 
accept an arbitrary number of channels. For the hyperspectral experiments, the original three-
channel RGB input was expanded to 300 spectral channels. The first convolutional layer was 
expanded from three input channels to 300 input channels, and the output channel dimension of 
the first convolutional layer was increased by a factor of ten to provide a smoother transition from 
high-dimensional spectral input to later feature extraction layers. The expanded layers were 
initialized using bilinear upscaling of the pretrained convolutional tensors to preserve information 
from the pretrained model. To incorporate the regression objective during training, an additional 
informational loss term was introduced. This loss was computed as the mean squared error 
between the predicted IV and the corresponding ground-truth values. The informational loss was 
scaled by a configurable weighting factor and added to the standard YOLOv8 detection loss 
components, allowing both detection and regression objectives to be optimized jointly during 
training. 

3.2 Datasets 
Two datasets were used to evaluate the proposed multi-task framework. The first dataset was a 
synthetic benchmark designed to assess the regression capability of the informational vector (IV) 
branch independently of the hyperspectral fruit data. The dataset consisted of three-channel 
images containing strings of two to ten digits rotated by random angles ranging from −45° to 45°. 
Ground-truth annotations included bounding boxes and class labels for each digit, along with the 
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global rotation angle applied to the image. During training, the object detection component was 
responsible for identifying digit locations and classes, while the IV branch was trained to predict 
the rotation angle. The second dataset consisted of hyperspectral images of muscadine grapes. 
The dataset contained 90 hyperspectral images, each comprising 300 spectral channels. Ground-
truth annotations included grape bounding boxes, variety class labels (bronze, purple, and dark 
purple), and grape weights measured in grams. In this experiment, the object detection 
component was tasked with localizing and classifying grapes, while the IV branch was trained to 
estimate grape weight. The dataset was divided into approximately 80% training data and 20% 
validation data. 

3.3 Training Procedure 
Training was performed using the Ultralytics framework with custom modifications to support both 
the informational vector (IV) branch and hyperspectral image inputs. The proposed architecture 
was evaluated using the synthetic digit dataset and the hyperspectral muscadine grape dataset. 
For the synthetic digit experiment, YOLOv8-large was used as the base architecture together with 
the regression branch. The model was trained using the hyperparameters summarized in Table 
1. During training, the detection component learned to identify digit classes and bounding boxes, 
while the IV branch learned to predict the global rotation angle of each image. 

Table 1: Key hyperparameters during training of the synthetic digit dataset model. 

Hyperparameter Value 
Initial Learning Rate (lr0) 7.14 × 10-4 
Final Learning Rate (lrf) 0.01 

Momentum 0.9 
Optimizer AdamW 
Batch Size 4 

Box Loss Weight 7.5 
Class Loss Weight 0.5 
DFL Loss Weight 1.5 

Informational Loss Weight 1.0 

 
Figure 2: Branch model architecture used for hyperspectral data. 

For the hyperspectral muscadine grape dataset, YOLOv8-nano was used as the base architecture 
together with the modified branch structure shown in Figure 2. Training was carried out in two 
stages. In the first stage, the model was trained for 300 epochs with the informational loss weight 
set to zero, so only the detection component was trained while the regression branch remained 
inactive. The hyperparameters used in this stage are summarized in Table 2. 
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The best-performing model from the first stage was then used to initialize a second 300-epoch 
training session. In this stage, the informational loss weight was set to 1.0, allowing joint 
optimization of detection and regression. The hyperparameters used for the final model are 
provided in Table 3. For the hyperspectral experiments, the default Ultralytics augmentation 
strategies were disabled. Instead, a custom augmentation pipeline was applied during data 
loading. The augmentations included image shifting, rotation, mirroring, brightness adjustment, 
and uniform noise. 

Table 2: Key hyperparameters during training of the intermediate (no info loss) model. 

