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Efficient processing of large-scale agricultural image data remains a critical challenge for
real-time plant disease detection systems, particularly in resource-constrained
environments. This study proposes a resource-efficient object detection framework that
integrates Discrete Wavelet Transform (DWT)-based image compression with the YOLO
detection algorithm to reduce data transmission and storage overhead while preserving
detection performance. The proposed approach applies multi-level wavelet decomposition
and lossless encoding to compress input images prior to model training and inference.
Experimental results demonstrate that the method achieves substantial data reduction, with
file size compression ratios of up to 99.7%, while maintaining high visual fidelity (PSNR:
44.8-63.3 dB; MSE: 0.001-0.36). Despite aggressive compression, the detection model
retains stable performance, achieving an mAP of 0.281 and an average F1-score of 0.34,
with an improved inference speed of 23.56 ms. These results indicate that DWT-based
compression can effectively reduce computational resource requirements without
significantly degrading object detection capability. The proposed framework provides a
practical solution for deploying lightweight and scalable plant disease detection systems in
real-world agricultural monitoring scenarios.

1. INTRODUCTION

Food self-sufficiency has become a strategic objective in
many countries, as it is closely linked to food security,
economic resilience, and agricultural sustainability [1, 2].
Achieving this requires the availability of staple foods such as
rice, corn, and wheat, as well as fruit and other essential
commodities. The goals of food self-sufficiency include
ensuring national food security, reducing global dependence,
improving farmer welfare, and maintaining domestic stability.

Collaboration across sectors is vital to achieve these aims.
This involves strategic policies from authorities, effective
implementation, and efforts to enhance farmer knowledge.
Rice is central to these efforts, as it is the primary staple for
Indonesians and people worldwide. Indonesia is now the
fourth largest rice producer, after China, India, and
Bangladesh [3, 4].

Image processing in agriculture requires efficient methods
due to the large amount of data and the need for on-the-spot
analysis [5]. The Discrete Wavelet Transform (DWT)
provides an image compression solution that preserves
essential structure by separating low- and high-frequency
components [6]. This approach allows for image downscaling
without losing the fundamental information needed to
recognize plants with diverse and complex shapes and
textures.
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On the other hand, modern object detection algorithms such
as YOLO have proven fast and accurate at recognizing various
types of plant objects, but their performance depends heavily
on the image quality and size. Therefore, integrating a DWT
coefficient-based compression method as a pre-processing
step before YOLO is a promising solution to reduce
computational resource usage without compromising
detection accuracy [6-9]. This study aims to evaluate the
effectiveness of combining DWT and YOLO to produce a
lighter, more efficient, yet still accurate plant detection system.

One widely used object detection algorithm today is You
Only Look Once (YOLO) [10, 11]. It has an average inference
speed of 27.59 ms and a precision rate of 77.3% [12]. The
YOLO algorithm has been applied in various sectors for object
detection, including plant disease detection [13, 14], medical
image detection [15-17], small object detection [18, 19], and
the military [20]. YOLOv10 is a highly accurate algorithm for
predicting object categories and locations in images with low
latency. Several versions of YOLO have become leading
object detection technologies due to their performance and
efficiency. However, YOLO’s development has a
shortcoming: its dependence on Non-Maximum Suppression
(NMS) and inefficient architecture design, both of which limit
YOLOvV10’s performance. To address these issues, YOLOv10
introduces a consistent dual assignment mechanism for
holistic model training on NMS. This achieves a balance
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between model efficiency and accuracy [10]. Figure 1 shows
the YOLOvV10 architecture, which includes regression and
classification for both one-to-many and one-to-one heads.
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Figure 1. YOLO architecture

