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Apple production is vital to global horticulture, with precision agriculture increasingly using computer vision
and deep learning. This study evaluates apple detection and maturity classification using the AppleBBCH76
and AppleBBCH81 datasets, comprising 5,007 annotated orchard images. You Only Look Once (YOLO) models
support fruit detection, yield prediction, and maturity analysis, yet orchard challenges like occlusion, overlap,
variable sizes, and lighting reduce accuracy. To address this, a Multi-scale Maturity Detection-YOLO (MMD-
YOLO) model integrates multi-scale feature extraction with a fine-tuned YOLOv11. Pre-processing included
resizing, median filtering, Contrast Limited Adaptive Histogram Equalization (CLAHE), and normalization,
with Bayesian optimization. Results show 93.40% mAP@0.5, 94.60% precision, 93.50% recall, and 94% F1-score,
surpassing earlier YOLO versions.
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1. Introduction

Apples (Malus domestica) are among the most widely cul-
tivated fruit crops worldwide, contributing significantly
to global agriculture and food production [1]. Apples are
nutrient-rich, economically vital, and show region-specific
maturity influenced by temperature, sunlight, rainfall, and
soil moisture [2], while climate change further disrupts
flowering and ripening stages, affecting harvest timing and
fruit quality [3]. Fruit quality depends on precise maturity,
so accurate harvest timing and reliable datasets with digital
tools ensure sweetness, firmness, shelf life, and trustworthy
orchard planning [4]. AI and deep learning have advanced
orchard monitoring, automating maturity detection early
CNNs classified ripeness using color and texture features
[5], while platforms such as Smart Harvest enabled rapid
online maturity estimation [6]. Recent work emphasizes
real-time object detection frameworks that identify apples

in orchard scenes, estimating size and location using large
annotated RGB-D datasets [7]. This research falls in line
with the ongoing efforts in the design and fabrication of sus-
tainable agricultural and industrial machinery. Precision
farming now relies on smart technologies that incorporate
sustainability into orchard surveillance and fruit ripeness
assessment. Occlusion-aware detection improved recogni-
tion of overlapping fruits, and robotic harvesting systems
highlighted the need for accurate perception models [8].
Multi-modal sensing combining RGB and depth data en-
hanced fruit identification in complex scenes [9]. The study
advances from simple ripeness classification to robust real-
time detection, introducing MMD-YOLO for multi-stage
apple maturity under complex orchard occlusion.

1.1. Problem Statement

Changing light and shadows reduce the reliability of color-
based maturity assessment [10], while varying camera dis-
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tances and angles distort apple sizes, causing detection
failures for small or hidden fruits [11]. Thus, orchard con-
ditions demand a multi-scale feature extraction.

1.2. Research Gap

Despite advances with RGB-D sensors and multi-scale
YOLO variants, apple detection struggles in crowded or-
chards. MMD-YOLO introduces a lightweight YOLOv11
framework with multi-scale fusion, optimized pre-
processing, and Bayesian tuning, enabling robust maturity
detection under occlusion and illumination variability.

The primary contributions of this study are summarized
as follows:

• Develops an apple maturity detection model using
MMD-YOLO with AppleBBCH76 and AppleBBCH81
datasets.

• Applies image pre-processing (CLAHE, median fil-
tering, resizing, normalization) to improve training
quality.

• Uses multi-scale feature extraction in YOLOv11 to
identify apples of varying sizes and occluded fruits.

• Evaluates performance with precision, recall, and
mAP@0.5 for precision agriculture applications.

1.3. Research Organization

The paper begins with section 2 which examines existing
research about apple detection. section 3 explains the pro-
posed MMD-YOLO method, section 4 presents the exper-
imental results, and section 5 concludes the paper with
future work.

