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Abstract—You Only Look Once (YOLO) object detection
network has gained significant adoption in the field of plant leaf
disease detection due to its strong detection capabilities. However,
deploying YOLO models on resource-constrained devices remains
challenging, as they require substantial computational power. The
complexity and size of these models pose significant obstacles for
edge platforms, which are often limited in processing and memory
resources. To address these limitations and accelerate inference,
we propose a quantized version of YOLOVSx, called Quant-
YOLOvSx. This quantization reduces the size and complexity
of the model, making it more suitable for edge deployment while
maintaining competitive detection accuracy. The experiments
were carried out using a self-generated dataset focused on
detecting tomato and pepper leaf diseases. Our quantization
method reduces the bitwidth of the entire YOLO network to 8
bits, resulting in only a 2.8% decrease in mean Average Precision
(mAP), a 50% reduction in model size, and an increase of 4.7
FPS compared to the standard YOLOvV5 model.

Keywords—Object detection; plant disease; quantization tech-
nique; YOLOvS

I. INTRODUCTION

In Tunisia, the agricultural sector plays a vital role in
both the economy and the sociopolitical landscape, signifi-
cantly contributing to national objectives such as food secu-
rity, income generation, employment, and sustainable resource
management. Among key crops, tomatoes and peppers are of
particular importance. In 2023, Tunisia produced 1.09 million
tons of tomatoes [1], positioning the country as one of the
leading tomato producers in North Africa. Pepper cultivation
ranks third in vegetable agriculture, covering an area of 20,000
hectares with an average annual production of 346,000 tons
over the past five years [2]. However, the sector faces signif-
icant challenges, particularly the prevalence of plant diseases.
In 2021, plant diseases reduced the cultivated area of tomatoes
by 15% [3]. Similarly, pepper crops experienced more than a
50% loss of potential production during the peak season due
to disease outbreaks [4].

To address these challenges, early and accurate detection
of plant diseases is essential. Recent advancements in artifi-
cial intelligence, particularly deep learning, have enabled the

development of intelligent systems capable of automatically
diagnosing plant diseases. Among these techniques, object
detection methods have become pivotal for not only identifying
but also localizing diseased regions on plant leaves. These
methods provide valuable spatial information that enhances
the precision of disease management strategies. Convolutional
Neural Networks (CNNs) are widely used in this context, of-
fering significant improvements in detection accuracy. Among
the various object detection methods, YOLO (You Only Look
Once) has attracted significant attention. YOLO has evolved
through several versions, from its initial release in 2016 to
YOLOvVIO in 2024. Our work focuses on YOLOVS, as it
has been the subject of more extensive research and well-
established studies. However, this investigation can be ex-
tended to include newer versions of YOLO in future work.

In 2020, Ultralytics introduced YOLOVS, available in five
different model sizes, ranging from nano to extra-large based
on the width and depth multipliers [5]. YOLOVS5 incorporated
several major improvements over previous versions, including
updates to the backbone architecture and the introduction
of automated hyper-parameter optimization. The backbone
features the CSPDarknet53 structure [6], which builds upon
Darknet53 with the addition of the Cross Stage Partial (CSP)
strategy. YOLOVS’s neck leverages CSP-PAN [7], along with
an enhanced version of the Spatial Pyramid Pooling block
(SPPF), which speeds up processing. For output generation,
the head still employs the structure used in YOLOv3. The
architecture of YOLOVS large (YOLOVS]) is shown in Fig.
1, where CSPDarknet53 includes C3 blocks, which are CSP-
enhanced modules. The CSP strategy divides the feature map
from the base layer into two parts, which are later merged using
a cross-stage process. This enables the C3 module to better
manage redundant gradients and improve the flow of informa-
tion between residual and dense blocks. The C3 block is a
simplified form of BottleNeckCSP, currently used in the latest
versions of YOLOVS. These updates have enabled YOLOvS
to reach state-of-the-art performance on several benchmarks.

The growing trend of using overparameterized models has
resulted in improved accuracy, but it has also significantly
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Fig. 1. Standard YOLOVS5 architecture.

increased the number of floating point operations (FLOPs)
and model parameters required [8]. These requirements hinder
the implementation of complicated models on edge platforms
due to constraints in memory, power, and processing ca-
pacity. To handle this challenge, different techniques have
been developed to compress deep learning models to enable
the deployment of large models on edge platforms. Model
quantization has emerged as a prevalent method for optimizing
performance. Within the various methods, model quantization
has emerged as a prevalent method to optimize performance.

