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1  Introduction
India’s diverse ecology supports the production of 200.45  million metric tons of veg-
etables and 102.48 million metric tons of fruits annually, as per the 2020–21 National 
Horticulture Database report [1]. As seen in Fig. 1, according to a 2022 report by the 
Ministry of Food Processing Industries, India incurs post-harvest losses amounting to 
approximately ₹1,52,790 crore annually. A significant portion of these losses arises from 
perishable commodities, with the highest contributions from livestock products such as 
eggs, fish, and meat (22%), followed by fruits (19%) and vegetables (18%). In India alone, 
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Abstract
Accurate fruit ripeness detection is critical to reducing post-harvest losses and 
improving quality control in agricultural systems. This study benchmarks four object 
detection models—YOLOv5, YOLOv6, YOLOv7, and SSD-MobileNetv1—for multi-
class ripeness classification of strawberries and avocados across four stages: unripe, 
partially ripe, ripe, and rotten. The dataset, captured under natural conditions, 
has been manually annotated and published for public access. YOLOv6 achieved 
the highest mean Average Precision (99.5%) and demonstrated a strong balance 
between accuracy and real-time inference speed (85.2 FPS). All models were 
evaluated using standard classification metrics and cross-validated through a 5-fold 
approach to ensure robustness. The results indicate YOLOv6 as the most reliable 
model for smart fruit sorting and quality monitoring applications. This study offers 
a reproducible benchmarking pipeline and contributes toward the development of 
deployable deep learning solutions in precision agriculture.

Article highlights
1.Evaluated AI models to detect fruit ripeness stages using authentic images of 
strawberries and avocados.
2.YOLOv6 stood out for both accuracy and speed, making it ideal for fruit sorting and 
quality checks.
3.A labelled dataset was shared to support future research in smart farming and food 
waste reduction.
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fruit losses contribute to nearly ₹29,000 crore annually, with strawberries and avocados 
often discarded due to over-ripening or damage during transport and storage. These 
losses are largely attributed to inadequate harvesting and handling practices [2].

Automation and mechanisation are the solutions to these harvesting problems [3]. 
Although there have been developments in fruit-picking robots since the late 20th cen-
tury, the cost of producing such robots has been high, and many fruits remain unhan-
dled on trees [4]. Conventional approaches, such as penetrometers, refractometers, and 
titration for acidity, are destructive in nature and require significant manual effort and 
expertise. Moreover, manual colour grading is inconsistent and biased across opera-
tors and environmental conditions. These limitations emphasise the need for reliable, 
image-based classification methods supported by deep learning [5]. Artificial neural net-
works and deep learning techniques have gained prominence for object detection [5–7]. 
Unlike traditional methods relying on hand-crafted features, modern deep learning tools 
like Faster R-CNN, SSD, and YOLO can learn high-level, semantic features, addressing 
the limitations of earlier architectures [8]. Foundational object detection frameworks 
such as Faster R-CNN [9], SSD [10], and YOLO [11] have significantly influenced mod-
ern real-time detection systems. While Faster R-CNN provides high accuracy through 
a two-stage pipeline, SSD and YOLO [12] introduced single-shot detection strategies 
enabling faster inference. Numerous recent studies have demonstrated the utility of 
YOLO models in agriculture [13]. Paul et al. used YOLOv5 for growth stage detection 
in capsicum under field conditions [14, 15]. This study builds upon these core principles 
by evaluating recent advancements like YOLOv6 and SSD-MobileNetv1 for fine-grained 
fruit ripeness classification.

Researchers aim to design cost-effective, efficient robotic systems for fruit picking, 
focusing on detection, classification, and economic viability [16]. While most algorithms 
focus on single-fruit classification, developing multi-fruit recognition algorithms for 
diverse real-world scenarios is now a significant priority [17]. Jadhav et al. [18] reviewed 
fruit classification using computer vision, covering feature extraction methods like 
HOG, LBP, and SURF, and machine learning approaches such as SVM, KNN, ANN, and 
CNN [19]. They noted the growing use of deep learning but identified a gap in testing 
these models on local fruits. Hua et al. [20] assessed fruit-picking robots, noting that 
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Fig. 1  Postharvest loss distribution by commodity – India, 2022
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traditional methods relying on colour and other parameters often fail in complex sce-
narios. They discussed advanced models like ANNs, SVMs, and LS-SVMs, highlighting 
their practical limitations. Ya Xiong et al. [21] developed a dual-arm robot for straw-
berry picking with a novel obstacle separation algorithm, achieving 75–100% success but 
facing issues in cluttered environments.