2. Literature survey

The detection of apples in orchard environments is chal-
lenged by variable lighting, occlusions, and overlapping
fruits. Chu et al. [12] localized partially occluded apples
using the O2RNet model, achieving 94% precision and an
F1-score of 0.88. Li et al. [13] reduced localization errors
by 59% and 43% with a frustum point cloud segmenta-
tion model based on RGB-D data. Fu et al. [14] improved
YOLOv10 with multi-scale layers, SE attention, and diver-
sity blocks, reaching 92.8%mAP and 89.8% recall. Hu et
al. [10] integrated RGB-D features into YOLO, reporting
94.1%mAP, 93% F1-score, and 167 FPS speed. Designing
and fabricating sustainable agricultural and industrial ma-
chinery involves lightweight and energy-efficient detec-
tion mechanisms. Previous research shows that efficient
YOLO architectures and multimodal sensing promote sus-
tainability through low resource utilization and enhanced

performance in challenging orchard settings. Liu et al. [15]
fused RGB, depth maps, feature maps, and point clouds,
achieving 95.8% precision in cluttered orchard scenes. To
overcome these challenges, this research proposes an opti-
mized YOLOv11 model that efficiently determines apple
fruit maturity by addressing identification issues in com-
plex orchard conditions.

3. Methodology

The MMD-YOLO workflow begins with orchard image
collection under diverse conditions, then proceeds through
pre-processing (resize 640 × 640, median filtering, CLAHE,
normalization) and Bayesian optimization before YOLOv11
training; as shown in Fig. 1, this enables robust detection
and maturity classification under occlusion.

Fig. 1. Proposed MMD-YOLO Workflow

YOLOv11 trains on annotated orchard images with
Bayesian-optimized parameters, then evaluates precision,
recall, F1, and mAP for efficient apple maturity detection.

3.1. Data Collection

The study uses the AppleBBCH76 [16] and AppleBBCH81
[17] datasets, combining 3,169 and 1,838 orchard images
respectively for a total of 5,007. The datasets provide
ripe/unripe annotations across 5,007 orchard images under
varied conditions, serving as ground truth for supervised
maturity classification.

Annotation formats from AppleBBCH76 and AppleB-
BCH81 were standardized into a unified schema, ensuring
consistent ripe/unripe labels, reducing bias, and improv-
ing reproducibility.

3.2. Data Pre-Processing

The MMD-YOLO model pre-processes all apple images,
resizing them to 640× 640 for uniform input and improved
detection as expressed in Eq. (1):

x̃i = R (xi; 640, 640) (1)
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In this case, the original image is denoted as xi,
the resized image as x̃i and the resizing function as
R(.)ensuringthatallinputs f edintothemodelshareidenticalspatialdimensions.
The filtered image is expressed as shown in Eq. (2):

x̂i = M (x̃i) (2)

Here, the M(·) is the median filtering operation, and
also x̂i is the noise filtered image. Implementation of me-
dian filter with kernel size 3 × 3 is beneficial in eliminating
the effect of noise while retaining edges, and setting of pa-
rameters such as clip limit equal to 2.0 and tile grid size
equal to 8 × 8 for CLAHE makes it capable of adapting to
varying lighting conditions. CLAHE technique could be
applied to x̂i, because it may affect to the outdoor different
lighting conditions. Then the normalized pixel p′i,j is prime
for a pixel pi,j at location (i, j) can be calculated as follows
in Eq. (3):

p′i,j =
pi,j

255
(3)

Here, the original pixel intensity is represented by
pi,j ∈ [0, 255] and the normalized value is represented by
p′i,j ∈ [0, 1]. After all the pre-processing steps, the dataset is
split into training and validation. Median filtering (3 × 3)
and CLAHE (clip limit 2.0, tile grid 8 × 8) were empiri-
cally chosen to balance noise reduction and detail preser-
vation, ensuring reproducibility across orchard imaging
conditions.

