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[
Traditional citrus fruit classification relied on weight-based S%% manual inspection, often
leading to inconsistencies in quality assessment. This researQ

Abstract

ents an optimized deep learning
approach for classifying ripe, semi-ripe, and unripg tap@erincs using an enhanced YOLOV7-tiny
convolutional object detection model. We inte custom-designed convolutional block
attention module (CBAM) to improve fez%@ction and classification performance. This
proposed CBAM-enhanced model serves as teacher in a knowledge distillation framework,

guiding a compact student model achieve high accuracy with significantly reduced

computational demands. @

The distillation process e@l;@«( composite loss function that includes Kullback—Leibler (KL)

divergence to align sof%
feature maps, ans—entropy for hard-label supervision. To further optimize the model,

structured prun emfioves redundant filters, and post-training quantization (PTQ) converts

ility distributions, mean squared error (MSE) to match intermediate

weights mgvations from 32-bit floating-point to 8-bit integers, enabling deployment on
resopgce- 11

? ted microcontrollers.

The final student model (with CBAM) achieves a classification accuracy of 95.97%, with only a
0.93% drop in accuracy compared to the original YOLOvV7- tiny model with accuracy (96.9%).
Moreover, the model size is reduced by 31 x (from 11,945 KB to 385 KB), and inference latency
decreases by 5.25x(from 27.3 ms to 5.2 ms), making it well-suitable for real-time embedded

inference. The resulting student model (without CBAM) is trained on a tangerine orchard dataset



and deployed on an STM32H743 ARM Cortex-M7 microcontroller, equipped with 2 MB flash

memory, a 480 MHz processor, and a DCMI interface for real-time image processing.
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1 Introduction \

Fine-grained fruit classification utilizes machine learning techniques to & ize fruits into
specific classes based on visual characteristics like shape, color, textu size. Its aim is to

agriculture and food industries. Applications include quality ¢ ventory management, retail,

automate and enhance the accuracy of fruit sorting and id.ewion processes, benefiting
and food processing. Machine learning algorithms, esp convolutional neural networks
(CNNs), are commonly employed for this task, requiri@ ge, labeled datasets. Traditional fruit
sorting methods using embedded systems relle 51c machine vision techniques [1,2] but
modern approaches integrate advanced ma@ ing techniques, like deep learning [3—6], to
achieve more precise sorting outco ‘% le¥eraging the increased computational power of

embedded hardware.

In the past, researchers utilized feature extraction techniques like local binary patterns [7],

histogram of oriented gr b[l], and speeded-up robust features [8], alongside machine

learning algorithms su@upport vector machine (SVM) [2] and k-nearest neighbors (KNN)

[9], for fruit ripe@lassiﬁcation [1,2,10-12]. However, these methods often fell short of
d

achieving the ccuracy.

Currently regearchers are turning to deep learning for the precise classification of seeds, leveraging
theiv(y to extract and learn more representative image features [5] suitable for classification
tasks’[13—15]. Many researchers tried to implement classification methods on embedded systems.
Although there are still lots of practical challenges. The research gap in fine-grained fruit
classification and sorting on embedded systems lies in translating research findings into practical

applications. Despite many studies exploring classification techniques for fruit sorting, challenges



hinder seamless integration. Key gaps include scalability for high throughput, robustness to
variability in fruit appearance, hardware constraints on embedded systems, integration challenges
between hardware and software, and adaptability to changing conditions. Bridging these gaps
requires interdisciplinary collaboration and holistic solutions addressing algorithmic

advancements and practical implementation challenges.

In this paper, we present a real-time embedded system for classifying the rlpemn of

tangerines using an ARM Cortex-M7 microcontroller with limited processing r @s and

memory. The core of the system is based on a significantly optimized version of LOV7 -tiny

object detection model. Our approach focuses on drastically reducin% ¢ and inference
e

latency while maintaining high classification accuracy, making it suit. or low-power edge

artificial intelligence (Al) applications in agriculture.

To achieve this, we first enhance the YOLOV7-tiny architec 1ncorporat1ng a convolutional
block attention module (CBAM), which 51gn1ﬁcantly 1 the model’s feature representation
capability. This CBAM-enhanced model serves teacher in a knowledge distillation
framework, where a smaller student mode ed to mimic the teacher’s behavior. Next,
structured pruning is applied to remove redundant filters and channels, followed by post-training
quantization to convert 32- bit ﬂoatrngﬁ: weights and activations to 8-bit integers. These steps
collectively lead to a 31 x red

accuracy of 95.97%, with on@%% drop compared to the original YOLOv7-tiny model.

odel size, a 5.25 x decrease in latency, and a final

The trained model 1 vgrted to ONNX format and deployed on the STM32H743VIT6
microcontroller usi 32CubeMX and Keil tools. Real-world performance is validated using

an OV7670 cat@ image capture and an OLED display for visualizing the classification

output. O
The?';q{ovations of this paper are summarized as follows:
o/ A

novel embedded Al system for automated citrus classification is developed, replacing
traditional weight-based sorting and manual inspection methods. The classification targets
three ripening stages—ripe, semi-ripe, and unripe—based on a custom-collected and

balanced dataset. The dataset, initially consisting of 337 annotated images, is augmented



using techniques such as cropping, rotation, blurring, and denoising via Roboflow,
expanding the dataset to 733 images.

e Integration of CBAM into YOLOV7-tiny, enhancing spatial and channel-wise attention to
improve feature representation. The attention module improves baseline classification
accuracy and acts as a high-capacity teacher model in the subsequent distillation process.