Despite the growing adoption of deep learning models in agricultural applications [22], 
there is a lack of comprehensive benchmarking studies that compare multiple object 
detection models specifically for multi-class fruit ripeness classification. Most existing 
works focus on binary ripeness detection or isolated model evaluation under controlled 
settings. There is limited benchmarking across multiple state-of-the-art object detection 
models for fine-grained, multi-class ripeness detection using real-world images. More-
over, few studies report model generalizability across different fruit types with diverse 
ripening behaviours.

Considering the significant food wastage due to poor harvesting methods, this 
research aims to develop AI-based techniques for smart harvesting. Strawberries 
(Fragaria × ananassa) and avocados (Persea Americana Mill) are two of the most expen-
sive fruits in India, and their wastage can cause huge economic losses to farmers [23]. 
This study evaluates the performance of four state-of-the-art object detection models—
YOLOv5, YOLOv6, YOLOv7, and SSD-MobileNetv1—on a real-world image dataset of 
strawberries and avocados annotated into four ripeness stages. Strawberries and avoca-
dos were chosen as they are widely consumed, visually distinctive in different ripeness 
stages, and represent two different ripening behaviours. Their clear colour and texture 
changes make them suitable for testing image-based ripeness detection methods. The 
novelty of this work lies in its systematic comparison of detection accuracy, classifica-
tion performance, and inference efficiency across models. The primary contribution is 
a detailed empirical analysis that helps identify the most suitable model for practical 
deployment in fruit quality monitoring systems.

As per our study, research gaps include limited multi-class fruit recognition and data-
set limitations, causing reduced performance of models in real-time environments. 
Hence, the major contributions of this paper are as follows:

 	• A comparative evaluation of four object detection models (YOLOv5, YOLOv6, 
YOLOv7, SSD-MobileNetv1) for multi-class fruit ripeness classification.

 	• Use of a publicly available, real-world dataset containing annotated images of 
strawberries and avocados across four ripeness stages.

 	• Analysis of model performance using standard evaluation metrics, including mAP, 
precision, recall, and F1-score.

 	• Benchmarking model robustness under varied lighting and occlusion conditions to 
simulate real harvesting scenarios.

2  Methodology
This section details the dataset description, methodology, and algorithms used in this 
study. Several state-of-the-art object detection algorithms were studied and explored in 
this research. Figure  2 presents the proposed framework for multi-class fruit ripeness 
detection using deep learning-based object detection models. The pipeline is organized 
into three stages: dataset creation, model development, and evaluation & deployment. 
Each stage comprises four key steps, beginning with the collection and annotation of 
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real-world fruit images and progressing through model training, evaluation, and final 
detection output. This structured workflow enables consistent benchmarking of multiple 
models (YOLOv5, YOLOv6, YOLOv7, SSD-MobileNetv1) and facilitates the identifica-
tion of the most accurate and efficient approach for real-time fruit ripeness classification 
under natural conditions. The further subsections explain each of these stages in detail.

2.1  Dataset description

The dataset used in this study includes high-resolution images of strawberries and avo-
cados across four ripeness stages: unripe, partially ripe, ripe, and rotten as seen in Fig. 3. 
The images were captured in natural lighting under varied background conditions. Full 
details on the image acquisition setup, annotation protocol, and dataset statistics are 
available in our companion dataset publication [24]. 

2.2  Object detection models

YOLOv5, YOLOv6, and YOLOv7 were chosen for this study due to their maturity, 
proven stability, and extensive community use at the time of model selection. While 
newer versions such as YOLOv8 and YOLOv9 offer architectural improvements, 
they were not yet widely validated in agricultural applications. This study focuses on 
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Fig. 3  Sample images (a) Strawberries; and (b) Avocados

 

Fig. 2  Proposed framework of this study
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comparing reproducible, well-benchmarked versions to provide a fair evaluation of their 
performance in fruit ripeness detection.