3.3. Model Architecture

Built on YOLOv11, the system inputs 640 × 640 orchard
images, applies C3K2 blocks, and outputs ripe/unripe ap-
ple bounding boxes, effectively capturing shape, texture,
and edges for accurate orchard detection. The C3K2 blocks
combine multiple convolutional kernels with residual con-
nections to expand the receptive field while maintaining
efficiency, enabling the network to capture fine textures and
broader contextual cues. By preserving edge continuity and
texture gradients under occlusion, they strengthen feature
robustness and help distinguish partially hidden apples
from complex orchard backgrounds, thereby improving
detection accuracy in dense scenes. Efficient feature extrac-
tion separates apples from complex orchard backgrounds,
and the SPPF module integrates multi-scale receptive fields
to enable detection across different spatial scales. The SPPF
module uses multi-scale pooling to aggregate fine details
and broader context, enhancing apple detection under fo-
liage, occlusion, and variable illumination.

The YOLOv11 architecture shown in Fig. 2 enables pre-
cise detection of apples at various maturity stages through-
out orchard environments that include leaf and branch
obstacles as well as changing light conditions.

Fig. 2. YOLOv11 Model Architecture

3.3.1. Multi-Scale Feature Integration for Apple Detection

The input orchard image is standardized to 640 × 640 RGB
for spatial and color consistency, and multi-scale feature
maps are extracted to capture fine details like edges and
occluded fruits alongside broader contextual cues. Its math-
ematical expressions are provided below in Eqs. (4) to (7).
a) Input Representation:

I ∈ RH×W×3, H = W = 640 (4)

b) Multi-Scale Feature Maps:

Fs = ∅s(I), s ∈ {20, 40, 80} (5)

c) Feature Fusion:

Ffusion = ∑
s

ws · U (Fs) (6)

d) Classification Probability:

P(c | I) = Softmax (W · Ffusion + b) , c ∈ {ripe, unripe}
(7)

3.3.1.1 Softmax vs. Sigmoid for Binary Classification
In the MMD-YOLO framework, softmax was adopted

for binary maturity classification (ripe vs. unripe) because
it produces well-calibrated probability distributions that
sum to one, improving interpretability and confidence cali-
bration. Although ripe and unripe apples may share sim-
ilar color tones under shadow or partial ripening, soft-
max mitigates inflated confidence by balancing probabili-
ties, while multi-scale features such as texture and shape
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strengthen separability, ensuring reliable detection even
when color similarity challenges accuracy. Compared to
sigmoid, which outputs independent probabilities for each
class and often suffers from poor calibration under class
imbalance, softmax enforces mutual exclusivity by normal-
izing probabilities across classes. This improves calibration
quality, prevents dominance of one maturity stage, and
yields more consistent confidence scores across varying
orchard conditions, ensuring stable detection even when
ripe and unripe apples share similar visual traits.

The detection head uses scale-specific predictions to
adapt to apples of varying sizes and distances, with high-
resolution maps (80 × 80) capturing small or occluded
fruits, intermediate maps (40 × 40) balancing detail and
context for medium apples, and low-resolution maps
(20× 20) identifying larger apples and clusters. By combin-
ing outputs across these scales, the network reduces false
negatives for small fruits and false positives in cluttered
backgrounds, enhancing overall detection robustness in
complex orchard scenes. Bounding box regression mini-
mizes localization error using CIoU, and its expression is
provided in Eq. (8) while the total loss combines classifi-
cation, objectness, and regression terms with weighting
factors for balanced optimization and its expression is pro-
vided in Eq. (9).
e) Bounding Box Regression:

b = (x, y, w, h), Lbox = 1 − CIoU
(
b, bgt) (8)

f) Total Loss Function:

Ltotal = λcls Lcls + λobj Lobj + λbox Lbox (9)

Here, I is the input orchard image with spatial dimen-
sions H, W and RGB(3); Fs is represented as the feature
map at scale transformed by ∅s(.)withresolutions; Ffusion

is the fused representation weighted by ws and aligned
via U (Fs), then summed across scales; P(c | I) gives class
probability using Softmax normalization. Detection uses
weight matrix W, bias b and ground-truth box bgt.Losses
include Lcls, Lobj, Lbox with CIoU combined as Ltotal with
weighting factors λcls, λobj, λbox to balance optimization
and ensure balance detection.