The main contributions of this paper are summarized
as follows: The primary contribution is the development of
a hardware-efficient quantized YOLOVS5 architecture, called
Quant-YOLOVS, which employs a low-bitwidth quantization
method to minimize model size, computational complexity,
and inference delay for implementation on resource-limited
devices to detect plant leaf diseases. This novel architecture
includes the simplification of the activation function by re-
placing the SiL.U function with the hardware-friendly ReL.U
activation function, the combination of Batch Normalization
with adjacent convolution layers to reduce computational over-
head, and the replacement of the CBS, C3, and SPPF layers
with their quantized versions, which use 8-bit integer (Int8)
weights and activations instead of floating-point (FP32) values.
Additionally, the quantization technique leverages the PyTorch
framework and the Xilinx Brevitas library, specifically de-
signed for FPGA deployment, and supports the Quantization-
Aware Training (QAT) method. The performance evaluation
of the proposed quantized architecture is conducted using a
real-world dataset for tomato and pepper leaf diseases, and we
compare the proposed approach with state-of-the-art models
based on standard performance metrics.

The remaining parts of the paper are organized as follows:
Section II presents an overview of the different quantization
techniques. Section III describes the proposed methodology.
Section IV provides the experimental results and discussion.
At last, Section V summarizes the study and outlines potential
areas for research.

Vol. 16, No. 11, 2025

II. QUANTIZATION TECHNIQUES OVERVIEW

Quantization is a technique that maps a broad range of
high-precision values to a reduced collection of discrete values.
In terms of CNN models, quantization involves converting
weights and activations from floating-point representations
to low-bit numbers to decrease memory requirements and
computational complexity [9], [10].

Consider a neural layer, denoted by C, with an activation
function o. The function C' can be defined as follows:

C:&, —Ba, X—oWX+B) (D

where d. and dg represent the input and output dimensions,
and E and B each define a vector space over R. For a fully
connected layer, £ = R and for a convolutional layer acting
on a 640x640 pixel image, £ = R40*640_ The elements W

and B are, respectively, the weight tensor and the bias vector
associated with the layer.

The main objective is to optimize the computationally
intensive operations, particularly the matrix multiplication of
W x X. In the quantization process, performance improvement
is achieved by replacing traditional 32-bit floating-point arith-
metic operations, commonly used in training artificial neural
networks, with operations using fixed-point numbers with n
bits. Typically, n can take values of 1, 2, 4, 8, or 16.To
adapt the elements used in computing the function N to an
n-bit representation, a quantization operator, denoted @), is
required. This operator transforms the values of X so that they
are expressed within the interval {—2"71 —1,... 2771 — 1},
We assume that the range of X is symmetric for simplicity
(generally, @ = max |X| is used to define the limits). Thus,
the quantization of X is given by:

QIX)e{-2"1-1,...,27' -1} and X €[-,a] (2)

where a represents the maximum absolute value of X.
Consider a basic quantization operator, defined as:

n—1 _

2 1

_— A R L |
e L)

3)

where [] denotes rounding to the nearest integer. In this
general configuration, the function equation for the layer
becomes:

Q:Xl—){Xx

C:&, — By, X—oc(@QW)QX)+B) @)

It is important to note that the bias B is not subject to
quantization. Typically, in inference algorithms, the bias is
handled independently by the system performing the compu-
tations on a specific hardware architecture. A major concern is
determining whether quantization may introduce a significant
error. Indeed, if the distribution of X greatly differs from the
interval {—2"~! —1,...,2"=1 — 1}, initial quantization can
significantly alter the data scale. For this reason, it is necessary
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to implement a re-normalization step, or “dequantization.” This
operation is defined as:

271 1
«

QiloQ:XHO[ﬁ |:X>< :|€[O[,OZ] (5)

Consequently, the function for the layer becomes:

C: &y — Ba, X—o(QHQW)QX))+B) (6)

The error due to quantization is thus a rounding error
relative to the input scale. We can explicitly express this layer
function as follows:

B max | X| max |[W| |
O(X)0<<2n—1—12n—1—1 AV W
g1 _ 1
X {X X max|X|} +B>
(N

An examination of this formulation reveals several impor-
tant observations. First, it should be noted that the number of
bits allocated for the quantization of inputs X and weights W
does not necessarily have to be identical. It is common in the
literature to designate by W8/A4 the practice of quantizing
weights to 8 bits and activations to 4 bits.