2.2.1  YOLOv5 algorithm

YOLOv5 is a state-of-the-art single-stage object detection with three keycomponents, 
just like any other single-stage object detection model. The YOLOv5 model backbone 
is widely used to extract essential and the most valid features from a provided featured 
image. The backbone of YOLO v5 is CSP (Cross Stage Partial Networks) Darknet, which 
extracts the most valuable features from the image. During processing, CSPNet (Cross 
Stage Partial Network) has shown significant improvements in deep learning networks. 
After the model backbone, the Model Neck is used mainly to produce feature pyramids. 
These feature pyramids help the models to fit exactly when measuring an object. The 
same thing can be identified in various scales and sizes. Feature pyramids provided by 
the model neck come in handy and help different object detection models perform bet-
ter on invisible data. Apart from YOLO, other object detection models use different 
approaches for feature pyramid methods like BiFPN, FPN, etc. In the YOLOv5 PANet, 
a neck was used to install the model pyramids and understand the Feature Pyramid 
Network (FPN). The PANet (Path Aggregation Network) is a proposal-based instance 
segmentation framework that aims to improve information flow. Bottom-up path aug-
mentation reduces the distance between the lower layers and the topmost features. 
Adaptive feature pooling connects the feature grid and all feature levels, allowing use-
ful information to spread across all feature levels. Figure  4 shows the architecture of 
YOLOv5.

Activation functions such as sigmoid and Leaky ReLU are used in YOLO v5. Leaky 
ReLU is mainly used in the inner layers, and the sigmoid activation function is used in 
the last output detection layer. In the YOLO family, collective losses are calculated based 
on the outcome of the opposition, the scope of class opportunities, and the points of 

Fig. 4  YOLOv5 model architecture for fruit monitoring
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retreat from the bound box. Equations  (1) and (2) represent the loss functions for the 
regression bounding boxes for YOLOv5.
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λ coord

∑ s2

i=0

∑ B

j=0
1obj

ij [(
√

wi −
√
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2.2.2  YOLOv6 algorithm

The backbone of all the YOLO models remains the same. The difference lies in synthe-
sising the information the backbone gives to the neck. In Yolov6, the neck is redesigned 
as depicted in Fig. 5 and is known as EfficientRep Backbone and Rep-PAN (Reparam-
eterization Path Aggregation Network) Neck [25]. The backbone’s layers are connected 
via a Concat layer, which is useful in merging the previous information gathered by the 
model. In between the Concat layers, there are Upsamples and Conv blocks. After every 
Concat block, there is a RepBlock, hence the name Rep-PAN neck to the Yolov6 net-
work. The head in YOLO v6 also differs from other YOLO versions. There are 2 addi-
tional 3*3 Conv Layers than YOLOv5 in the head, increasing the accuracy but delaying 
the result. To counter this problem, the concept of the decoupling head is used, which 
has a Hybrid channel strategy that results in a 0.2% icrease in average precision and a 
6.8% increase in speed.

YOLOv6 uses Anchor free paradigm to increase the effectiveness of the model even 
more. Due to anchoring, the model needs to perform the clustering analysis before 
determining the best anchor set, but it must be done in the anchor-free paradigm. It 
uses its generalisation ability heavily and has a simpler decoding logic. Compared to the 
anchoring, the anchor-free model has a 51% increase in speed, although the results could 
have been more accurate as compared to other anchoring models. YOLOv6 uses the 
SimOTA algorithm, which dynamically allocates the positive samples during the train-
ing process in the network so that more of the high-quality positive samples are present, 
increasing the accuracy and optimising the network [26]. It increases the training time 
for the network, but the network becomes more accurate after implementing SimOTA. 
The detection accuracy increased by 1.3% aerage precision on the nano-sized model 

Fig. 5  YOLOv6 model architecture for fruit monitoring
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after implementing the algorithm. To increase further, the accuracy of YOLOv6, SIoU 
(SCYLLA- Intersection of Union) is used as a loss function to supervise the learning of 
the network. The important feature that SIoU takes into consideration when calculating 
the loss is the distance loss, which is achieved by introducing vector angles between the 
regressions to decrease the degree of freedom and boost up the network convergence 
process. Compared to other IoU loss for object detection, SIoU increases the accuracy 
by 0.3% Average Precision. The SIoU loss function is the sum of 4 loss functions: dis-
tance, shape, angle, and IoU cost [27].

