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Abstract—Agricultural tasks have significantly improved as a
result of ongoing machine learning (ML) improvements. Deep
learning (DL), which has a significant capacity for extracting
high-dimensional features from fruit images, is widely applied to
the automated detection and harvesting of fruits. In the fields of
fruit recognition and automated harvesting, Convolutional Neural
Networks (CNNs) have demonstrated the ability to attain speed
and accuracy levels that rival human performance. This article
compares the performance of YOLOv8m with YOLO-NASI for
grapes detection. In this research, the YOLOv8 and YOLO-nas
object detection models, including their different scales, were
trained using a publicly available Embrapa WGISD dataset.
The dataset consists of 300 digital images of grapes growing in
vineyard settings, and it includes a total of 4,432 annotations.
The performance of the YOLOv8m and YOLO-NASI model
were evaluated using metrics such as recall, precision, and the
mean average precision (mAP@50). In the subset of test data,
YOLOV8m achieved the top overall performance, with a precision
(0.855), mAP@Q@50 (0.885), and recall (0.827), while best recall was
obtained from YOLO-NASI (0.934).

Index Terms—Object detection, Fruit detection, YOLOVS,
YOLO-NAS, Deep learning, Agriculture application

1. INTRODUCTION

The cultivation, observation, and harvest of crops have all
been revolutionised by agricultural automation, which has be-
come a crucial component of contemporary farming practises.
The precise and effective detection of fruits in orchards is an
important aspect component of agricultural automation. The
accurate location and identification of ripe fruits has enormous
potential for improving resource utilisation, lowering labour
costs, and raising yield quality overall. Traditional fruit identi-
fication techniques frequently involved manual labour, which
is time-consuming, laborious, and error-prone. The field of
fruit identification has seen a significant transformation with
the development of machine learning, computer vision, and
technological advances in sensors. Today’s automated tech-
nologies may offer in-the-moment, non-intrusive assessments
of fruit maturity and output, empowering farmers to make
wise choices and act quickly. Recently, there has been a lot
of interest in using robotics as well as artificial intelligence
(AI) approaches for automating agricultural activities (as seen
in Figure 1). The study of artificial neural networks (ANN)
led to the development of the deep learning (DL) idea [1].
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Many academics have studied fruit identification and recog-
nition using DL for autonomous harvesting since DL has
a significant ability for extracting highly complex features
from fruit photos. Convolutional neural networks (CNN) is
adept in effectively identifying patterns in a multidimensional
space, which is developed by [2], [3]. Numerous academics
have studied in-depth and extensively fruit identification and
recognition based on DL for autonomous harvesting due to
DL’s potent capacity to extract high-dimensional features from
fruit photos. [4] To find apparent flaws in sour lemons, an
upgraded CNN (15, 16, and 18 layers) has been proposed. The
upgraded CNN was found to outperform conventional methods
for extracting fruit features, such as the decision tree, local
binary pattern, support vector machine, k-nearest neighbour
and histogram of oriented gradient (HOG), by achieving a
100% accuracy. [5] A CNN-based fruit detecting system was
suggested by the author. To assess the proposed approach, the
Fruits-360 dataset was used. Training and testing accuracy
are, respectively, 99.79% and 100%. One of the most well-
known and powerful fruit detection algorithms is YOLO. It is
able to detect and categorise target fruits in a single image.
Different version of YOLO already introduced [6]-[16]. Due
to the benefits of YOLO-based systems for fruit detection and
classification are commonly used. [17] Developed a technique
based on YOLO-v2 to find and count the number of mangoes
in fruit images captured by a UAV. Model has been taken
processing time 80ms and got on average detected accuracy
96.1%. A mechanical harvesting technique columncomb has
been proposed for effective gathering of litchi fruits by [18]. To
boost fruit detection accuracy, author combines YOLOvV5 with
classical image processing technique [19]. In this work we are
comparing YOLOvVS medium and YOLO-NAS large models
on Embrapa WGISD grapes dataset, mean average precision
(mAP@50), precision and recall are the comparison metrices
used for analysing the performance of the models.