Hyperparameter Value 
Initial Learning Rate (lr0) 3 × 10-6 
Final Learning Rate (lrf) 0.1 

Momentum 0.937 
Optimizer SGD 
Batch Size 2 

Box Loss Weight 1.0 
Class Loss Weight 200.0 
DFL Loss Weight 0.5 

Informational Loss Weight 0.0 

Table 3: Key hyperparameters during training of the final model. 

Hyperparameter Value 
Initial Learning Rate (lr0) 1 × 10-6 
Final Learning Rate (lrf) 0.1 

Momentum 0.937 
Optimizer AdamW 
Batch Size 2 

Box Loss Weight 2.0 
Class Loss Weight 100.0 
DFL Loss Weight 1.0 

Informational Loss Weight 1.0 

4. Results and Discussion 
The proposed multi-task framework was evaluated using both a synthetic digit-rotation dataset 
and a hyperspectral muscadine grape dataset. The synthetic dataset was used to assess the 
regression capability of the informational vector (IV) branch in a controlled environment, while the 
muscadine dataset was used to evaluate the framework on a real-world fruit phenotyping task 
involving simultaneous detection, classification, and weight estimation. 

4.1 Synthetic Digit-Rotation Experiment 
The synthetic digit dataset was used to evaluate whether the proposed architecture could perform 
image-level regression while simultaneously carrying out object detection. Using YOLOv8-large 
as the base architecture, the model was trained to detect individual digits and predict the global 
rotation angle of each image. The results are summarized in Table 4, and the corresponding 
precision-recall curve and confusion matrix are shown in Figure 3. The model achieved a mAP50 
of 79.2% and a mAP50-95 of 19.4%. Although the mAP50-95 value was relatively low, the 
confusion matrix showed a strong diagonal pattern, indicating that the model generally identified 
the correct digit classes. These results suggest that the lower mAP50-95 was mainly due to 
bounding-box localization rather than classification errors. For the regression task, the model 
achieved an informational mean squared error of 0.416 deg². This value is much lower than the 
variance of the rotation-angle distribution, which was 675 deg², showing that the regression 
branch was able to estimate the rotation angle accurately. Example predictions from the trained 
model are shown in Figure 4. 

Table 4: Results of the best trained model. 

mAP50 mAP50-95 Info MSE (deg2) 
79.2% 19.4% 0.416 
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                     (a) Precision-Recall Curve.                                                                       (b) Confusion Matrix 

Figure 3: Results of the digit identification model. 

 
Figure 4: Example predictions of the number identifier model. 

4.2 Hyperspectral Muscadine Grape Experiment 
The proposed framework was further evaluated using a hyperspectral muscadine grape dataset 
consisting of 90 images with variety labels and grape weights. To assess the effect of the 
regression branch, training was performed in two stages. The first stage optimized only the object 
detection task, while the second stage jointly optimized both detection and regression objectives. 
The results of the intermediate model trained without informational loss are presented in Table 5 
and Figure 5. This model achieved a mAP50 of 96.8% and a mAP50-95 of 96.3%, indicating 
strong detection and classification performance when the regression objective was excluded from 
training. 



Proceedings of the 17th International Conference on Precision Agriculture and 11th Brazilian Congress on 
Precision and Digital Agriculture: 13-15 July, 2026, Porto Alegre, Brazil 
  

8 

Table 5: Results of the best trained intermediate (no info loss) model. 

mAP50 mAP50-95 
96.8% 96.3% 

  
                  (a) Precision-Recall Curve.                                                                         (b) Confusion Matrix 

Figure 5: Results of the best trained intermediate (no info loss) model 

The performance of the final multi-task model is summarized in Table 6 and Figure 6. After 
enabling the informational loss, the model achieved a mAP50 of 85.7% and a mAP50-95 of 
80.5%. Although these values were lower than those of the intermediate model, the relatively 
small difference between mAP50 and mAP50-95 suggests that the predicted bounding boxes 
remained closely aligned with the ground-truth annotations. The confusion matrix indicates that 
the main source of error was class confusion between the purple and dark-purple grape varieties 
rather than inaccurate localization. 