Next, we observe that the scaling factor A\x = ;ﬂaﬁi{ll,
used for inputs, is also applied to the outputs, implying it
should have a dimension of 1. On the other hand, the scaling
factor \y = ;}f‘fllﬂ, used for weights, can take the form
of a vector with d, dimensions, introducing the concept of
per-channel quantization. Finally, it is essential to note that if
Q(W) and Q(X) are quantized on n bits, their product could
exceed this limit, leading to overflow (modulo). To prevent
this risk, intermediate calculations are often performed on 32
bits, a technique known as the 32-bit accumulator. In modern
inference systems, de-quantization (Q~!) and quantization (Q)
operations are seamlessly integrated to avoid costly conver-
sions from integers to floating-point numbers. Another notable
benefit of quantization, in addition to accelerating inference,
is the reduction in memory consumption. A large portion of
the memory cost in neural networks is attributed to storing
weights. Quantization not only reduces the data size for these
weights but also increases redundancy, which enhances the
efficiency of compression techniques without loss. Algorithm
1 and Fig. 2 summarize the quantization principles discussed
previously, illustrating how weights and activations are adapted
for increased efficiency in terms of both memory usage and
computational speed.
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Algorithm 1 Quantization Algorithm

Input: Weights W, activations X, number of bits b for quan-
tization
Output: Quantized weights Q(W), quantized activations
Q(X)
Function Quantize (W, X,b):
// Calculate the absolute maximum for
weights and activations
aw — max(|[W;]); ax < max(|X;|);
// Quantization of weights and
activations

QW) | x 2=t ()« [ X x 2021,

[e% ax
// De-quantization of weights to
maintain scale
W' QW) x m2;
return Q(W), Q(X);

Quantization methods are generally divided into two cate-
gories: Quantization Aware Training (QAT) and Post Training
Quantization (PTQ).

A. Post Training Quantization (PTQ)

Let us assume the existence of a pre-trained neural network
R. The quantization operator () mentioned earlier can be
directly applied to the weights of this network. However,
for activations of intermediate layers, such direct application
is not possible without knowing the value of «a (i.e., the
maximum absolute value of |X|). To address this lack of
information, Nagel et al. [11] suggested using accumulated
statistics in the batch normalization layers make it possible
to perform quantization after training. We denote by BN a
batch normalization layer placed just before the layer to be
quantized. Consider the transformation performed by a batch
normalization layer, defined as follows:

(X —p)

+ 68 ®)

where v and [ are learned parameters, x4 and « are calcu-
lated means and standard deviations, and ¢ is a small number to
prevent division by zero. When the batch normalization layer
is properly optimized, the expected value of BN (X) is 3 and
its variance is 2. Thus, it is possible to select a margin of
six standard deviations (although the authors recommend this
value, in practice, a range from 5 to 10 is also effective) to
ensure that:

BN(X) € [8 —6]y|,8+6]7] )

This range can then be used to define the limits of
the input values for the next layer in the network. This
method allows for precise quantization after training by using
the statistics of the previous layer’s activations. Post-training
quantization uses the original pre-trained full-precision model
without the need for further training. As a result, it offers a
more efficient quantization process, requiring less time and
fewer resources than training-dependent quantization meth-
ods. Although it doesn’t necessitate a complete dataset, post-
training quantization methods use calibration techniques to
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quantize the output activations. The authors in [12] present
application of PTQ technique on an improved YOLOv5-based
algorithm for tomato detection and ripeness assessment. Upon
training, they quantized the model to 16 bits using the Nihui
Convolutional Neural Network (NCNN) framework, achieving
a 51.1% reduction in model size, an 18.8 fps increase, with
a 0.9% decrease in accuracy. Zhang et al. [13] introduced a
post-training quantization (PTQ) framework based on a greedy
path-following mechanism to iteratively adjust quantization
settings, reducing computational complexity and memory uti-
lization without model retraining. This technique was tested
on ImageNet and achieved near-original model accuracy with
5-bit quantization under various bit-width constraints. Banner
et al. [14] propose a 4-bit PTQ approach using Analytical
Clipping for Integer Quantization (ACIQ), bias correction,
and per-channel bit allocation to reduce quantization errors.
These methods restore most accuracy loss without training,
showing a few percentage decreases compared to full-precision
models spanning convolutional neural networks like ResNet
and VGG. By incorporating statistical insights and closed-form
analytical answers, the method improves low-bit quantization
schemes’ usability and enables rapid implementation in limited
situations. In the study of [I5], post-training quantization
(PTQ) is used on the LeNet-5 model, leveraging both symmet-
ric and asymmetric quantization techniques to reduce model
complexity and size. Evaluated on the MNIST and Fashion-
MNIST datasets, the quantized 16-bit models showed the same
level of accuracy as the original 32-bit floating-point models.
The 8-bit versions, on the other hand, showed small accuracy
drops of 0.01% and 0.02%, respectively. The results show that
PTQ can reduce model size by up to four times and improve
the efficiency of storage and transmission, which means it can
be used on devices with limited resources.