However, YOLO still has weaknesses in data transmission
and storage due to its high resource requirements. To address
this, innovations are needed that reduce the size of monitored
image datasets while retaining their critical information. One
solution is to use image compression techniques based on
DWT, which are particularly well-suited to the JPEG image
format. This process can be followed by Huffman coding. As
a result, the image retains critical information, but its size is
reduced and it is more efficient for further processing [8, 21,
22]. Plant image compression for disease diagnosis requires
lightweight and flexible imagery. The method should not
reduce or damage the information within the image [7, 23, 24].
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Plant images captured by drones and CCTV typically
produce large image files. These require more effective
storage and transmission capacity. Reducing image file size
impacts cost, speed, and simplifies database management.
However, using the wrong image compression technique can
result in the loss or corruption of information in the image.
Therefore, appropriate compression methods are needed to
prevent the loss of critical information. The DWT image
compression technique is followed by reduction and Huffman
coding operations to produce a lossless type of compressed
image. The DWT has its coefficients extracted and mapped to
the nearest integer [7]. Four sub-bands of the DWT are
combined with 3 x 3 windows used as pivot elements. Figure
2 shows the framework of the DWT with Huffman coding.

The JPEG static image compression standard is widely used
in disease diagnosis. This is because it can encode discrete
transformations and use advanced entropy coding. The coding
is also easy to implement on hardware [25]. Figure 3 shows
how images are divided into 8 x 8 blocks, with each block
becoming 64 DWT coefficients. Most of these coefficient
amplitudes are zero or near zero. Lossless coding is based on
the statistical properties of the quantification coefficient. The
available entropy coding method is arithmetic Huffman
coding. Huffman coding needs at least one table specified by
the application. For decoding, the Huffman step uses an
entropy decoder. This involves quantification, Huffman, and
inverse arithmetic operations [26].
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Figure 2. Discrete Wavelet Transform (DWT) framework and Huffman coding
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Figure 3. Block diagram of Huffman compression

2. LITERATURE REVIEW
2.1 Lossy compression Discrete Wavelet Transform

The wavelet transform is a signal-processing method that
analyzes data based on frequency differences and determines
the locations of those frequencies. Applications include
watermarking [27], health detection [8], sensing [28], and
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solving differential equations [29]. The approach involves two
main stages: the DWT separates signal components into low-
and high-frequency components, and the Inverse Discrete
Wavelet Transform (IDWT) reconstructs the original signal.
The DWT stage is typically used to reduce image size by
quantizing high-frequency components. This process
enhances the efficiency of data storage and transmission. The
IDWT stage restores the transformed image components to
their original form. For compressed images, DWT, IDWT, and



dequantization enable image reconstruction. This maintains
image quality close to the original. Thus, the wavelet
transform plays a significant role in image processing. It is
particularly useful in data compression and image quality
restoration.

Originally developed to analyze non-stationary signals via
multi-resolution analysis, the wavelet transform allows
observation of frequency components at several resolution
levels. Quantization of DWT coefficients introduces limited
information loss; however, when combined with appropriate
encoding schemes, high reconstruction fidelity can be
preserved. For storage and transmission efficiency, studies use
canonical Huffman coding or combine wavelet filtering with
Huffman coding [6, 30].

In the continuous wavelet transform, the scale (a) and
translation (b) parameters vary continuously, resulting in high
computational complexity. The DWT addresses this by
restricting a and b to discrete multiples of two, enabling more
efficient analysis using specific values. DWT processes large
data sets faster and more effectively. Eq. (1) defines the
mathematical formulation of the wavelet function based on
discrete scale and translation parameters [31].

Pap(t) =\/%<p<t;b> )

where, @, , (t) denotes the wavelet coefficients at scale @ and
shift a, with x(z) as the input signal and ¢(z) as the wavelet
function. Parameter a governs compression /dilation, while b
determines the position in the time domain. Expanding Eq. (1)
by substituting several parameters, a = 2" and b = k. 2", then
produces Eq. (2).

© = 1 (t — k.Zr) 5
(pr,k m(p 27' ( )

Description ¢,,«(?) is a discrete wavelet function with r as
the scale and k as the translation. Substitution of Eq. (2) into
the continuous wavelet transform produces the discrete form,
as shown in Eq. (3).
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The calculation of the discrete wavelet coefficients DWT,
is performed by applying a discrete scale parameter 2" and a
translation k.2” to the signal x(¢) through the wavelet function
@(t). This formulation represents the result of substituting the
continuous wavelet transform into a discrete form, designed to
optimize computational efficiency for large-scale datasets.