Table 6: Results of the best trained final model. 

mAP50 mAP50-95 Info MSE (g2) 
85.7% 80.5% 1.67 

  
                   (a) Precision-Recall Curve.                                                                                 (b) Confusion Matrix. 

Figure 6: Results of the best trained final model 

For the regression task, the final model achieved an informational mean squared error of 1.67 g². 
The grape-weight variance in the dataset was approximately 2.829 g². Because the prediction 
error was lower than the observed variance, the model was able to learn meaningful relationships 
between hyperspectral image features and grape weight. Example predictions from the final 
model are shown in Figure 7. 
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Figure 7: Example predictions of the best trained final model. The bottom-right image is a dark-purple grape, so it is a 

misclassification by the model. All other grapes were correctly classified. 

The results show that the proposed architecture can perform object detection and quantitative 
trait estimation within a single framework. The synthetic experiment demonstrated the 
effectiveness of the IV branch for regression, while the muscadine grape experiment showed its 
usefulness for non-destructive fruit phenotyping. At the same time, the reduction in detection 
performance after adding the regression objective suggests a trade-off between detection and 
regression accuracy. Future work may benefit from exploring different loss weights, branch 
designs, and larger datasets, but the present results already show that the framework is practical 
for precision agriculture applications. 

5. Limitations and Future Work 
The proposed framework shows that a branched YOLOv8 model can support both object 
detection and quantitative trait regression in a single architecture. However, the results also show 
that adding the regression objective can reduce detection performance compared with a 
detection-only model. This suggests that the balance between the two tasks is important and may 
need further tuning. Another limitation is the use of relatively small datasets, especially for the 
muscadine grape experiment. With only 90 hyperspectral images, the model was evaluated on 
limited data, so the results should be interpreted with caution. The synthetic digit experiment is 
useful for testing the regression branch, but it does not fully reflect the complexity of real fruit 
phenotyping. The hyperspectral extension also requires modified input layers and custom 
handling of high-dimensional spectral data. While the model was adapted to accept 300-channel 
images, this setup may not generalize directly to other hyperspectral sensors or band 
configurations. In addition, the current experiments used a single fruit dataset, so broader 
validation across other fruit crops and imaging conditions is still needed. Future work should 
explore alternative loss weights, different branch designs, and other base architectures to improve 
the balance between detection and regression. Further testing with larger datasets and additional 
fruit species would also help assess the generality of the framework. Since the model is designed 
to remain lightweight, future studies may also examine its suitability for broader edge deployment 
and real-time field use. 
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6. Conclusion 
This study proposed a lightweight multi-task YOLOv8 framework that combines object detection 
with continuous trait regression through an auxiliary informational vector (IV) branch. The model 
was evaluated using both a synthetic digit-rotation benchmark and a hyperspectral muscadine 
grape dataset, demonstrating that a single architecture can support object detection and image-
level regression within a unified framework. The synthetic experiment demonstrated that the 
regression branch could accurately estimate rotation angle while maintaining digit detection 
performance. The muscadine experiment further showed that the framework could learn from 
hyperspectral imagery and predict grape weight in a non-destructive manner while simultaneously 
performing fruit detection and classification. These results demonstrate the feasibility of 
integrating quantitative trait estimation into a lightweight object detection framework for precision 
agriculture applications. The results also revealed a trade-off between detection and regression 
performance when the informational loss was incorporated into training, suggesting that further 
optimization of the multi-task learning process is needed. Future work will focus on improving the 
balance between detection and regression objectives, evaluating larger and more diverse 
datasets, and investigating the use of selected hyperspectral bands for enhanced trait estimation. 
With further refinement, the proposed framework may provide a useful foundation for field-
deployable systems that combine detection and quantitative phenotyping within a single model. 
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