B. Quantization Aware Training

The Post Training Quantization (PTQ) technique offers
several advantages, notably its simplicity of implementation,
as it does not require any quantization during the training
phase of a pre-trained network. However, parameters defined
from the final floating-point model can exhibit quantization
errors. These errors could lead to misclassifications due to
the increased quantization error. Quantization during training
(QAT) is then used to address these errors by adjusting the
parameters during the training phase. Since QAT integrates the
quantization process during training and adjusts the parameters
accordingly, it provides a notable advantage in improving op-
timization more significantly [16]. The overall approach relies
on using a quantized version of the network for computations
during training, both in forward and backward propagation,
while maintaining a copy of the parameters in full precision
(such as weights and biases). Conventional training techniques
for neural networks primarily rely on various forms of gradient
descent. However, the quantization operator (), as defined in
Eq. (2), generally has an almost zero gradient everywhere,
making it difficult to apply gradient descent directly. To
address this problem, researchers have proposed the use of
“straight through” (STE) estimators facilitates efficient learn-
ing despite these challenges. This approach involves treating
the derivative of the de-quantization operator Q! o Q as the
identity, i.e.:

Vol. 16, No. 11, 2025

VQ 'eQ)=1d (10)

This allows bypassing the problem of a null gradient. This
technique is equivalent to eliminating the rounding step during
the optimization process. Intuitively, it involves maintaining a
floating-point version of the network. After an initial inference
using the quantized network, the floating-point version is used
to backpropagate the error. Subsequently, the quantized version
of the network is returned for the next phase of training.

In study [17], the authors presented a QAT methodology
that adaptively establishes the rounding strategy for weights
according to the direction of their updates during training
while adjusting the corresponding gradient. Their approach in-
cluded layer-wise quantization, implementing symmetric clip-
ping ranges for weights and asymmetric ones for activations
within the network. Authors in study [18] modify the archi-
tecture of YOLOvV5 backbone with SuffleNetV2 architecture
and decrease the layer depth in the PAN and head networks,
optimizing the model for mobile devices. Using QAT tech-
niques with TensorFlow Lite Micro, they quantize weights
and activations to 8-bit accuracy, enabling deployment on an
ultra-low-power microcontroller from the STM32 family. This
optimization reduces the model size by 87.5MB, decreases
latency by 92.7, and results in a 14% accuracy loss.

Subsequent works [19] expanded these concepts to higher
bit widths and also addressed the quantization of gradient
signals. Other methods propose learning parameters that define
the range of activation signals within the network [20], as
well as new gradient estimations that facilitate the learning
of appropriate scaling factors for the integer quantization of
weights and activations [21].

Fig. 2 illustrates the fundamental principles of the two
quantization methods, QAT and PTQ, used in neural network

architectures.
Quant ~ 72 i .
- int: int!
Quant _\0@
S

(a)

-
-

Fig. 2. Diagram quantization processes: (a) Training-aware quantization
(QAT), (b) Post-training quantization (PTQ).
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III. PROPOSED QUANTIZED DEEP LEARNING MODEL:
QUANTIZED YOLOVS