e A three-stage optimization pipeline, including (1) knowledge distillation using a@id

loss function (KL divergence, MSE, and cross-entropy), (2) structured prunifg,toxglitninate
redundant computations, and (3) post-training quantization (PTQ) t ce model
precision. These steps result in a 31 x model size reduction (from B to 373 KB)

and a 5.25 x improvement in latency (from 27.3 ms to 5.2 n\% only 0.93% (from
96.9% to 95.97%) accuracy loss compared to the orlglnal YQLOv7-tiny model.

e Deployment on an STM32 ARM Cortex-M7 mi ller achieving real-time
performance within 2 MB of flash memory. This de tes the practicality of deploying
modern deep learning models on resource- cqnst %(rdware for real- world agricultural
applications.

e A complete end-to-end workflow % cost smart farming applications, from data

t

collection and labeling to m rdifiing, compression, and embedded deployment,
‘édge Al in the citrus industry.

establishing a new bench ar:
The rest of the paper is organiﬁs lows. Section 2 reviews related works on fruit classification
using computer vision an@ utional neural networks. In Section 3, the proposed method is
presented, including ck diagram of the proposed convolutional model, its internal
components, and ngrithm of the proposed model. Also describes the process of dataset

preparation, t the proposed convolutional model. Section 4 presenting the evaluation results

of the traj odel for tangerine ripeness classification and ablation study. Finally, we provide

the usion in Section 5.



2 Related Work

2.1 Areview of articles on fruit classification using convolutional
networks

Zhang et al. [6] introduced a convolutional neural network architecture tailored for the fine-grained
classification of banana ripening stages. The model is designed to learn a set of ﬁne-graine@ge
features through a data-driven mechanism. The reported accuracy of this model is 9‘)&

Torres et al. [5] extensively explored the use of convolutional networks in_i processing,
focusing specifically on fruit classification, quality control, and diagnogsisTheir review outlined
the latest advancements in convolutional network-based approaches &0, noting that 75%
of commonly used models such as VGG and ResNet dominated ﬂ%ld, while only 25% of the
research introduced novel convolutional models. Particularl&%worthy is their proposal of a
basic convolutional model for fruit classification, which a@@d a remarkable 100% accuracy on
the 360 Fruit dataset ¢ \

Alberdi et al. [16] introduced the Torchvisi a@ée, utilizing the fully connect net spinal end

layer for fruit classification. While Torchvi;%rovides a variety of pre-trained models tailored

for image classification tasks, it’s img%ant to recognize that no single model is universally

applicable. Users should considr beyond performance on the ImageNet dataset when

selecting a model, such as r@ye constraints and computational demands. Torchvision offers
e

twelve primary pre-traine,

[18], MobileNet [19 &(eSNet [22], VGG [23], and others, which are suitable for fine-grained

inter-species dat@ is.

Herman et ] introduced the concept of the residual block attention mechanism. This study

Is for image classification, including AlexNet [17], GoogLeNet

investiga e classification of oil palm ripeness using the residual block attention mechanism,
wh%efectively discerns subtle differences in images. Consequently, the model achieves
enhanced categorization of oil palm ripeness. The dataset comprises 400 images depicting seven
stages of oil palm maturity. To augment the dataset, ten pre-processing steps, including data
augmentation techniques, are applied. Ultimately, employing the DenseNet model integrated with

the residual block attention mechanism yields an accuracy of 69%.



Zhu et al. [25] employed a combination of EfficientNet0-B bilinear network design and CBAM to
develop the BA-EfficientNet model. This model demonstrates proficiency in automatically and
precisely detecting tea oil cultivars. Through rigorous experimentation, they attained an impressive

total accuracy rate of 91.7%.

Liu et al. [26] enhanced YOLOVS for accurate citrus fruit detection and counting in orchards. They
integrated a coordinated attention module to focus on fruit-dense areas and improve smadl-gbject
detection. Additionally, they introduced a cross-scale two-way connection with Biﬁ&igh‘[ed
feature aggregation to better combine multi-scale features. Using a varifocal los@‘[ion further

improved training performance, achieving 95.13% accuracy.

S

Han et al. [27] used the original YOLOVS model to classify cherries by}'ﬁty but achieved only
78.6% accuracy after 300 iterations. To improve performaﬂ applied a flood filling
algorithm to enhance image extraction and generate a refj taset Training with this new
dataset rose accuracy to 99.6% after 20 sessions. The ing algorithm, commonly used in

color-filling tools and games like Go or Mmeswee tlﬁes and replaces connected regions

of similar features, making it effective for prE ge segmentation.
cl

Naik et al. [8] improved YOLOVS for apple
Mish for smoother feature flow ani g an attention-squeezing and stimulating module to

ification by replacing its activation function with

enhanced model achieved 90.6% accuracy, outperforming

emphasize apple-specific features
single shot multi box detecto@ﬁ%), YOLOvV4 (+11.1%), and the original YOLOVS (+3.7%).

Rajiskar et al. [28] use@)rﬂow Lite with an Arduino Nano BLE to classify apples, bananas,
and oranges under l%d—resource conditions. They deployed a lightweight convolutional model,
ol

trained on Go and implemented via Arduino IDE, achieving 93.11% accuracy.

Ruparlia @ [29] classified tomatoes on the plant into ripe, unripe, and spoiled using CNNss.
The?écted diverse images from farms and online sources, applying preprocessing and data
augmentation. Real-time detection was performed on an NVIDIA Jetson TX1, testing YOLOV3,
YOLOv3-tiny, YOLOv4, and YOLOv4-tiny, achieving accuracies of 78.49%, 72.15%, 81.28%,
and 77.25%, respectively.