A. Related Work

Fruit harvesting is still primarily done manually, despite the
fact that agricultural machinery is frequently employed in or-
chards for ditching, fertilisation, pruning fruit trees, sprinkling
irrigation, and other chores. However, due to the progress in
computer technology and the swift evolution of autonomous
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Fig. 1. Robots used for harvesting (a and d) Robot that is used to harvest
apple [20], [21]; (b and c) Robot that is used to harvest strawberry [22], [23];
(e) Robot that is used to harvest kiwifruit [24]

control methods, particularly in the domains of robotics and
computer vision technology, research and innovations in the
field of fruit harvesting mechanisms have experienced rapid
growth and advancement. [25] Using Intel RealSense cameras,
MaskRCNN was utilised to identify the tomatoes from images
captured in a production greenhouse. [26] To distinguish the
apples into different classes, a multi-class fruit identification
method based on deep learning is developed. VGG16 was
used for this implementation. [27] YOLOv3-based approach
for detecting green mangoes. [28] A novel method for fruit
detection in environments that are natural is proposed. This
method can be used by robots that automatically harvest
fruit as well as systems for estimating yields and quality
control. [27] YOLOv3-based proposed light-weight detecting
technique for green mangoes. This Light-YOLOv3 model has
an F1 score that is 4.5% higher than YOLOv3 and an execution
speed that is five times faster, which is more than enough
to suit the real-time operation needs of choosing robots. [29]
Developed a YOLOv3-based technique for locating the litchi
fruits and it stems in a night environment. This technique
identified the fruit stems’ regions of interest (Rols) according
to the bounding boxes of the litchi fruits, and then segments
the fruit stems one by one using U-Net to get an impressive
recognition result. [30] To create the enhanced YOLOv3-
litchi model, the original YOLOv3 network’s output scale
was modified, and its depth was decreased. Compared to
YOLOV3, the enhanced YOLOv3-litchi model can identify
litchi at various growth stages more quickly and precisely. [31]
Provides a thorough analysis of fruit detection and recognition
using deep learning for autonomous harvesting.

B. YOLOvS8’s Network Architecture

The C3 module is swapped out with the C2f module
based on the CSP principle, and the backbone of YOLOvV8
is identical with YOLOVS. The C2f module merged C3 and
ELAN, building on the ELAN concept from YOLOV7, such
that YOLOVS8 could receive greater amounts of gradient flow
knowledge while still maintaining its lightweight nature. The
more popular SPPF module was kept utilised at the ending
of the backbone, and three Maxpools of capacity 5 x 5 were

passed serially before each layer was concatenated to ensure
accuracy of objects of varying scales while also maintaining
a low weight. The feature fusion approach still employed by
YOLOVS8 in the neck section is PAN-FPN, which improves
the fusion and usage of feature layer data at various scales.
The neck module was created by the authors of YOLOvVS8 by
combining the final decoupled head architecture, numerous
C2f modules, and two up-sampling. The final component of
the neck in YOLOvVS8 was constructed using the same concept
as the head in YOLOx. It increased accuracy by combining
confidence and regression boxes. All YOLO versions are
supported by YOLOv8, which may also switch between them
at will. Its broad hardware compatibility (CPU-GPU) further
increases its adaptability. Figure 2 depicts the YOLOVS net-
work architectural diagram.
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Fig. 2. Architecture for YOLO-v8 [10]

C. YOLO-NAS Network Architecture

YOLO-NAS [16] models’ architecture found utilising Deci’s
exclusive NAS technology, AutoNAC engine. This engine
was used to determine the ideal block types, block counts,
and channel counts for each stage as well as their sizes
and structures. The total number of architecture variants in
the NAS search space is 10%. The AutoNAC engine, which
is hardware and data conscious, analyses every element of
the inference stack, incorporating compilers and quantization,
and then focuses in on an area known as the “efficiency
frontier” to discover the most effective models. To ensure
that the model is compatible with Post-Training Quantization
(PTQ), Quantization-Aware RepVGG (QA-RepVGG) blocks
are introduced into the structure of the model during the NAS
process. Benefits from 8-bit quantization and reparameteri-
zation are achieved by using quantization-aware “QSP” and
”QCI” modules made up of QA-RepVGG blocks. This enables
PTQ with the least amount of accuracy loss. The researchers
additionally utilise a hybrid quantization technique that uses
selective quantization of particular layers to enhance accuracy
and latency tradeoffs while retaining overall performance.
To enhance their ability to recognise objects, YOLO-NAS
models additionally utilise methods of attention and time-
based inference reparametrization.