2.2 YOLO object detection

Object detection is a key area of computer vision, aiming to
recognize and locate objects in images or videos. The YOLO
algorithm was developed as a one-stage detector that
formulates object detection as a single regression, enabling it
to predict object class and bounding box coordinates directly
in a single process. This approach makes YOLO faster and
more efficient than two-stage methods such as R-CNN and its
derivatives, making it widely used in various applications
requiring real-time detection [32, 33].

YOLOvVS is one of the latest versions, introduced by
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Ultralytics in 2023. YOLOvS brings several innovations. It
uses a C2f module in the backbone for more efficient feature
extraction. It combines a Feature Pyramid Network (FPN) and
a Path Aggregation Network (PAN) in the neck for better
multi-scale detection. It also implements an anchor-free head
for direct object prediction, removing the need for anchor
boxes. These architectural improvements enhance detection
accuracy and computational efficiency, making YOLOVS
suitable for real-time vision applications. Thus, it is relevant
for fields from intelligent surveillance to industrial
manufacturing [34, 35].

3. METHODOLOGY
3.1 Material

This research utilized several tools to support the
implementation of this activity. Plant image acquisition was
performed using several cameras with varying specifications.
Table 1 shows the equipment used for image acquisition.
Various types of image acquisition equipment were used to
evaluate the effectiveness of image compression as a training
dataset for object detection models.

The equipment used has different strengths and weaknesses;
therefore, image acquisition requires different equipment. The
image acquisition angles are also varied, with various angles
(side, top, and oblique). Table 2 presents a sample dataset from
the acquisition results. The example images consist of three
types of plants (banana, mango, and guava).

Table 1. List of image acquisition equipment

No. Device Specification
e Technology: Super AMOLED 120 Hz
e Resolution: FHD+
Samsung A25 o Rear Camera Resolution: 50.0 MP +
1 5G 8.0 MP + 2.0 MP
e Rear Camera Zoom: Digital Zoom up
to 10x

o Front Camera Resolution: 13.0 MP

ISO Range: 100-3200

Video Resolution: 3840 x 2160 (30fps

| 125fps | 241ps)

Shutter Speed: 32~1/8000s

Format Video: MP4

Photo Format: JPG, JPG+DNG

Main Camera: 64 MP + 8 MP + 2 MP

Video: 4K@301ps,

1080p@30/60/120/4801ps, gyro-EIS

o Selfie Camera: 32 MP, /2.4, 22 mm
(wide), 1/2.74", 0.8 um

e Resolution: 2460 x 1080

Refresh Rate: Up to 90Hz

Rear Camera:

» 50 MP main camera

» 8 MP ultra-wide camera

» 2 MP macro camera

e Front Camera: 8 MP (f/2.1)

2 Fimi X8 Mini

Oppo Reno
11F

W

Xiaomi °
4 Redmi Note
12

3.2 Research stages

Figure 4 shows the stages of this research, which comprises
six main, interconnected phases. First, image acquisition is
performed using drones and CCTV as devices for compiling
the plant dataset. Next, the image augmentation stage
enhances images through processes such as resizing, rotating,



cropping, and flipping, which helps prevent overfitting during
model training. Following augmentation, image compression
and Huffman processing take precedence in the first year, as
dataset images are compressed and encoded to simplify and
reduce their size while preserving important information. This
process also aims to decrease server resource usage when
integrating the object detection model. Subsequently, labeling
is carried out using several software programs, including
YOLO-Mark, Labellmg, Computer Vision Annotation Tool
(CVAT), and Roboflow.