Kamet et al. [30] have benchmarked modern object detection models such as YOLOv5-YOLOv7
and SSD-MobileNetv1 for multiclass fruit ripeness classification, identifying YOLOV6 as the most

6



accurate and efficient model for real-time quality monitoring in precision agriculture. An improved
YOLOv8n-based model, YOLOv8n- GFE [31], has been proposed for nectarine detection and
maturity estimation, integrating squeeze-and-excitation attention and focal distance-IoU loss to
enhance recognition accuracy under challenging orchard conditions. The model achieved a 3.2%
mAP improvement over the baseline YOLOv8n, demonstrating its effectiveness for real-world

fruit yield assessment. A lightweight detection model, PL-YOLO [32 (b

o
], was developed for accurate pomegranate identification under complex orchar@‘ itions,
introducing edge feature extraction and attention-based fusion modules to enhanc@ﬁre learning
and efficiency. The model achieved a 93.3% mAP and 149.5 FPS, out]g%“ aseline YOLO

with reduced parameters and computation, making it suitable for realytime smart harvesting

applications. . (b

2.2 Comparison of Convolutional Models a@h dware used for Fruit
Classification

Mroach: they enhance the reference model

set. However, models tailored for computer

As depicted in Table 1, most articles exhibit a com

and subsequently train it using the designdte
deployment often exceed 40 MB in size, rendering them unsuitable for integration into embedded

systems. Nevertheless, certain article

il methods such as quantization and the utilization of

entation of convolutional models on latent systems.

TensorFlow Lite to facilitate ée m
Analysis of Table 2 reveal@‘ en evaluating lightweight models trained on the COCO dataset,
t

YOLOv7-tiny demons perior performance compared to other convolution models in terms

of size, number eters, and accuracy.
(/

O

2. e®p Learning Model Compression for Resource-Constrained
evices

Model compression techniques have become crucial for deploying deep learning models in
resource-constrained environments while maintaining accuracy. Knowledge distillation,

introduced by Hinton et al. [35], transfers knowledge from large ensembles to smaller models



using soft output distributions. Specialist models further refine this approach by independently

handling fine-grained class distinctions.

Pruning techniques have been widely explored for compression. Network trimming by Hu et al.
[36] prunes low-activation neurons, iteratively refining model efficiency. Channel pruning by He
et al. [37] uses LASSO regression to remove insignificant channels, achieving a 5 x speed-up with
minimal accuracy loss. Network slimming by Liu et al. [38] enforces channel spar @

training, reducing model size by 20 x while maintaining accuracy. N

Han et al. [39] introduced a three-step weight pruning framework that cuts stor computation
costs by an order of magnitude, enabling efficient deployment on em% vices. Expanding
on this, Wen et al. [40] proposed structured sparsity learning (SSL), which €liminates entire filters

and channels, yielding up to 5.1 x speedups on CPUs.

Automated pruning has also gained traction. NetAdapt by @11 [41] iteratively adapts models
for real-world hardware, achieving a 1.7 x speed-up,wi ccuracy loss. Auto machine learning
for model compression (AMC) by He et al. [42@ ges reinforcement learning to automate

compression. This method surpasses manu ed approaches in efficiency and accuracy.

Beyond pruning, Han et al. [43] develpped an efficient inference engine (EIE), optimizing
inference on compressed D thrpugh connection pruning and weight sharing.
EIE achieves 120 x energy satings and 189 x speed-ups over CPU implementations, making deep
models feasible for edge %@

Despite these adva ts, a unified framework for evaluating pruning techniques remains
lacking. Cheng Nf44] address this by providing a taxonomy and comparative analysis of
pruning metHods, offering insights into post-training pruning, structured sparsity for hardware

accelerat@and pruning strategies for vision transformers and diffusion models.

3 Proposed Method

In fruit quality classification, it is crucial to develop an approach that balances high accuracy with
cost-effectiveness, enabling the deployment of fruit classification devices in real-world
agricultural settings. To achieve this goal, implementing a deep learning model on a

microcontroller instead of a high-power computing system is necessary. However, the limited flash
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memory, RAM, and computational power of microcontrollers impose significant constraints on

model size and complexity.

To address these limitations, this study proposes an optimized deep learning-based approach for
tangerine classification using an enhanced version of the YOLOv7-tiny model. While YOLOv7-
tiny is recognized as a compact and efficient convolutional model, its default size of 12 MB
exceeds the memory constraints of embedded hardware. Given the maximum availabl ory
of 2 MB on the ARM Cortex-M7 (STM32H743) microcontroller, it is essential to red. model
size while preserving classification accuracy. The proposed approach inv@ knowledge
distillation, structured pruning, and post-training quantization to achieve,thig,goal. To mitigate

%ﬂto the model. This

accuracy degradation caused by model compression, the CBAM is integ

module enhances the model’s focus on key visual features, @ing robust classification
performance despite the reduced size. 0

3.1 Outline of the Proposed Method Q

The overall framework of the proposed fine-graine @germe classification approach on an ARM
microcontroller is depicted in Figure 1. The system operates as follows: initially, images

of tangerines in different stages, includingeripe, semi-ripe, and unripe, are captured and

preprocessed. Preprocessing steps inc ata augmentation techniques such as rotation, scaling,
and contrast adjustments to enhanc diVersity and robustness of the dataset. The dataset is then
used to train the CBAM-en YOLOvV7-tiny convolutional model, which improves feature

extraction by 1ncorporatm@t spatial and channel attention mechanisms.