II. EXPERIMENTAL SETUP
A. Dataset used

In this experiment, YOLOv8m and YOLO-NASI models
were trained using a publicly available dataset known as the
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Fig. 3. Architecture for YOLO-NAS [16]

Embrapa WGISD [32]. This dataset was developed with the
aim of offering images and annotations for the exploration
of object detection and instance segmentation in the context
of image-based monitoring and field robotics applied to viti-
culture. This dataset encompasses instances from five distinct
grape varieties captured in real-field conditions, showcasing a
range of variations in grape orientation, lighting conditions,
and focus. Furthermore, it also encompasses genetic and phe-
nological diversity, encompassing differences in attributes such
as shape, color, and compactness among the grape instances.
This dataset comprises 300 images, and within these images,
there are a total of 4,432 grape clusters that have been marked
and delineated using bounding boxes. In this experiment, 70%,
15% and 15% images used for training, validation and testing
respectively.

B. Working principle of YOLOvS

A deep neural network architecture is used by YOLOVS,
a variation of the YOLO object detection framework, to
carry out effective and precise real-time object detection. By
using various-sized anchors during prediction, it can recognise
objects of varying sizes and aspect ratios thanks to the multi-
scale technique it uses. A backbone network that extracts
features from the given input image serves as the foundation
of YOLOV8’s design, which is followed by numerous detec-
tion heads to predict bounding boxes, object categories, and
confidentiality. Predictions of various scales are produced by
these detection heads. The depth and width of the network are
balanced between computational effectiveness and detection
efficiency. In addition, YOLOv8 makes use of anchor-based
identification, focal loss, and feature pyramid fusion. These
techniques work together to let the system manage a variety
of object scales and retain high detection accuracy, making it
appropriate for real-time object identification applications.

C. Working principle of YOLO-NAS

YOLO framework efficiency and neural architecture search
(NAS) methods are combined in YOLO-NAS, a novel devel-
opment in object identification. To automatically find the best
network designs for object detection, YOLO-NAS incorporates
a search algorithm into the YOLO architecture. The objective

of YOLO-NAS is to improve both precision and efficacy in
real-time detection of objects by iteratively optimising design
of architecture’s, combinations of layer, and extraction of
feature patterns. This method takes advantage of YOLO’s
single-pass object detection capabilities and NAS’s capacity to
independently modify neural networks to produce an effective
and efficient solution for precise and quick detection of objects
across a variety of application domains.

D. Methodology

In this section, we outline the precise methods for grapes
detection utilising the cutting-edge object detection mech-
anism YOLOv8m and YOLO-NASI. Our strategy seeks to
take advantage of YOLOvV8 and YOLO-NAS architecture’s
advantages for precise and effective grapes detection across
various agricultural settings. A number of crucial steps make
up the methodology:
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Fig. 4. Framework for conducting training and assessing the performance of
models in experiment.

Figure 4 shows the framework used to detect grapes using
YOLOvV8 and YOLO-NAS technology. In Data Preprocess-
ing, we start by accumulating a broad and representative
dataset of pictures of several grapes varieties in various growth
phases and lighting scenarios from the github repository of
Embrapa WGISD. In Data Annotation phase The bounding
boxes around the grapes are expertly annotated with careful
consideration. For Training we used YOLOv8m and YOLO-
NASI, which is well-known for its effectiveness and precision
in real-time object recognition. The architecture’s single-pass
detection technique and capacity to manage an extensive
amount of object classes fit the needs of object detection
effectively. The Embrapa WGISD dataset is used to train
the model. Optimised convergence is achieved by fine-tuning
training parameters like learning rate, batch size, and optimisa-
tion technique. In Model Evaluation On a different validation
dataset, the effectiveness of the trained model is assessed. The
model’s accuracy and capacity to identify fruits in various
settings are measured using metrics including mAP, precision,
and recall. In Inference, we analyse the performance of both
the detection models on the test dataset in order to assess
the efficacy of the YOLOv8m and YOLO-NASI based on the
grapes detection. This sheds light on the relative advantages
and disadvantages of these two techniques.
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E. Training

In order to train YOLOvV8m we installed the ultralytics
package. The Yolo Command Line Interface (CLI) is made
available via this. We don’t be required to clone the repository
separately or install the prerequisites, which is a major benefit.
In order to train YOLO-NASI we installed the super-gradients
package. Batch size is 8, image size 640 x 640 and 100 epochs
used to train the model in both the case. On a computer with a
32GB Nvidia Tesla V100-PCIE GPU and a intel Xeon 256GB
RAM processor, all the training experiments were conducted.
Training time taken by the YOLOv8m and YOLO-NASI is
18.7 minutes and 43 minutes respectively.