A. Proposed Methodology

Although YOLOVS5 models show efficacy in the detection
of plant diseases, deploying these networks on edge platforms
necessitates considerable computational resources, resulting in
increased processor consumption and large memory bandwidth
consumption. These requirements create significant challenges
for edge platforms, which have limited computing and mem-
ory capabilities. Field-programmable Gate Arrays (FPGAs)
address these difficulties. FPGAs enable accelerated computa-
tions while reducing energy consumption, making them well-
suited for embedded applications. Despite this solution, the
complexity and size of YOLO models remain a barrier for edge
platforms. To overcome these challenges, we adopted neural
network quantization, which reduces the size of the model
while maintaining acceptable performance. As illustrated in
Fig. 3, our methodology begins with the development of
Quant-YOLOVS, a quantized version of the YOLOvS model.
Tensorflow and Pytorch are the most commonly used frame-
works to quantify DL models. These frameworks quantify
DL models for resource-constrained CPU or GPU hardware.
However, these frameworks do not support FPGA-based hard-
ware accelerators. Brevitas is a Pytorch library for creating
QNN models with various extraction levels, which can be
deployed to Xilinx FPGAs using the experimental frame-
work FINN [22]. Our work aims to produce deep learning
models suitable for devices with constrained computational
resources, such as FPGAs. Consequently, we used the Brevitas
framework to quantize the YOLOvVS model, as it serves as a
single framework that supports the design, development, and
execution of quantized neural networks in FPGAs [23], [24],
[25]. After training and quantizing the model, it is exported
in ONNX format, which ensures portability and facilitates its
transformation for hardware-specific applications. Finally, this
standardized model is converted into FPGA logic using the
FINN framework. Finally, model inference could be performed
directly on the FPGA architecture, effectively addressing mem-
ory and computational resource constraints while maintaining
optimal performance.

B. Proposed Quantized YOLOvVS Architecture

For the development of our Quant-YOLOVS model, we
used Brevitas [26], a PyTorch library developed by Xilinx
Research Lab, specifically designed for quantization-aware
training (QAT). A unique feature of Brevitas is its capability
to quantize input features, an advantage not found in many
other frameworks, providing significant resource savings for
resource-constrained devices like FPGAs. It enables the trans-
formation of traditional PyTorch layers into their quantized
equivalents, creating hybrid models that combine quantized
and nonquantized layers. This capability is achieved through
Brevitas’ interoperability with PyTorch layers, allowing for
the selective quantization of critical parts of the network,
including weights and activations. Brevitas plays a key role
in producing models compatible with FINN, offering a wide
range of options for designing quantized neural networks.
The type of quantization supported by Brevitas is uniform
quantization.

Vol. 16, No. 11, 2025

Uniform quantization is based on three key parameters: the
scale factor, the zero point, and the bit width. The scale factor
and zero point are used to map a floating point value to an
integer value, the size of which depends on the bit width. The
scale factor is typically represented as a floating point number
that determines the quantization step size. The zero point is an
integer that ensures the correct quantization of the zero value.
This is essential to avoid issues when applying functions such
as ReLU or shift operations [27]. Once these parameters are
defined, the quantization process can begin. Starting with a real
value z, it is transformed into an unsigned integer & according
to the formula:

@:clamp(EJrz],o,qu) (11)

where |-] represents the rounding operator to the nearest
integer, and the clamp function is defined as:

a ifx<a,
clamp(z;a,c) =z ifa<z <cg, (12)
c ifx>ec

To approximate the initial real value, a dequantization step
is necessary:

Z=s(2—2) (13)

By combining these two steps, we obtain a general defini-
tion of the quantization function ¢(z):

& = q(x; 8, 2,b) = clamp (E + z—‘ 0,20 — 1) (14)

With this dequantization step, we can also define the limits
of the quantized values (Zyin and Zp,y) as follows: T, = 2
and Zmex = 2° — 1 4 2. Values z that exceed these limits will
then be truncated, resulting in a clipping error. To reduce this
error, it is possible to increase the quantization scale. However,
this introduces more significant rounding errors. Therefore, it
is important to select the quantization parameters to find the
right balance between the clipping and rounding errors.

The architecture of Quant-YOLOVS, illustrated in Fig. 4,
represents an optimized and quantized version of the YOLOvS
model, designed to reduce latency and enhance computational
efficiency during inference while maintaining detection ac-
curacy. Several modifications were made to achieve these
objectives.