To optimize the \@ for deployment on an ARM Cortex-M7 microcontroller, knowledge
distillation 1s e to transfer knowledge from the CBAM-enhanced teacher model to a
compact Q model. The student model is trained using a combination of Kullback-Leibler

( ivérgence loss, mean squared error (MSE) loss, and cross-entropy loss to match soft
probdbilities, align feature representations, and ensure correct classification, respectively.

After training, structured pruning is applied to remove redundant filters based on their importance
scores, further reducing computational complexity. Addition- ally, post-training quantization
(PTQ) is implemented, converting the model’s 32-bit floating-point parameters into an 8-bit

integer representation to minimize memory usage and inference latency. Other optimization



techniques, such as dropout regularization and the use of convolutional filters with stride 2, are
incorporated to balance accuracy and efficiency. The final optimized model is converted from
PyTorch to ONNX format, reducing the model size to less than 2 MB, facilitating seamless

deployment on the resource-constrained microcontroller.

For evaluation, images that were not included in the training dataset are used to assess the midel’s

ex-M7

generalization performance. In real-world deployment, online image capture is condu ing
o
the OV7670 camera, which captures tangerine images and transfers them to the AR

microcontroller via the DCMI communication interface. The microcontroller proa@’ the images
in real time and classifies the tangerines into ripe, semi-ripe, an% & categories. The

classification results are then displayed on an OLED screen, providi efficient and cost-

effective embedded solution for automated tangerine classiﬁcaﬁon(b

3.2 Dataset Preprocessing Step §
C

In this section, the features of the dataset, includigg i apture and data augmentation, are
described. The preprocessing stage commences w turing images of fruits in the orchards to
compile the dataset. The images are sta% to dimensions of 160x160 pixels and
categorized into three classes: ripe, semi-ripeyand unripe. To improve the effectiveness of the
proposed convolutional model, data entation techniques are employed. For labeling and
preprocessing tasks, the onling so Roboflow is utilized. The number of images captured for
ripe, semi-ripe, and unripe taes 1s approximately equal, totaling 337. Leveraging Roboflow
software, preprocessin o@tions such as image denoising, blurring, cropping, and rotation are
performed, expand Kﬂataset to 733 images. Of this total, 80% (586 images) are allocated for
model training, % reserved for validation and 10% for testing the trained model. During

the training ghase, 80% of the dataset (586 images) undergoes 200 epochs of convolutional model
training. C)

The @ataset utilized in this study is sourced from orchards in Sari city, Iran. To proceed with
training the model, it is essential to organize the tangerine dataset into three categories. An

illustration of the dataset is provided in Figure 2 as a reference example.
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3.3 Knowledge-Based Training and Model Compression

The overall knowledge distillation process, including the transfer of knowledge from the teacher
model to the student model using KL divergence loss, MSE loss, and cross-entropy loss, is
illustrated in Figure 3. The training process consists of two stages: teacher model training and
student model compression. In the first stage, a teacher model is trained using the CBAM-
enhanced YOLOvV7-tiny architecture on a dataset collected from tangerine orchards. T g@et
undergoes preprocessing steps, including image resizing, augmentation, and pixel n ization,
to enhance model generalization. The CBAM refines feature representation by adaptiviely applying
both channel and spatial attention mechanisms, allowing the model to fo discriminative

regions of tangerine images.

In the second stage, a knowledge distillation framework is used to@ a compact student model
under the supervision of the pre-trained teacher model. Knowledge distillation ensures that the
student model learns from the softened probability out @he teacher, effectively preserving
the performance of the larger model while signiﬁcaﬁ &cing its size. The objective is to match
the output probability distributions of both m el@;i e maintaining classification accuracy. The

distillation process is formulated as a loss 10h comprising multiple components:

_ 2 N iog P 44)
LKL =7 ZI: pt(l)log ps(i) ,@ (1)

where p, (i) and p, (i) represe@ soft probability distributions of the teacher and student models,

respectively, and 7 is t&@perature parameter that controls the smoothness of the probability

distribution.

To further improyve knowledge transfer, mean squared error (MSE) loss is applied to intermediate

feature n‘@extracted from the teacher and student models:
13 . (12
LMSE - NZ”E (') - Fs (')”2 (2)
i=1

where F,(i) and F,(i) denote the feature maps from the teacher and student models, respectively,

and N represents the total number of feature maps. Additionally, a standard cross-entropy loss is

used to ensure the student model correctly predicts the class labels:

11



==Y log p, (i) (3)

Where VY, is the ground truth label, and p,(i) is the predicted probability of the student model is.

The final loss function is a weighted combination of these three components:
L=abl +Blyse + 7l (b(ﬁ)

where «, f, and y are hyperparameters controlling the contribution of each loss terrﬁ,&

In this work, the coefficients «,f, andyin Eq. (4) were determined @fly through
hyperparameter tuning on a validation subset (10% of the training data@' each individual
loss component (KL divergence, MSE, and CE) was evaluated to ensure that all terms contributed

within a comparable numerical range. Then, a grld was performed with
ae{02040608} andﬁe{0001020304 ssettoma1nta1na+,6’+7/ 1.
The temperature parameter 7 for the KL divergence te@?‘[ested within 1 2,4, 8} ,and 7=4

transfer. The final selected values were «

yielded the best performance by producing a s fte@glblllty distribution suitable for knowledge
%ﬂ =0.30,7 =0.10, and 7 =4, which achieved

the best validation performance and stib:§ convergence. Sensitivity analysis indicated that small

variations (+0.05) in these coeffigi caused less than 0.02% variation in mAP, confirming the

robustness of the selected co uration.