The YOLOv6 network is built to be hardware friendly because it is constructed in Rep 
VGG style rather than YOLOv5, which is based on CSPNet, which increases the branch-
ing and residue. The loss functions are like other loss functions in YOLO the conditional 
loss function is determined in Eq. 3.

∑ S2

i=0

∑
c∈ classes

1obj
i (pi( c) − p̂i(c ))2 � (3)

The box confidence score with and without boxes are the other 2 loss functions for the 
image classification loss for the model as shown in Eqs. 4 and 5.
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2
� (4)

λ noobj

∑ S2

i=0

∑ B

j=0
1obj

ij (Ci − Ĉi)
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2.2.3  YOLOv7 algorithm

The Yolov7 uses Extended Efficient Layer Aggregation Networks [28] which uses cross 
Stage connection, Stack in Computational Block, and 3 types of Cardinalities (Expand, 
Shuffle and Merge) on different stages of architecture which is different from the basic 
ELAN (Extended-Efficient Layer Aggregation Network) which does not contain any 
types of cardinalities in its architecture. E-ELAN guides the different groups of com-
putational blocks than ELAN, so it learns more diverse features. It uses the concat-
enation-based model for scaled-up width and depth to merge the layers. It uses the 
concatenation of RepConvN and Conv layers, which can be interchanged with the pro-
vided model. RepConv combines 3*3 convolution, 1*1 convolution and one identity con-
nection layer. The identity connection layer and concatenation in DenseNet provide the 
diversity of gradients for different feature maps. The backbone of Yolov7, through which 
the images are featured, is made of 2 convolutional blocks. The first block consists of a 
3*3 Conv layer and a 1*1 Conv layer, the second block consists of a 1*1 Conv layer and 
an Upsample *2 layer. After the backbone, it is sent to the neck containing the feature 
pyramid network consisting of Feature Pyramids. Each Feature Pyramid has a head asso-
ciated with it. In the Feature Pyramid network (FPN), there is a network of Conv blocks 
and upsample blocks [29]. The Conv block has different input sizes for the images, it has 
a total of 3 sizes (512,512), (512,256), and (256,128) present in the network. In between 
the Conv blocks, there are upsample blocks present which in turn increases the sam-
pling rates. Each feature pyramid head also has 2 layers of convolution like the backbone 
block but has different input sizes compared to the Conv block and Upsample block. For 
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every head, the loss is calculated by cross-entropy, L1 loss, and Objectness loss. Figure 6 
shows the architecture of YOLOv7.

For Cross Entropy, an activation function of (sigmoid/softmax) is used to calculate the 
loss as below:

f(s)i = esi

∑ C
j esj

� (6)

Cross Entropy = -
∑

C
i ti log (f (s)i)� (7)

In Eqs. 6 and 7, Si is the predicted output probabilities and Ti is the target output. L1 
loss is the absolute difference between the predicted output and the target output. In 
this case, the predicted and Target are the probabilities in the range of 0–1. The object-
ness loss is calculated by 4 factors. The mean squared error of Center x, y, width, and 
height. The prediction is based on how well the model thinks that the bounding box is 
generated around the box. Only the best-fitted box around the object is to be displayed, 
hence the objectness loss is necessary.

2.2.4  SSD with MobileNetV1

MobileNetV1 is a mobile-friendly convolutional neural network design [30]. For con-
structing a lightweight model, the network uses separable convolution networks that do 
not change the depth, made up of depth wise and pointwise convolution layers, which 
reduces the model complexity shown in Fig.  7 and also introduced two new global 
hyperparameters, the width, and resolution multiplier, the width multiplier used to con-
trol the number of channels usually having a value ranging from 0 to 1 and the resolu-
tion multiplier used to control the input resolution having value range from 0 to 1. There 
are 28 layers in total, with 4.2 million hyperparameters that can be lowered depending 
on the need. The newly introduced layers consist of a 3 × 3 and 1 × 1 convolution layer, 2 
activation layers, and 2 batch normalization layers.