1) Simplifying activation functions: The Sigmoid Linear
Unit (SiLU) function is used as the activation function in
YOLOVS. This activation function, although useful in specific
neural network applications, has significant issues when em-
ployed with quantized YOLOvS5 models, especially for deploy-
ment on edge devices. SiLU’s lack of quantization friendliness
and inadequate support in embedded systems is a notable
constraint. The incompatibility stems from the computational
complexity and continuous characteristics of SiLU, which
complicate the quantization process and may result in an
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Fig. 4. Architecture of quantized YOLOVS.

overall decrease in accuracy. Furthermore, when implementing
logarithmic scale quantization for activation functions that
yield negative values, like SiLU, it is essential to consider
the absolute value of the input. This modification leads to
a distribution that diverges considerably from the initial one,
which may result in a notable reduction in the accuracy of
the model. To overcome this limitation, we suggest replacing
SiLU with Rectified Linear Unit (ReLU). This substitution
greatly minimizes computational complexity without compro-

mising activation performance. ReLU, being a simpler and
faster function to compute, demonstrates inherent compatibility
with quantization and is particularly well-suited for resource-
constrained edge devices.

2) Fusing BN and convolution layers: The BatchNormal-
ization (BN) layers have fused with adjacent convolutional
layers. We perform this merging to reduce data transfer and
unnecessary operations, thus simplifying the model and en-
hancing its efficiency during inference.
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3) Quantized layers: QuantConv and QuantReL.U are the
quantized versions of the convolutional layer and activation
function, respectively, as depicted in Fig. 5. These layers use
8-bit integer (Int8) weights and activations instead of floating
point (FP32) values.

r 2

Conv2D

I

QuantConv2D
+

BatchNormalization
CBS izati QuantConv  mem
(P32) — BatchNormalization int)

{
QuantReLU
SiLU

Fig. 5. Comparison of original CONV layer and QuantConv layer.

The C3 and SPPF blocks have been replaced with their
quantized equivalents, QuantC3 and QuantSPPF, as shown in
Fig. 6 and Fig. 7. The QuantC3 block retains the modular
structure of the C3 block but incorporates quantized convolu-
tions and activations. The QuantSPPF module is designed to
capture multiscale information through sequential max-pooling
operations while maintaining optimal computational efficiency.
The max-pooling operations in QuantSPPF are not quantized
because the input and output values remain on the same
quantization grid, making the quantization of these operations
unnecessary.

Quantconv

CBS CBS QuantCony
QuantBottleneck
xn
QuantC3 | =
Concat

! !

Concat
CBS QuantConv

| |

Fig. 6. Comparison of original C3 layer and QuantC3 layer.

4 7

CBS —'I MaxPool2D H MaxPool2D I—-I MaxPool2D |

Tom=| | j 1 I
o

CBS

|

|

QuantConv —'[ MaxPool2D |—-| MaxPool2D H MaxPool2D |

QuantConv

|

Fig. 7. Comparison of original SPPF layer and QuantSPPF layer.

The upsample and concat operations are not quantized.
The upsample, which increases the resolution of feature maps,
and Concat, which combines features from different layers,
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are not quantized to avoid accuracy loss. These operations
are implemented using PyTorch functions, which directly ma-
nipulate the tensors without introducing additional non-linear
computations. Quantifying these operations would not provide
significant benefits and could even introduce accuracy errors
due to interpolation of values and data manipulation, which
would harm the overall quality of the combined features.

In the training phase, the Sigmoid activation function is
used in the last layer for better learning. However, for the
synthesis phase, this function is replaced by QuantHardtanh,
in order to reduce latency and ensure compatibility with the
FINN synthesis tool [28].

IV. EXPERIMENTAL RESULTS
A. Dataset

We trained and tested the Quant-YOLOv5x model using
a self-generated database. The dataset contains 522 images
of both healthy and diseased tomato and pepper leaves [29].
It is divided into six categories: Tomato Yellow Leaf Curl
Virus (TYLCV), healthy leaves, leaf miner, mildew, nutri-
ent deficiency, and oidium. All images were captured using
a smartphone camera in several tomato and pepper green-
houses located in Monastir, Tunisia, under the guidance of
an agricultural engineer. To overcome the challenges caused
by shadows and distracting backgrounds—which can reduce
detection accuracy by hiding important leaf features—we
applied a segmentation process that removes the background
and enhances the focus on the relevant leaf regions. Fig. 8
presents examples of the images included in the dataset.

(b) (c)

(d) (e)

Fig. 8. Examples of dataset images: (a) TYLCYV, (b) Healthy, (c) Nutrient
Deficiency, (d) Oidium, (e) Leaf Miner, and (f) Mildew.