Following knowledge d's@ion, structured pruning is applied to remove redundant filters and
reduce the computat LNomplexity of the model. Filters with low importance scores, determined
by their L1-no g, are eliminated to reduce model size while maintaining classification

accuracy. Th@portance of each convolutional filter is calculated as:

. O

S| WJ‘ (5

where W, ; represents the weights of the j-th filter across all input channels C, and S;is the

importance score of the filter.
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To ensure seamless deployment on an embedded system, post-training quantization is applied to
convert the model weights and activations from 32-bit floating point to 8-bit integer representation.

This reduces memory footprint and computational cost while preserving model performance.

The final compressed model (without CBAM) is converted to ONNX format and deployed on an
ARM Cortex-M7 microcontroller. Real-time classification is performed using an OV7670 camera,
and the classification results are displayed on an OLED screen. The proposed ach
successfully optimizes deep learning-based tangerine classification for edge Al appl.i& s while
maintaining high accuracy and efficiency. The CBAM-enhanced model, h 1, contains

attention modules (channel and spatial attention) that involve operations noditgétly supported by

STM32Cube.Al x

Deploying CBAM on STM32 requires manual 1mplementat1 t1mlzat10n such as using
integer arithmetic, lookup tables, and custom kernels, to a ate the attention mechanism

efficiently on the microcontroller.

3.4 The Proposed Enhanced YO 7-tiny Model with Convolutional
Block Attention Modul

Sy é
In this architectural design, the C@is integrated into the YOLOV7-tiny model to serve as the

teacher model in the knowle

CBAM-enhanced YOLOy,

distillation process. The overall architecture of the proposed
including the schematic representation and the dimensions of the
feature map matrix, isillasirated in Figure 4. This model is devised based on insights gleaned from
rises three primary components: the backbone column, the convolutional

ule, and the head.

The bacl@e column is responsible for extracting crucial features from the input image and
fo ding them to the convolutional block attention module. The CBAM module introduces a
lightweight yet effective feed-forward attention mechanism that generates attention maps along
two axes: channel and spatial dimensions. These attention maps are applied to the backbone feature
map to enhance significant feature representation while suppressing irrelevant background
information. This refinement process enables the extraction of more discriminative features for

tangerine classification.

13



In the final head section, the model predicts object locations and class labels by generating
bounding boxes around detected objects. The integration of the CBAM module within the
backbone of YOLOV7-tiny enhances feature extraction and classification accuracy, albeit with an
increase in computational overhead. To mitigate this, the trained CBAM-enhanced YOLOvV7-tiny
model is utilized as the teacher model in a knowledge distillation framework, where its learned
representations are transferred to a more compact student model. This ensures that the ben f
the attention mechanism are retained while reducing computational complexity for de&@ent on

resource-constrained hardware.

representations to the student model, which undergoes further compres rough pruning and

By employing this strategy, the teacher model facilitates the dlssﬂ %f rich feature
quantization. The resulting student model maintains high pla tion performance while

achieving efficient real-time inference on embedded devices. 0

To train the proposed convolutional model, the mput im % dimensions of 640x640 is input
into the network, resulting in three distinct scales of f maps. These feature maps aid in object
detection, with smaller scales suitable for, dete larger targets and larger scales adept at
detecting smaller targets. Notably, the %on module within the convolutional block
encompasses a multi-layer perceptrm%MLP) style network in its channel part. During
backpropagation, the network wel f this module are updated, thereby enhancing the accuracy
of the proposed convolution@odel. Subsequently, the internal components of the proposed
model will be elucidated. ernal components of the Convolutional-BatchNorm-LeakyReLU

(CBL) module are de mn Figure 5.

The module b ith a convolutional filter, followed by batch normalization technique
employed to@ance the performance and stability of neural networks. Lastly, the Leaky ReLU
activatio ction is applied. Leaky ReLLU behaves differently based on input values: for inputs
greatef than zero, it outputs the same value, while for inputs smaller than zero, the input is
multiplied by 0.1. Unlike ReLU, Leaky ReLU preserves inputs less than zero, considering them
with a factor of 0.1 for negative values. This ensures that none of the network nodes are entirely

deactivated.
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The efficient layer aggregation network (ELAN) is a computational block that influences both
speed and accuracy through the analysis of factors such as memory access, I/O channel ratio,
activations, and pathways. Figure 6 illustrates the internal components of ELAN. Its prominent
feature lies in its time-saving capabilities, enabling more efficient performance of object detection

tasks. Moreover, ELAN facilitates model execution on low-end or edge devices with constrained

hardware resources. (b

o
To enhance image classification, it is positioned within the head section, com& three
integrations with filter sizes of 9x9, 13x13, and 5x5 in parallel with the input r@ ultimately
connected at the end. Figure 7 illustrates the internal components of th@l pyramid (SP)

module. x

3.5 Proposed Convolutional Block Attention %&e’

The convolutional block attention module (CBAM) co f two sequential sub-modules:

channel attention and spatial attention. Figure 8 illustr, e schematic of CBAM applied to a
feature map. O\

In this study, the input feature map to the 1 t CBAM module has a spatial size of 40x40
and a depth of 8 channels. First, both maftimum and average pooling operations are applied
along the spatial dimensions, prow twp 1x1 feature maps with 8 channels each. These maps

are then passed through an network,

followed by concatenatio 1gmoid activation. The resulting output constitutes the feature map

refined by the chann &nion module, as described in Eq. (6).