SSD, a feed-forward convolutional network, is combined with a base model like 
MobileNetV1 and learns to predict object locations using bounding boxes of differ-
ent aspect ratios and this results in fixed bounding boxes with object class scores. The 

Fig. 6  YOLOv7 model architecture for fruit monitoring
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output is forwarded to a non-maximum suppression layer to produce the final output. 
The entire image is divided into many segments in this network, with bounding boxes 
constructed for each section. The boxes are then checked for the classes for which the 
neural network was trained, and the predictions are compared to the ground truth val-
ues, and accordingly, the weights are updated. The MobileNetV1 model acts as a base 
model for the SSD network. The last fully connected layer, SoftMax, and max pool layer 
of the base model is removed, and the SSD convolution network is added. The model 
executed was cloned from a GitHub repository. The model was trained on 8400 + images, 
validated on 2800 + images, 10 epochs, batch size 32 and the optimizer used was sto-
chastic gradient descent with a learning rate of 0.01, the momentum of 0.9 and decay of 
0.0005. After 10 epochs, the validation loss was 4.0046. The model was then tested on 
2800 + test set images, which gave a mean average precision (mAP) of 71.71%.

2.3  Model training and evaluation

Each of the object detection models was trained with a supervised learning method on 
the labeled dataset. The training involved inputting labeled images into the models so 
that they could learn spatial and categorical information of the fruits. The models were 
trained through several epochs to maximize their capability to detect and classify fruits 
at various stages of ripeness.

The experiments were conducted on a standard workstation with a modern GPU and 
sufficient RAM to support deep learning workloads. All experiments were implemented 
in Python 3.10 using the PyTorch deep learning framework. Model training and infer-
ence were conducted using a batch size of 16, and standard data loading and augmenta-
tion pipelines were applied via the Albumentations library. All training and evaluation 
tasks were performed locally without cloud computing resources. The object detection 
models were trained using a consistent set of hyperparameters to ensure a fair perfor-
mance comparison. Table  1 summarizes the training configurations applied across all 
models.

Table 2 presents the architectural differences among the four object detection mod-
els evaluated in this study. YOLOv6 and YOLOv7 adopt improved backbone and neck 
modules for better feature aggregation, while SSD-MobileNetv1 focuses on lightweight 
deployment with reduced resolution and parameter size [31].

Two widely used metrics were used for performance evaluation of the models: (i) 
Mean Average Precision (mAP) and (ii) Intersection over Union.

Fig. 7  SSD with MobileNetV1 model architecture for fruit monitoring
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Mean average precision (mAP) is a holistic measure of object detection model per-
formance that assesses how well a model can detect and classify objects of all classes 
[22]. For each fruit type (e.g., unripe strawberry, ripe avocado), precision-recall curves 
are calculated, and the area under each curve provides the Average Precision (AP). The 
mAP is the average of these AP for all classes.

mAP = 1
N

∑
N
i=1APi� (8)

In this study, mAP was measured at an Intersection over Union (IoU) of 0.5, which is 
a common value in object detection experiments. The greater mAP is, the better is the 
model at both identifying correctly the fruit class and correctly locating it in the image. 
This measure enables us to compare directly YOLOv5, YOLOv6, YOLOv7, and SSD-
MobileNetv1’s efficiency for multi-class fruit detection.

The intersection over union (IoU) is another important measurement used to deter-
mine the quality of how well predicted bounding boxes match the ground truth annota-
tions. It is determined by the ratio of the overlap area between predicted bounding box 
( Bp) and ground truth box (Bgt) with the union area of their intersection. It is calcu-
lated as:

IoU = Bp ∩ Bgt

Bp ∪ Bgt
� (9)

An IoU equal to 1 means that the prediction perfectly matches, while an IoU equal to 
0 means that there is no overlap. IoU is essential in object detection since it directly 

Table 1  Hyperparameters used in this study
Hyperparameter Value
Batch Size 16
Optimizer Adam
Learning Rate 0.001
Epochs 100
Input Image Size 640 × 640 / 300 × 300
Augmentation Horizontal Flip, Scaling (default)
Early Stopping Based on validation loss

Table 2  Architectural comparison of the models used in this study
Model Backbone Neck Module Head 

Type
Input Size Activation 

Function
Parameters 
(approx.)