In practice, the multi-scale fusion mechanism integrates
feature maps at 80 × 80, 40 × 40, and 20 × 20 resolutions,
with fine-scale maps capturing edges and occluded fruits,
medium-scale maps balancing detail and context, and large-
scale maps representing orchard structures for larger apples
and clusters.

In YOLOv11, multi-scale fusion is implemented through
the Neck, which up-samples lower-resolution maps and

concatenates them with higher-resolution maps, combin-
ing semantic information from deeper layers with fine de-
tails from shallow ones. Together, this hierarchical fusion
enhances detection accuracy and stability under diverse
orchard conditions.

3.4. Hyperparameter Optimization

The MMD-YOLO network achieves its best performance
when training hyperparameters are properly tuned, with
learning rate, optimizer, and batch size being key fac-
tors that determine convergence and detection accuracy.
Bayesian optimization was used to find appropriate hyper-
parameter settings for the study. Hyperparameter settings
were optimized using Bayesian methods, which reduce un-
necessary trials and provide efficient tuning well suited to
the computational demands of YOLOv11 training.

3.4.1. Gaussian Process Kernel Selection

In Bayesian optimization, the surrogate model was imple-
mented using a Gaussian Process (GP). The Matérn kernel
was chosen for its balance of smoothness and flexibility,
enabling the surrogate to capture non-linear relationships
between hyperparameters and validation loss. Compared
to the RBF kernel, its better models’ sharp performance
changes when hyperparameters vary.

3.4.2. Hyperparameter Priors

The search space was defined with prior ranges:

• Learning rate (θ1) was assumed to follow a log-
uniform prior in the range [1 × 10 − 4, 1 × 10 − 3].

• Optimizer (θ2) was treated as a categorical prior with
values {AdamW, SGD, RMSprop}.

• Batch size (θ3) was modelled as a discrete uniform
prior over integers [8,32]. These priors ensured that the
optimization process explored realistic ranges without
biasing toward extreme values.

3.4.3. Acquisition Function Behavior

The EI acquisition function was used to balance exploration
and exploitation by selecting hyperparameter configura-
tions that maximize expected gain over the current best
validation loss. It explores uncertain regions when surro-
gate variance is high and exploits promising regions when
the surrogate mean suggests likely improvement. This
adaptive behavior reduces wasted trials compared to grid
search.

Bayesian optimization sequentially builds a probabilis-
tic surrogate of the target function, selecting new hyper-
parameters based on prior results to reduce computation
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Table 1. Hyperparameter Values

Hyperparameter Type Search Range

learning rate Continuous 1e − 4 − 1e − 3

optimizer Categorical
AdamW,

SGD, RMSprop
batch size Integer 8 − 32

compared to exhaustive grid search. The candidate values
considered during optimization are listed in Table 1.

The Bayesian optimization framework uses a Gaussian
Process surrogate to estimate how hyperparameters affect
validation loss, with the EI acquisition function guiding
exploration of uncertain regions and exploitation of promis-
ing ones. The presented MMD-YOLO system combines pre-
processing, multiscale fusion, and Bayesian optimization
within a framework derived from sustainable agriculture
and industry machinery design. The design process guar-
antees computation efficiency for immediate deployment
in orchards without extensive hardware requirements.

4. Results and discussion

The objective of this research is to build an accurate ap-
ple detection system for real orchard environments, eval-
uated under extreme conditions using Precision, Recall,
F1-score, and mAP. Implemented in Python with Ultra-
lytics YOLOv11, OpenCV, and supporting libraries, the
model achieves high accuracy while reflecting principles
of sustainable agricultural and industrial machinery. By
combining robust detection with reduced computational
overhead, it supports eco-friendly orchard management
and scalable industrial applications.