M.(F)=o(M vgPool (F)) + MLP(MaxPool (F))) = a(ww,F,, + Ww,F.) (6)

0" avg 0" max

In the s@uent stage, a convolutional operation is performed between the initial feature map
and?ﬁtput from the channel attention module. This outcome is then utilized in the spatial
attention module. Within this module, separate max and average pooling operations, employing a
1x1 kernel and a stride of 1, are conducted on the layers of the feature map. Consequently, two
layers with dimensions of 40x40 are generated. Following the concatenation operation, a

convolutional filter with dimensions of 7x7 and padding 3 is applied, succeeded by the sigmoid
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activation function. At this juncture, the output of the spatial attention module, sized 40x40, is

attained, as delineated in Eq. (7).
M; (F) = o(Conv"™" ([ AvgPool (F ), MaxPool (F)1)) = o (Conv™’ ([F,,,, F.. 1)) (7)

In which M indicates the spatial attention module. Next, the convolution operation is performed

between the output of the spatial attention module (as specified in Eq. (7)) and the inp re
map of the spatial attention module (as defined in Eq. (8)). Consequently, the C.(& ensive
output of the CBAM module (as described in Eq. (9)) is achieved, possessi ensions of
40x40 and 8 layers. While ® indicate the convolution operation and M ate the channel

attention module.

F =M.(F)®F ¢ (8)
&

F =M, (F)®F 9)

4 Evaluation of the Propo c@}ethod

To comprehensively evaluate the proposed o ization pipeline, four versions of the YOLOv7-
tiny model were trained and analyze the original YOLOvV7-tiny model, (2) YOLOvV7-tiny
enhanced with CBAM, (3) a size-r d Student model derived by reducing the number of filters
in the convolutional layers fr@ to 32, and (4) the student model further enhanced with CBAM.
The filter reduction effect@ ecreases the model’s size and computation, making it suitable for
edge deployment o - controllers. However, this compression may impact classification
accuracy. There Q inclusion of CBAM in the student model aims to recover potential
accuracy los @mmcing the model’s attention to important spatial and channel-wise features.
This set @xperimen‘cs enables a thorough analysis of the trade-offs between model size,
com?ﬁnal cost, and accuracy, ensuring an optimal balance for real-world deployment. The

trainifig process was performed using Google Colab with a dataset collected from tangerine

orchards.

The teacher model was designed by integrating the CBAM module into YOLOvV7- tiny and training
it on the tangerine dataset. To achieve an efficient student model, knowledge distillation was

applied, transferring the knowledge from the teacher model to a compact version of YOLOv7-tiny.
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The distillation process incorporated Kullback-Leibler (KL) divergence loss to align soft
probability distributions, mean squared error (MSE) loss to match feature representations, and
cross-entropy loss for supervised learning. After distillation, structured pruning was applied to
remove redundant filters, further reducing computational overhead while maintaining
performance. Additionally, post-training quantization (PTQ) was performed, converting weights

to 8-bit integer precision to ensure seamless deployment on an embedded ARM Co 7

microcontroller. ¢ &

As summarized in Table 3, the original YOLOv7-tiny model is approximately 3 1% larger than

the final reduced-size student model. After applying knowledge distili;tiqg ning, and post-

training quantization techniques, the student model achieved a co t size of 373 kB,
representing a 4.28% decrease in accuracy (measured by mAP K)‘?compared to the original
YOLOv7-tiny model. Incorporating the CBAM module into e

accuracy by 3.35%, effectively narrowing the performax@p with the teacher model to just

0.93%. o @

The addition of the CBAM module intro% overhead of approximately 12 kB, which
d

nt model further improved

corresponds to about 3% of the size of uced student model. Considering the 3.35%
improvement in accuracy for such a%iﬂl increase in memory footprint, this enhancement
demonstrates a highly efficient trae ‘@1 ween accuracy and model size, making it particularly

suitable for deployment on edggdevices with limited computational resources.

Figure 9a, 9b, 9c, and trate the precision-recall (PR) curves for each of the models. The
legend in these dia esents the classification details and evaluation metrics used. The Class
section indicat iject category for classification, where all represents all images, 1
corresponds derrlpe tangerines, 2 represents semi- ripe tangerines, and 3 corresponds to ripe

tan

erin
The Ezaluation metrics include precision (P), which measures the success rate of correctly
detecting an object in an image, and recall (R), which assesses the actual detection rate of objects
present in the image. Additionally, the mean average precision at an intersection over union (IoU)
threshold of 50 percent, denoted as mAP 0.5, is used to evaluate the accuracy of detection when at

least half of the predicted bounding box overlaps with the ground truth. Finally, the mAP 0.5:0.95

17



metric calculates the mean average precision over a range of IoU thresholds from 50 percent to 95

percent, providing a more rigorous evaluation of detection accuracy.

This evaluation demonstrates that the proposed knowledge distillation, pruning, and quantization
approach effectively reduces the model size while maintaining high classification accuracy. The
resulting embedded system achieves real-time classification performance with a significantly

smaller model footprint, making it highly suitable for edge Al applications in smart agrb

D
4.1 Ablation Study (D‘Q
Table 4 presents a comprehensive ablation study conducted on YOL 7&/iny for the task of
tangerine classification. The original YOLOv7-tiny model, seryifg, as the teacher baseline,
achieves an excellent mean Average Precision (mAP) of 96.%”31 cost of a large model size
(11,945 KB) and high inference latency (27.3 ms), makin@s suitable for deployment on edge

devices. Enhancing the teacher model with the CBAM glightly improves accuracy to 97.6%, with
a marginal increase in both size and latency. O\

To create a compact and deployable model, we first trained a student model with reduced filters
from scratch. This initial compressioq‘%lces the model size significantly, approximately 85%
smaller than the teacher—at the of'reduced accuracy (89.3% mAP). Applying knowledge
distillation to this student mo oosts the mAP to 92.7%, without significantly altering the model
size. Although latency sli creases due to the added complexity introduced during training,
the inference time remdins notably faster than the baseline. This highlights the effectiveness of

distillation in re% performance lost through filter reduction.