F. Performance Assessment

mAP at 0.50 confidence levels (map50), Precision and
Recall metrices used to evaluate the performance of the
YOLOv8m and YOLO-NASI models for grapes detection.
These metrics offer an unbiased way to quantify how accu-
rately and effectively the models can identify grapes.

Mean Average Precision (mAP) serves as a widely em-
ployed evaluation metric in the field of object detection. It
assesses the balance between precision and recall by com-
puting the average precision (AP) for individual classes and
subsequently determining the average of these values across
all classes [33]. The Average Precision (AP) assesses precision
at various recall levels by calculating the area under the
precision-recall curve. It is described mathematically as shown
in Equation 1, where precision(r) is the precision at a particular
recall level (r). Better object detection performance is indicated
by a greater mAP when recall and precision are taken into
account.

1
AP = / precision(r) dr @))
0
Multiple versions of mean average precision (mAP) are cus-
tomized to correspond with distinct IoU thresholds. To illus-
trate, mAP@0.5 computes the average precision specifically
at an IoU threshold of 0.5.

1 n
mAP(50) = — > AP 2)
k=1

Precision stands as a crucial metric utilized in object detection
tasks for assessing the model’s precision in generating positive
predictions. It quantifies the proportion of accurately identified
positive instances within the total instances that the model
predicted as positive. [33].
TP
Precision = ———— 3

TP+ FP ®)
Recall, which is also known as the true positive rate or
sensitivity, evaluates the proportion of actual positive instances
that the model accurately identifies. [33], [34].

TP

Recall = m (4)

1) Loss: Loss is a numerical representation of the dif-
ference between a model’s predicted outputs and the real
or anticipated values. A decrease in the loss value indicates
a higher level of agreement between predictions and actual
ground truth data, and the goal during training is to minimize
this loss in order to improve the model’s performance.

The loss functions that are used vary among various YOLO
versions. In YOLOv8m, cls loss, box loss and dfl are used.
YOLO-NASI utilizes cls loss, dfl loss and IoU loss. Below,
we give a brief explanation of each of these losses.

o Classification loss (cls): Classification loss [35] uses
categorical cross-entropy loss to quantify the discrepancy
between the expected probability for various classes and
the actual class labels.

o Box loss: The box loss [36] is used to measure how
much the predicted bounding box coordinates differ from
the actual coordinates of the ground truth boxes. This
function typically utilizes metrics such as mean squared
error (MSE) or smooth L1 loss to calculate this disparity.

o Distributional Focal Loss (dfl): The use of Distribu-
tional Focal Loss [37] is intended to tackle class imbal-
ance problems in object detection by assigning higher
significance to intricate instances that present a more
significant difficulty in achieving precise classification.

o Intersection over Union loss (IoU): The IoU loss [38]
assesses the alignment between predicted bounding boxes
and the real ground truth boxes by utilizing the IoU
metric, which quantifies the extent of overlap between
the predicted and ground truth bounding boxes.

III. RESULTS

The performance metrics displayed in Table I provides
insightful information about the differences in performance
and characteristics between YOLOv8m and YOLO-NASI,
where table indicated that the map@>50, precision and recall
of the YOLOV8m are 88%, 85% and 82% respectively. The
same metrices for the YOLO-NAS were 81%, 22% and 93%.
These metrices illustrating its general efficiency in detecting
and localizing objects. It’s important to note that YOLO-
NASI achieves impressive Recall scores, exceeding 0.93. This
indicates that the model excels in identifying the vast majority
of true positive grape instances. This attribute could be of
utmost importance in situations where the primary objective
is to maximize the detection of positive cases. However,
when it comes to Precision scores, a distinct trend emerges.
YOLO-NASI exhibits significantly lower Precision scores,
particularly when contrasted with its high Recall scores.
Poor precision scores imply that although the models are
effective at identifying positive cases, they also produce a
large number of false positives, means identifying non-grapes
events as grapes. These false warnings may result in resource
misallocation and an ineffective system. In conclusion, the
YOLO-NAS architecture’s strong recall may be advantageous
in circumstances when skipping a good instance can have
negative consequences, such as opponent ship identification.
Turning attention to the YOLOv8m model, there is a sub-
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TABLE I
EVALUATION METRICS ON TESTING PHASE TO ASSESS THE PERFORMANCE
OF BOTH YOLOV8M AND YOLO-NASL.