4.1. Performance Evaluation

Performance evaluation uses metrics like mAP, precision,
recall, and F1-score. Sensitivity analysis shows CLAHE
(clip limit 2.0), a 3 × 3 median filter, and Min-Max normal-
ization yield the best accuracy (mAP@0.5 = 0.934, pre-
cision = 0.946, recall = 0.935, F1 = 0.94), while larger
kernels or other normalization reduce robustness under
orchard variability.

The model’s ability is measured using the confusion
matrix. Fig. 3 shows the confusion matrix of the proposed
model.

The confusion matrix shows most ripe and unripe ap-
ples were correctly classified, confirming the model’s ability
to learn distinguishing visual traits.

Here, Table 3 shows YOLOv11 achieving the highest ac-
curacy (95.01%) and precision (98.19%), with few incorrect

Table 2. Sensitivity Analysis of Pre-Processing Parameters

Method Para mAP@0.5 Prec Rec F1

CLAHE
1.0 0.912 0.931 0.906 0.918
2.0 0.934 0.946 0.935 0.94
3.0 0.928 0.941 0.929 0.935

Median 3 × 3 0.934 0.946 0.935 0.94
Filter 5 × 5 0.926 0.938 0.928 0.933

7 × 7 0.918 0.931 0.92 0.925

Norm Min Max 0.934 0.946 0.935 0.94
Z-score 0.927 0.939 0.929 0.934

Fig. 3. Confusion Matrix

Table 3. Classification Performance Comparison

Model Accuracy Precision Recall F1-Score

YOLOv5 0.9024 0.9142 0.8613 0.8870
YOLOv7 0.9236 0.9421 0.8834 0.9118
YOLOv8 0.9412 0.9638 0.8946 0.9279
YOLOv10 0.9445 0.9712 0.9015 0.9350
YOLOv11 0.9501 0.9819 0.9211 0.9588(Proposed)

maturity predictions an essential feature for preventing
premature fruit harvesting.

The Fig. 4 shows precision rising with confidence thresh-
old, with ripe apples performing better due to distinct color
and texture, while unripe apples are harder to detect be-
cause of foliage similarity and fewer annotated samples,
leading to slight imbalance and lower precision.

The proposed model is compared with other versions
of YOLO to see if there is any possibility to use any other
model for apple detection in orchard environments.

The Table 4 shows YOLOv11 outperforming earlier ver-
sions with mAP@0.5 = 0.9340, F1-score = 0.9400, and
consistent gains in precision, recall, and IoU, highlighting
its stronger balance in complex orchard conditions.
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Table 4. Object Detection Performance Comparison

Model mAP@0.5 mAP@0.5:0.95 Precision Recall F1-score Avg IoU

YOLOv5 0.8924 0.6127 0.9016 0.8875 0.8945 0.7632
YOLOv7 0.9083 0.6341 0.9187 0.9013 0.9099 0.7814
YOLOv8 0.9215 0.6519 0.9324 0.9142 0.9232 0.7968

YOLOv10 0.9287 0.6598 0.9405 0.9221 0.9312 0.8043
YOLOv11 (Proposed) 0.9340 0.6680 0.9460 0.9350 0.9400 0.8120

Fig. 4. Precision vs Confidence Threshold

4.2. Qualitative Detection Results

The performance of the model can be assessed by using the
metrics to show how the model can be operated efficiently
in actual environment.

Fig. 5 shows ripe apples detected in red bounding boxes,
even in dense foliage with partial occlusion, correctly locat-
ing and classifying them as ripe.

Fig. 6 shows unripe apples detected in green bound-
ing boxes, correctly classified despite orchard challenges,
demonstrating the model’s strong performance and readi-
ness for real-world deployment.