When prunir@ applied independently, the student model’s size and latency are further reduced
(to 1,374 and 9.5 ms, respectively), though at a cost in accuracy (88.6%). Quantization alone,

using/8-Bit integer precision, results in a substantial size

reduction to 462.75 KB and a latency of 6.3 ms, while maintaining a relatively high accuracy of
91.8%, indicating that quantization is highly effective for edge deployment. The combination of
distillation, pruning, and quantization yields a highly optimized model with a mAP of 92.62%, a

compact size of 373 KB, and an inference latency of 5.1 ms. This variant represents the best trade-
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off in the non-attention-based group, achieving nearly a 30-fold compression from the original

model with less than 5% drop in accuracy.

Further improvements are observed when incorporating CBAM into the student model. The
CBAM-augmented student, trained from scratch, achieves a mAP of 90.5%, which increases to
94.3% with distillation. When all compression techniques are applied distillation, pruning, and
quantization, the resulting model achieves a mAP of 95.97%, with a size of only 385 a
latency of 5.2 ms. This final configuration delivers near-teacher performance with. igHtweight
and efficient footprint, making it highly suitable for real-time deployment on reso@constrained
edge Al systems. These findings clearly demonstrate the advanta%ef)ﬁ ining attention

mechanisms with model compression techniques for achieving high-ac y, low-latency, and

>

memory-efficient deep learning models. °
The results confirm that the combination of CBAM, (M ge distillation, pruning, and
quantization effectively optimizes the YOLOv7-tiny mo edge deployment. The final student
model, enhanced with CBAM and all three compre. i chniques, achieves a 31 x reduction in
model size and a 5.25x reduction in infere l®cy compared to the original YOLOV7-tiny,
while maintaining a high accuracy of 95%These improvements make the model highly

suitable for real-time tangerine classification on resource-constrained devices such as

microcontrollers. @

Figure 10, Figure 11, and Fig illustrate the results of our ablation study on the YOLOv7-tiny
model, comparing th @mance of variants with and without CBAM. Figure 10 presents
classification accur: P 0.5), highlighting the effectiveness of each optimization technique—

knowledge disti@) runing, and quantization—individually and in combination.

efficiency, making the models more suitable for real-time edge deployment.
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5 Conclusion

In this study, we focused on reducing the size of the YOLOvV7-tiny convolutional model while
maintaining high accuracy for classifying ripe, semi-ripe, and unripe tangerines. To achieve this,
we introduced a teacher-student learning framework, where a CBAM- enhanced YOLOvV7-tiny
model served as the teacher, and a compact student model was obtained through knowledge
distillation, structured pruning, and post-training quantization. The final student moslel “@l a
classification accuracy of 95.97%, with only a 0.93% decrease in mAP compared t(Ng original
YOLOvV7-tiny baseline model (96.9%), while being approximately 31 x sm% model size

(from 11,945 KB to 385 KB) and 5.25x faster in inference latency time f&
This optimized model was successfully deployed on the STM32H7

.3 ms to 5.2 ms).
6 microcontroller,

demonstrating the feasibility of real-time classification ons re@e—cons‘[rained embedded

hardware. &N

Our objective was to develop a cost-effective and eff@ angerine classification system that
[

adheres to tight hardware constraints, and this goal’has been effectively realized. The proposed
approach enables qualitative grading of h% angerines, making it suitable for practical

applications in agricultural automation.

As part of future work, we plan %a the dataset to include images captured under varying

real-world scenarios. Moreo ture research may explore classifying tangerines directly on the

lighting conditions, includinz semiddark and low-light environments, to improve robustness in
tree by incorporating d% daptation techniques. Another promising direction is the integration
of alternative atteechanisms, such as squeeze-and-excitation (SE) modules, to further

enhance model ¢fficiefiey and accuracy.

activation (LeakyReLU), pooling, and fully connected—supported by the STM32Cube.Al
operator library. However, the CBAM-enhanced variant could not yet be fully implemented
because of the current STM32Cube. Al framework lacks native support for custom attention
operations such as global pooling across multiple branches and element-wise channel weighting.
Despite this limitation, the deployed student model achieved real-time inference with a latency of

20



5.2 ms and an accuracy of 92.62%, validating the efficiency of the proposed compression pipeline
(distillation, pruning, and quantization) for embedded vision tasks. Future work will explore the
integration of CBAM and other lightweight attention modules through custom layer

implementation or model conversion to extend compatibility with STM32-based Al accelerators.
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Figures Caption

Figure 1. Outline of the proposed method of implementation. O(b
o

Figure 2. Fine-grained classification of tangerines: N

Unripe (left), Semi-Ripe (middle), Ripe (right).

Figure 3. Knowledge distillation process where the teacher model guides the student model ug1 divergence

loss, MSE loss, and cross-entropy loss. &
Figure 4. Block diagram outline of the proposed CBAM-enhanced YOLOvV7-tiny as%@ er model.