Detection 
Approach

YOLOv5 CSPDarknet PANet + SPPF An-
chor-
based 
Head

640 × 640 LeakyReLU ~ 7.5 M 
(YOLOv5s)

One-
stage,anchor-
based

YOLOv6 Efficien-
tRepNet

RepPAN + Si-
mOTA

Decou-
pled 
Head

640 × 640 SiLU ~ 17.2 M 
(YOLOv6s)

One-stage, 
anchor-free

YOLOv7 E-ELAN SPPCSPC + E-
ELAN

Ex-
tended 
Head

640 × 640 LeakyReLU ~ 37 M 
(YOLOv7)

One-stage, 
anchor-based

SSD-Mo-
bileNetv1

MobileNetV1 Multi-Scale 
Feature Maps

Convo-
lutional 
Class 
& Box 
Head

300 × 300 ReLU ~ 5.5 M One-stage, 
anchor-based
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determines whether a detection is correct or incorrect when computing precision and 
recall. In this paper, a prediction will be considered correct only if the IoU with the 
ground truth is greater than 0.5. This threshold allows detections not only to be cor-
rect in classification but also exact in localization, a requirement for real-time harvesting 
situations where precise positioning must occur.

In addition to mAP and IoU, the following evaluation metrics were used to assess clas-
sification performance across all ripeness stages:

 	• Precision quantifies how many predicted positives are true positives:

Precision = True Postives

True Positives + False Positives
� (10)

 	• Recall measures how many actual positives were correctly predicted:

Recall = True Postives

True Positives + False Negatives
� (11)

 	• F1-score is the harmonic mean of precision and recall, balancing both metrics:

F1 score = 2 × Precision × Recall

Precision + Recall
� (12)

2.4  Results and discussion

Figure 8 presents sample detection outputs from YOLOv6, where the model accurately 
localizes and classifies multiple fruits in a single image under varying lighting and back-
ground conditions. The bounding boxes and class labels show that YOLOv6 effectively 
distinguishes between visually similar ripeness stages, such as “partially ripe” and “ripe.”

Figure  9 presents sample detection results from the dataset, showcasing model per-
formance under challenging conditions such as occlusion and varying lighting. Both 

Fig. 8  Sample detection results using the YOLOv6 model on test images containing strawberries and avocados
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strawberry and avocado images illustrate successful classification of ripeness stages 
despite partial visibility and illumination differences. These examples highlight the mod-
el’s robustness and real-world applicability.

Figure 10 shows the loss curves of training and validation, along with the most impor-
tant performance metrics of the YOLOv6 model for 400 epochs. Smooth and stable 

Fig. 10  Training and validation loss curves, and performance metrics for the YOLOv6 model

 

(a) Unripe Strawberry in a high-exposure setting 
with partial occlusion and background clutter 

(b) Green strawberry occluded by leaves under 
partial sunlight 

(c) Ripe avocado captured with strong flash 
lighting, highlighting speckled skin texture 

(d) Avocado with uneven lighting and surface 
blemishes due to flash exposure 

Fig. 9  Sample images illustrating detection under occlusion and lighting variations in dataset
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convergence is shown through the steady decline of box loss, objectness loss, and classi-
fication loss for both training and validation sets. At the same time, precision and recall 
values climb steadily to above 0.9, and the mAP@0.5 and mAP@0.5:0.95 curves verify 
the high accuracy of detection for different IoU thresholds. These trends affirm the 
strength and generalization potential of YOLOv6 for the multi-class fruit detection task.

Table 3 presents a comparative summary of the overall performance metrics for the 
four object detection models evaluated in this study. YOLOv6 achieved the highest mean 
Average Precision (99.5%) and F1-score (93.96%), indicating strong overall accuracy and 
balance between precision and recall. YOLOv7 recorded the highest precision (99.3%) 
and a competitive F1-score, highlighting its reliability in correctly classifying detected 
fruit. YOLOv5 attained the highest recall (99.0%), reflecting its strongability to detect all 
relevant instances, though its F1-score suggests some trade-off with precision. SSD with 
MobileNetv1, while computationally efficient, showed comparatively lower values across 
all metrics. SSD-MobileNetv1 achieved the highest inference speed at 102.3 FPS but had 
the lowest accuracy. YOLOv6 maintained inference speed at 85.2 FPS with the highest 
accuracy, making it the most balanced choice for deployment in smart agricultural sys-
tems. These results highlight the advantages of the YOLO family of models, particularly 
YOLOv6 and YOLOv7, for high-accuracy, real-time fruit ripeness detection in practical 
agricultural settings.