4.3. Computational Complexity Analysis

MMD-YOLO was evaluated for inference speed, parame-
ter count, and memory usage to assess real-time feasibil-
ity. On an RTX 3060 GPU, the model achieves ∼ 45 FPS
(≈ 22 ms /image), while on a mid-range CPU inference
time is ∼ 120 ms /image. The optimized YOLOvl1 back-
bone contains ∼ 38M parameters, lighter than multi-modal
detection models. GPU memory usage is ∼ 2.8 GB and
CPU memory consumption < 1.5 GB, confirming compati-
bility with consumer-grade GPUs and embedded devices.
These results demonstrate that MMD-YOLO is suitable for
real-time orchard deployment, supporting integration with

Fig. 5. Ripe Apples Detection

Fig. 6. Apple Unripe Detection

drones and robotic harvesters for automated monitoring.

The Fig. 7 presents the class-wise Average Precision at
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Table 5. Error Categorization Analysis

Error Type Percentage (%) Description

Occlusion 41.80% Apples partially hidden by leaves/branches
Illumination Variation 27.60% Shadows / uneven lighting
Background Similarity 19.30% Green apples vs foliage
Small Object Detection 11.30% Distant or tiny apples

IoU = 0.5, showing 0.948 for ripe apples and 0.920 for
unripe apples. The results highlight slightly higher de-
tection accuracy for ripe apples, indicating class-specific
performance differences.

Fig. 7. Class-wise Average Precision

The Fig. 8 shows mAP declining steadily as IoU thresh-
olds tighten, highlighting localization precision and robust-
ness, with mAP@0.5 : 0.95 serving as a comprehensive
reliability measure.

Fig. 8. mAP across IoU Thresholds

The misclassifications were categorized into occlusion,
illumination variation, background similarity, and small
object detection. Occlusion contributed the largest share of
errors (41.8%), followed by illumination variation (27.6%)
and background similarity (19.3%).

4.4. Ablation Studies

An ablation study systematically removes or varies model
components to assess their impact; Table 6 summarizes the
effectiveness of the C3K2 blocks.

Table 6. Ablation Study on C3K2 Blocks

Model Variant mAP@0.5

Baseline 0.912
Backbone + C3K2 0.925

Neck + C3K2 0.928
Full Model (Backbone + Neck C3K2) 0.934

The baseline YOLOv11 achieved 0.912 mAP@0.5;
adding C3K2 blocks to the backbone improved it to 0.925,
to the neck 0.928, and to both 0.934 the highest accuracy
showing that C3K2 blocks progressively enhance feature
representation under occlusion and are essential for robust
orchard detection.

5. Conclusion

The study developed an apple maturity detection frame-
work using YOLOv11 on 5,007 orchard images with pre-
processing (resizing, median filtering, CLAHE, normaliza-
tion). The model achieved 95.01% accuracy, 98.19% preci-
sion, 88.11% recall, F192.88%, and detection mAP@0.5 =

0.9340, mAP@0.5 : 0.95 = 0.6680, precision 0.9460, recall
0.9350, IoU 0.8120. This research contributes to the design
and fabrication of sustainable agricultural and industrial
machinery by presenting a lightweight, efficient detection
model for apple maturity. The framework enhances sus-
tainability in agriculture, enabling integration with drones
and robotic harvesters for automated, resource-conscious
orchard monitoring. These results confirm robust perfor-
mance under occlusion, overlap, and variable lighting, en-
abling efficient real-time orchard deployment superior to
previous YOLO versions.
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The proposed MMD-YOLO model enhances orchard
management by accurately detecting apple maturity in real
conditions. Reliable classification of ripe and unripe apples
helps optimize harvest timing, preserve fruit quality, and
reduce losses, while supporting labour and supply chain
planning. Integration with drones or robotic harvesters
enables automated, efficient, and sustainable large-scale
orchard monitoring.

5.1. Future Work

Future work includes expanding datasets across diverse
orchards and seasons to strengthen robustness, extending
to more apple varieties for generalization, integrating with
drones and robotic harvesters for automation, and combin-
ing multi-spectral and depth imaging to improve detection
under foliage and lighting challenges.
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