Model Precision | Recall | mAP@50
YOLOvV8m 0.855 0.827 0.885
YOLO-NASI | 0.220 0.934 0.812

stantial enhancement in precision and mAP@50 compared
to YOLO-NASI. Specifically, the precision reaches 0.855,
while the mAP@50 reaches 0.885. Figure 5 and 6 shows the
progress metrices of YOLOv8m and YOLO-NASI models for
100 epochs. During the early epochs, there is a significant
amount of variation observed in YOLOv8m model. mAP@50
in YOLOv8m model demonstrate good convergence rate. In
YOLO-NAS model a significant amount of variation observed
in precision. Metrices such as mAP@50 and recall demonstrate
a good convergence rate. The patterns we have observed under-
score the intricate dynamics of how the evaluated models reach
convergence and maintain stability. The YOLO-NASI model
exhibited slower convergence and a delay in achieving stability
in its precision metrics. To attain their best performance,
these models need hyperparameter tuning to ensure strong
convergence and increased stability.
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Fig. 5. The YOLOv8m model, trained on a publicly available grape dataset
for 100 epochs, achieved the following performance metrics: mean average
precision at 0.50 confidence levels (mAP50), precision and recall.

In terms of precision, YOLOv8m performs substantially bet-
ter than YOLO-NASI, obtaining an impressive 85% precision.
As a result, it can be concluded that YOLOv8m performs
better at reducing false positive detections and offering more
precise grape identifications.

With an impressive recall rate of 93%, YOLO-NASI sur-
passes YOLOv8m in terms of recall performance. Conse-
quently, YOLO-NASI excels at capturing a greater proportion
of actual grapes within the dataset, thereby enhancing its
ability for grape detection.

The YOLOvV8m model exhibits superior performance, par-
ticularly when it comes to mean average precision, achieving
an impressive 88%. This demonstrates that YOLOv8m excels
in tasks related to grape detection by effectively striking a
balance between precision and recall.

Regarding the analysis of losses, Figure 7 displays the mean
losses observed throughout the training and validation phases
for YOLOv8m and YOLO-NASI. In all three categories—box,
dfl, and cls—the YOLOv8m model shows greater validation-
phase losses than training-phase losses. This disparity indicates

P + YoLoNASI

- voLoNasi | 03

map@0.50
Recall

Fig. 6. The YOLO-NASI model, trained on a publicly available grape dataset
for 100 epochs, achieved the following performance metrics: mean average
precision at 0.50 confidence levels (mAP@0.50), precision and recall.
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Fig. 7. Training and validation losses of YOLOv8m and YOLO-NASI

a certain level of overfitting, wherein the models become
proficient at understanding the training data but encounter
difficulties when applying this knowledge to new, unfamiliar
data. The YOLO-NASI model demonstrates nearly identical
training and validation losses, which indicates less overfitting.
Figure 8 illustrates that both models accurately identify the
relevant instances of interest.

Fig. 8. Figure (a) and (b) depicts the inference test by YOLO-NASI and
YOLOVS respectively.

IV. CONCLUSION

In this paper, Comparison of the effectiveness of YOLOv8m
and YOLO-NASI in the task of grape detection has revealed
useful information. Due to its significant advantage in pre-
cision and mAP@0.50, YOLOv8m is a favorable option for
tasks that require a reduction in false positives and the main-
tenance of a high overall level of accuracy. On the other hand,
YOLO-NASI performs exceptionally well in recall, showing
that it can accurately identify the majority of the grapes in the
dataset. The decision between these models should be based on
the particular needs of the application, with YOLOv8m being
preferred for activities requiring high precision and YOLO-
NASI for applications prioritising comprehensive detection.
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Future investigations should prioritize the development of
hybrid models or fine-tuning methodologies that integrate the
most advantageous aspects of both YOLOv8 and YOLO-
NAS architectures, aiming to strike a harmonious equilib-
rium between recall and precision. This endeavor holds the
potential to enhance the overall efficacy of grape detection
systems across a wide array of practical scenarios, such as
precision agriculture and vineyard management. Additionally,
to push the boundaries of grape recognition technology, further
research can emphasize the optimization of these models
tailored to specific grape varieties and varying environmental
conditions.
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