In addition to the standard single-split evaluation, 5-fold cross-validation was per-
formed to assess the consistency and robustness of model performance. The average 
mAP, precision, recall, and F1-score values obtained for each model are summarized 
in Table 4. The results confirm that YOLOv6 consistently outperformed other models 
across folds, reinforcing its reliability for multi-class fruit ripeness classification under 
real-world conditions.

To assess the effectiveness of the proposed YOLOv6 model, its performance was com-
pared with recently published YOLO-based ripeness detection models. CAM-YOLO 
[32] s an enhanced YOLOv5 variant using CBAM and DIoU, achieving a mAP of 88.1% 
on tomato datasets. Similarly, the Cabbage-YOLO model [33] integrates multiple light-
weight strategies into YOLOv8-n, reporting a mAP of 86.4% for Chinese flowering cab-
bage ripeness classification. In comparison, our YOLOv6 model achieved the highest 
mAP of 99.5% for multi-class ripeness detection of strawberries and avocados. This per-
formance was achieved with competitive precision and recall scores, demonstrating its 

Table 3  Overall performance comparison of object detection models
Model mAP (%) Precision (%) Recall (%) F1-Score(%) FPS
YOLOv5 92.3 93.0 99.0 75.6 73.2
YOLOv6 99.5 95.9 92.1 93.96 85.2
YOLOv7 96.7 99.3 88.9 93.81 70.3
SSD-MobileNetv1 71.7 69.5 64.2 66.7 102.3

Table 4  Average performance metrics from 5-Fold Cross-Validation
Model mAP@0.5(%) Precision (%) Recall (%) F1-Score (%)
YOLOv5 96.7 95.2 93.8 94.5
YOLOv6 98.9 98.3 97.9 98.1
YOLOv7 97.5 97.8 96.2 97.0
SSD-MobileNetv1 81.2 79.3 76.4 77.8
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robustness across different lighting and occlusion conditions. Table 5 provides a detailed 
comparison of key metrics.

The findings prove the competence of deep learning-driven object detection models, 
especially YOLOv6 and YOLOv7, in multi-class fruit ripeness detection [13]. YOLOv6 
had the best mAP and F1-score, meaning excellent classification accuracy and robust 
localization for various fruits and ripeness levels. The detection results affirm that 
YOLOv6 can effectively cope with natural variability in background, fruit location, and 
color gradations that commonly confound automated harvesting systems. Figure 11 pro-
vides a visual summary of the overall performance metrics across all models. It clearly 
highlights the comparative strengths of each model in terms of mAP, precision, recall, 
and F1-score.

While SSD-MobileNetv1 demonstrated the highest inference speed (102.3 FPS), its 
lower mAP and F1-score reflect the limitations of lightweight models. The reduced input 
resolution (300 × 300) and shallower backbone (MobileNetV1) lead to weaker feature 
representation, especially for small or partially occluded fruit instances. This highlights 
the classic trade-off in real-time detection between accuracy and computational effi-
ciency. Despite its speed advantage, SSD-MobileNetv1 may be more suitable for low-
resource applications where performance requirements are less stringent.

In comparison to SSD-MobileNetv1, where speed of inference is greater, but accu-
racy is lesser, YOLO models are better balanced between speed and accuracy. Thus, they 
are more deployable in real-world agricultural robotics, where accuracy and real-time 
decision-making are both essential [23]. YOLOv6’s capacity to discriminate consistently 
between fine-grained ripeness classes—even where visual discrimination is close—holds 
great promise for minimizing damage to fruit and post-harvest losses due to picking 
before or after the optimal time.