B. Experimental Settings

YOLOvVSx, the largest variant in the YOLOvV5 family,
offers superior accuracy in object detection tasks due to its
increased depth and width, allowing for more precise feature
extraction. However, its substantial model size and computa-
tional demands pose challenges for deployment on resource-
constrained edge platforms, leading to increased latency and
higher energy consumption. To address these limitations, we
applied quantization techniques to YOLOvV5x, aiming to reduce
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its size and computational requirements, facilitating efficient
deployment on FPGAs without significantly compromising
detection performance.

To evaluate the effectiveness of quantization of the
YOLOvV5x model for the detection and localization of plant
disease, we compared the performance of the YOLOv5x and
Quant-YOLOvV5x models. The YOLOv5x model uses 32-bit
floating-point weights (Float32), while the Quant-YOLOv5x
model uses 8-bit integer (Int8) weights. Quant-YOLOvS5x was
trained on a Google Colab Pro GPU. Google Colab Pro
provides NVIDIA A100 GPUs, optimized for machine learning
tasks with 16 GB GPU memory and FP32 and INT8 computing
capabilities. We tested both models on the Google Colab Pro
CPU, typically an Intel Xeon processor with a base frequency
of 2.3 GHz and up to 4 cores, which offers a balance between
computing power and energy efficiency.

C. Results and Discussion

The model was quantized using the Brevitas library. How-
ever, it does not perform any low-precision acceleration by
itself. To obtain results, the model must first be exported
to an inference toolchain via an intermediate representation
such as ONNX. As a result, the inference of models in the
ONNX format runs mainly on the CPU, which justifies the
use of the Google Colab Pro CPU for testing. Table I shows a
performance comparison of YOLOv5x and Quant-YOLOv5x
using four main metrics: precision, recall, F1-score, and mAP
(mean average precision).

TABLE I. COMPARISON OF PERFORMANCE METRICS FOR YOLOVS5X
AND QUANT-YOLOVS5X

Model Precision (%) Recall (%) F1-Score (%) mAP@50 (%)
Standard YOLOv5x 88.7 92.8 90.7 95.5
Quant-YOLOV5x 73.9 88.5 80.5 93.7

The precision of the YOLOv5x model is 88.7%, signif-
icantly higher than that of Quant-YOLOv5x at 73.9%. The
quantization of weights causes a loss of precision by reducing
the granularity of the represented values, which is responsi-
ble for this difference. Furthermore, YOLOvV5x has a higher
recall rate (92.8% vs. 88.5% for Quant-YOLOvV5x), because
quantization to Int8 can cause loss of information, making it
harder for the model to find all cases of disease. The F1-
score, which is the harmonic mean of precision and recall,
shows the superiority of YOLOv5x, with 90.7% compared to
80.5% for Quant-YOLOv5x. Quantization negatively affects
both precision and recall, resulting in a lower Fl-score for
Quant-YOLOv5x. Although the mAP of Quant-YOLOvVS5x
is relatively close to that of YOLOv5x (93.7% vs 95.5%),
the difference suggests that the quantized model detects ob-
jects correctly, although with slightly reduced accuracy. This
shows that despite quantization, Quant-YOLOvS5x maintains
respectable performance, which is crucial for edge applications
where computational resources are limited. Fig. 9 illustrates
the mAP, precision, and recall metrics plots for the original
YOLOvV5x model and our quantized Quant-YOLOv5x model.

The latency results for a single frame are shown in Fig.
10. The Quant-YOLOv5x model performs approximately 3
times faster than the original model. As shown in the figure,
the histogram shows a comparison of the latency between
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Fig. 9. Precision, recall, and mean average precision (mAP) plots: (a)
YOLOvV5x model, (b) Quant-YOLOvVS5x.
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Fig. 10. Comparison of latency.

the two models. The latency is measured in three distinct
phases: pre-processing, inference, and post-processing. The
total processing time for YOLOvS5x, which includes pre-
processing, inference, and postprocessing, is 524.4 ms. In
comparison, the total processing time for Quant-YOLOv5x
is 152.1 ms. This significant reduction in overall latency
demonstrates the effectiveness of quantization in terms of
processing speed. More specifically, quantization reduces the
computational times required for each processing step.

In terms of frame rate per second (FPS), YOLOvVS5x
achieves approximately 1.9 FPS, while Quant-YOLOv5x
achieves approximately 6.6 FPS. This shows that the quantized
model is capable of processing more frames per second,
making Quant-YOLOv5x more suitable for applications that
require rapid response times. Quantifying the YOLOv5x model
in Quant-YOLOv5x reduced the total processing latency,
which is essential for edge computing applications where
processing speed is necessary.