Figure 5. Block diagram of CBL module. o &

Figure 6. Block diagram of ELAN module. &
Figure 7. Block diagram of SP module. Q

o
Figure 8. A summary of the proposed convolutional block attenti @dule.
Figure 9. Precision-recall diagrams for different YOL, 7—1@10dels.
Figure 10. Comparison of classification accuracy (m '5) across different models derived from YOLOv7-tiny,
with and without CBAM. The ablation study highdights the individual and combined impacts of knowledge
distillation, pruning, and quantization techniq r tangerine classification.
Figure 11. Comparison of model size (i@r rious YOLOv7-tiny derivatives, with and without CBAM. The
ablation study illustrates the effect? ess of"Mmodel compression strategies in reducing storage requirements while

preserving accuracy.

Figure 12. Comparison of i fe@ latency (in milliseconds) for different YOLOV7- tiny variants, with and without
CBAM. The results demonstgate iow distillation, pruning, and quantization contribute to faster real-time
performance suitable fo eployment.
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Tables Caption

Table 1. Comparison of convolutional models and hardware utilized in fine-grained fruit &

O(b

S
&

Table 2. Comparison of lightweight convolutional models on the COCO dataset. x

Table 3. Performance Comparison of Different Model Variants.

; ‘Z>'

Table 4. Ablation Study on YOLOv7-tiny for Tangerine Classification.
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Figure 3. Knowledge distillation process where t teac;r model guides the student model using KL divergence

loss, MSE loss, and cross-entropy loss.
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[CBAM: Convolutional Block Attention Module] [NIP & ELAN: Max Pooling + ELAN]
[CBL: Convolution + BatchNorm + LeakyReLU] [ SP: Spatial Pyramid Pooling ]
[ELAN: Efficient Layer Aggregation Network] [Out: Output feature maps ]
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Figure 4. Block diagram outline of the proposed CBAM- enhmce@ v7-tiny as the teacher model.
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Figure 7. Block diagram of SP module.
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Ablation Study on YOLOv7-tiny for Tangerine Classification
mAP Comparision
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Figure 10. Comparison of classification accuracy (mAP@0. 5) acr ent models derived from YOLOv7-tiny,
with and without CBAM. The ablation study highlights the in nd combined impacts of knowledge
distillation, pruning, and quantization techniques for tangerzacxlﬁcatlon

Model Size Comparision
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Figure 11. Comparison of model size (in KB) for various YOLOv7-tiny derivatives, with and without CBAM. The
ablation study illustrates the effectiveness of model compression strategies in reducing storage requirements while
preserving accuracy.
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Inference Latency Comparision
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CBAM. The results demonstrate how distillation, pruning, and quantiation?Contribute to faster real-time

Figure 12. Comparison of inference latency (in milliseconds) for diff‘f&OV7— tiny variants, with and without
performance suitable for edge deployment.
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Table 1. Comparison of convolutional models andthardware utilized in fine-grained fruit classification.

CNN Model Improvement metl‘m ize (MB) Hardware AP%  Fruit
Researcher b PC 90 banana [6]
Torchvision Spinal net Vol 40 PC 99 fruit360 [16]
DenseNet -Dased attention  43.6 PC 69 oil palm [24]
BO-EfficientNet ‘ PC 91.7 oil tea [25]
YOLOvS tion 168 PC 95.3 citrus fruits [26]
YOLOvS module 168 PC 90.6 apple [33]
YOLOV5 Flood filling 168 PC 90 cherry [27]
Rew Tflite <1 ARDUINO Nano 93.11  fruits [28]
YODOV3-tiny 33.2 NVIDIA Jetson TX1 72.15  tomato [29]
YOLOvV4-tiny 23.1 NVIDIA Jetson TX1 77.25 tomato [29]
MobileNet quantization 14 Raspberry Pi 4 88 peach [34]
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Table 2. Comparison of lightweight convolutional models on the COCO dataset.

Model YEAR mAP size
YOLOV7-tiny 2022 56.7 12MB
YOLOV4-tiny 2020 40.2 23.1MB
YOLOV3-tiny 2018 54

Table 3. Performance Comparison of Different Model Variants.

'.Q@'

Model mAP 0.5(%) mAP 0.5:0795(% Size (kB)
YOLOV7-tiny 96.9 g AL ¥ 11945
Enhanced YOLOV7-tiny with CBAM 97.6 % 12039
Student Model (Distilled & Pruned & Quantized) 92.62 ° S 373
CBAM Enhanced Student Model 95.97 8.8 385

(Distilled & Pruned & Quantized)

Table 4. Ablation Study on YOLOv7-tiny for Tangerine Clgssification.

)

O\

S

Model Variant mAP 0.5 Size (KB) Latency (ms)
Teacher model: YOLO 7-tiny (Baseliw 96.9 11,945 27.3
Student model (reduced filters, trai from s€ratch) 89.3 1,851 10.7
Student model + Distillation onlyb 92.7 1,850 11.2
Student model + Pruning l)@ 88.6 1,374 9.5
Student model + Quantj &bnly (8-bit) 91.8 462.75 6.3
Student model + [}’ﬂ) ion + Pruning + Quantization 92.62 373 5.1
Teacher model: tM:ed YOLO 7-tiny with CBAM 97.6 12,039 29.4
Student e BAM (reduced filters, train from scratch) 90.5 1,966 11.4
S m + CBAM-+ Distillation only 94.3 1,965 11.8
sw&@ model + CBAM+ Pruning only 89.1 1,486 10.3
Student model + CBAM+ Quantization only (8-bit) 93.2 491.25 6.8
Student model + CBAM+ Distillation + Pruning + Quantization 95.97 385 5.2
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