Table 5  Comparative performance of YOLO-Based models for ripeness detection
Model Target Crop mAP@0.5 (%) Precision (%) Recall (%)
YOLOv6
(Our proposed work)

Strawberry & Avocado 99.5 99.1 98.9

CAM-YOLO [32] Tomato 88.1 87.3 86.9
Cabbage-YOLO [33] Chinese Flowering Cabbage 86.4 – –
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Fig. 11  Comparative performance metrics (mAP, Precision, Recall, and F1-score) for YOLOv5, YOLOv6, YOLOv7, and 
SSD-MobileNetv1
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Table  6 offers a comparative overview of our YOLOv6 model against several recent 
fruit detection studies. Zeeshan et al. [34] developed a CNN-based model for orange 
detection in orchards and reported a strong F1-score of 96.5% under occlusion and 
dynamic lighting. Yang and Ju [35] evaluated YOLOv5 and YOLOv8 models for cherry 
tomato ripeness detection under greenhouse conditions, achieving a best mAP of 75.7%. 
Raj et al. [36] reported YOLO to be more effective (accuracy of 85%) than CNN (63%) in 
simulated conditions. In comparison, our YOLOv6 model achieved a superior mAP of 
99.5% and F1-score of 93.96%, highlighting its high accuracy and resilience in natural, 
unstructured environments.

While several prior studies have evaluated YOLO variants on agricultural datas-
ets, such as Gillani et al. [37] on fruit maturity detection, Mirhaji et al. [38] on tomato 
ripeness estimation, and Pandey et al. [39] on mango grading, these works are typically 
limited to either a single fruit type, binary classification of ripeness, or focus on ideal 
or constrained imaging environments. In contrast, our study contributes a real-world 
comparative evaluation of four state-of-the-art object detection models—YOLOv5, 
YOLOv6, YOLOv7, and SSD-MobileNetv1—on two physiologically distinct fruit types: 
strawberries (non-climacteric) and avocados (climacteric). The evaluation focuses on 
multi-class classification across four ripeness stages (unripe, semi-ripe, ripe, and rot-
ten) and includes extensive benchmarking of accuracy, inference speed, F1-score, and 
cross-validation performance. Furthermore, all experiments are conducted on a publicly 
available dataset captured under diverse lighting and occlusion conditions to emulate 
realistic post-harvest scenarios, offering greater reproducibility and practical relevance 
than previous approaches.

3  Conclusion
This paper introduced a comparative analysis of four cutting-edge object detection mod-
els—YOLOv5, YOLOv6, YOLOv7, and SSD-MobileNetv1—for multi-class strawberry 
and avocado fruit ripeness detection. Among them, YOLOv6 exhibited the highest over-
all performance with the highest mean Average Precision (99.5%) and F1-score (93.96%). 
The model correctly identified fruits in four stages of ripeness and was strong in detec-
tion under various visual conditions. The findings underscore the suitability of YOLOv6 
and YOLOv7 for use in smart agricultural systems, where accurate fruit classification 
in real-time is paramount for the optimization of robotic harvesting. The models pro-
vide a suitable remedy to the inefficiencies and inconsistencies of manual fruit picking 
and post-harvest losses [40]. This signifies the growing potential of deep learning-based 
object detection models as a reliable component in automated quality monitoring and 
grading systems in horticulture.

Table 6  Comparative evaluation of our proposed study with recent fruit detection studies
Study Fruit Type Model(s) 

Used
Conditions Performance 

Metrics
Our proposed study Strawberry, 

Avocado
YOLOv6 Occlusion, varied lighting mAP = 99.5%, 

F1 = 93.96%
Zeeshan et al. [34] Orange CNN Orchard with occlusion, 

dynamic lighting
Accuracy = 93.8%, 
F1 = 96.5%

Yang and Ju [35] Cherry Tomato YOLOv5, 
YOLOv8

Greenhouse, brightness 
variation

YOLOv8 mAP = 75.7%, 
YOLOv5 mAP = 70.1%

Raj et al. [36] Mixed Fruits YOLO, CNN Simulated environment YOLO Accura-
cy = 85%, CNN = 63%
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However, the study is limited to visual data from two fruit types—strawberries and 
avocados—and does not incorporate internal or biochemical ripeness cues. Also, this 
study does not include architectural modifications, or ablation experiments and focuses 
on benchmarking the performance of existing detection models. However, the dataset 
used for this study has been published and made publicly available, supporting trans-
parency and reuse. Future studies could focus on extending this approach to other fruit 
varieties, integrating non-visual indicators of ripeness, evaluating real-time deployment 
on edge hardware, and exploring interpretability tools to better understand model deci-
sions in practical applications. Finally, scalability and robustness of the system in diverse 
harvesting and sorting environments remain important challenges to be addressed in 
future work.
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