Fig. 11 presents a size comparison between the YOLOv5x
and Quant-YOLOv5x models. YOLOvV5x has a size of 170
MB, while Quant-YOLOv5x has a size of 83 MB. This
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TABLE II. COMPARISON OF QUANTIZATION METHODS FOR YOLOVS

Ref Quantization Model Dataset Precision A mAP50 A Size (MB) A FPS
[30] PTQ YOLOVS5s COCO W8AS -0.2% 6.7 25.8
[31] QAT YOLOV53s Custom WS8AS8 -1.9% 26.61 145
[32] QAT YOLOv5x | COCO2017 | W8ASBS8 -0.61% - 4
Our model QAT YOLOv5x Custom W8A8 -2.8% 87 4.7

170 MB

83 MB

Size (MB)

YOLOVSx Quant-YOLOW5x

Model

Fig. 11. Comparison of models size.

reduction of more than 50% in model size demonstrates the
effectiveness of quantization in terms of reducing the required
memory. The reduction in model size is particularly important
for deployments on edge devices, where memory and storage
resources are limited. By quantizing the weights to Int8, the
Quant-YOLOvV5x model becomes not only faster but also more
compact, facilitating its deployment on resource-constrained
platforms.

D. Comparative Study

Table II illustrates a comparison between our proposed
quantized Quant-YOLOv5x model and various quantization
methods from the literature for YOLOvVS5 models. The com-
parison is based on the differences (A) recorded in mAPS50,
the size of the model and the FPS, where A represents the
variation between the values before and after quantization. The
authors of [30] propose a low bit quantization method (W8AS)
for YOLOVS, using post-training quantization (PTQ). The
Quant-YOLO method uses one-sided histogram (UH)-based
quantization to minimize the quantization error of activations.
Experiments on the COCO dataset show that Quant-YOLO
maintains an average accuracy (mAP50) comparable to that of
the full-precision model, while reducing the model size from
14.4 to 7.7 MB and increasing the FPS from 25.8 to 42.7
frames per second. In [31], a QAT method is proposed with
TensorFlow Lite to quantify the weights and activations of
the 8-bit precision YOLOvS5 model for fire detection, using
a custom database. The quantized YOLOvS5 model achieves
a mAP50 of 95.9%, with a performance loss of 1.9% com-
pared to the 32-bit floating point (FP32) YOLOvVS model.
Furthermore, the size of the 8-bit YOLOvS5 model is reduced
to 13.1 MB, which is a decrease of 26.61 MB compared
to the FP32 version. Finally, the FPS increases significantly,
from 2 to 147 frames per second. The study in [32] presents
a method named USPIQ, which combines the advantages
of in-training and out-training quantization to quantize the

YOLOVS model. USPIQ quantizes all internal floating-point
operations (weights, activations, biases) into integer operations.
The YOLOv5x model was evaluated using the COCO val2017
database. The floating-point (FP32) model achieves an mAP50
of 67. 31%, while the 8-bit model maintains an mAP of 66.
7%. In addition, the FPS of the 8-bit model is improved, from
2.17 FPS for the FP32 model to 6.17 FPS.

Our model, Quant-YOLOVS5X, proposes a QAT approach
for YOLOvV5x using a custom dataset. We achieved an ac-
curacy loss of 2.8%, a model size reduction of 87 MB,
and an increase in frames per second of 4.7. Although the
accuracy loss is slightly higher than that of other methods,
our approach stands out with a significant reduction in model
size, making our solution particularly suitable for resource-
constrained devices and real-time applications.

V. CONCLUSION

In this paper, we addressed the challenges associated with
the deployment of convolutional neural networks (CNN) on
FPGAs. To overcome the limitations of YOLOvS5x implemen-
tation, we proposed a quantization technique optimized using
the Brevitas library, enabling a more efficient and resource-
conscious execution. The quantization results demonstrate that
Quant-YOLOVv5x significantly reduces both latency and model
size, making it highly suitable for edge computing applications
where computational and memory resources are constrained.
Despite a slight degradation in detection performance, Quant-
YOLOVS5x remains effective and well-suited for edge deploy-
ments. As future work, we aim to focus on the practical
implementation of our method to validate its effectiveness
and performance under real-world conditions. Additionally, we
investigate the integration of Quant-YOLOv5x with other edge
Al frameworks to improve its adaptability across a wider range
of hardware platforms.
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