Table 2. Plant image dataset

Image Acquisition

Image Augmentasi

Labelling Dataset

Training & Validasi
model

Evaluation

Plant Type Acquisition Equipment Image
Samsung A25 Figure 4. Research stage
B
anana Labellmg, YOLO-Mark, CVAT, and Roboflow Annotate
Fimi X8 Mini differ significantly in their functionality and complexity.
Labellmg is a simple, fast-to-use tool suitable for small
projects because it supports only bounding-box annotation and
Samsune A25 lacks collaboration and automation features. YOLO-Mark is a
& dedicated tool for the YOLO format, providing YOLO-
Guava focused labeling with a minimalist interface, but its annotation
o o features are limited and less flexible for complex projects.
Fimi X8 Mini CVAT is a comprehensive web-based platform that supports
many annotation types, including polygons, videos, and
teamwork, making it suitable for large projects or complex
Samsung A25 datasets, though it requires more complex configuration.
Roboflow Annotate offers an integrated, cloud-based solution
Mango with powerful automation, modern collaboration, and robust
Fimi X8 Mini dataset management, making it suitable for end-to-end
workflows. However, some premium features require payment
and depend on cloud services.
--------------------
‘‘‘‘‘‘‘‘‘‘‘‘‘ Ououl E‘L\lgﬂ .§ : S :
)= ; L Oupul iwage i
, Sarrrm - |
/" BACKBONE ; !
@: - Low Puss Files '— i i
—»| TwD X 1
T . ’
2o G [— | |
| Lo - s
L\ (e ) . -
| /[ NECK HEAD
i (ConvModulo) fo § X ConuModulo )—xEanv2d—( Bbox Loss) Clou + DFL
™ Cor i L ) — e — @@ o
L) | (ConvModulD
- l
ConvModul ncat)
(T | b | | (e s |
Upsnmp@ <’ cIf ConvModule onv2d) ClsLoss ) BCE
St:go CD"::::HUIO ‘ ConvModulo
L : s Bbson) civ-on.
| Ceaf Ly Conwioauto )—» 88— Clatos) sce

% VA

A

Figure 5. Working diagram of image compression and object detection algorithm
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In this study, labeling involved three classes of plants:
banana, mango, and guava, with 200 images each, for a total
of 600 images. After labeling, model training and validation
are conducted on Google Colab with the yolo model, followed
by wvalidation from agricultural experts. Finally, server
integration is completed, enabling the training result model to
be utilized for object detection and determining agricultural
land areas for crop yield prediction.

3.3 Purpose method

The objective of this research is to reduce the size of the
image dataset without reducing the important information
from the image. A smaller image size will speed up the object
detection model in determining the object. The image dataset
was compressed using the Huffman coding method, preceded
by a DWT. This method was chosen because Huffman coding
is a type of lossless image compression where important image
information is not lost. Huffman code works by encoding
image pixels based on their frequency of occurrence. Pixel
codes that rarely appear get longer bit codes, while pixel codes
that appear frequently get shorter bit codes, thereby reducing
storage space. Figure 5 shows the performance scheme of the
research in reducing the image dataset. The proposed
performance scheme is to insert image compression using the
Huffman coding method with a lossless type before the image
dataset is used as a model training dataset. The acquired image
is first resized without losing important information. The
performance diagram scheme of the proposed method is a
combination of research by Dsilva et al. [36].

4. RESULT AND DISCUSSION

Image compression is a crucial process in digital image
processing that reduces data size without significantly
compromising visual quality. One widely used method is the
DWT due to its ability to represent images in the frequency
domain with multi-resolution analysis. Through the
decomposition process, DWT divides the image into low-
frequency components that retain the main information and
high-frequency components that contain fine details, thus
enabling efficient data reduction. Table 3 presents sample
image compression results, including PSNR and MSE values.

The results of the dataset image compression in Table 3
show that the image compression results produce different
values. The dataset image sampling is the result of camera
acquisition with different specifications, as shown in Table 1.
The largest difference in compression results is in data 9,
which is the result of acquisition from the FIMI X8 Mini drone
camera. Based on the image compression results, the next step
is to detect objects using the YOLO object detection
algorithm. The dataset, in the form of plant images, will be
classified into three classes: banana, mango, and guava. In this
study, the dataset labeling utilizes two software tools, namely
the CVAT and Labellmg.

Table 4 shows the resulting images from image
compression (before and after compression). The images
before and after compression show very little difference.
Visually, the original image has slightly sharper details in the
texture of the banana leaf and stem, with smoother color
transitions. After compression, some fine details appear
slightly reduced and object edges feel softer, but the main plant
structure is maintained. The quantitative analysis results also
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support this observation, showing minimal pixel differences,
while the very high SSIM value indicates that the structures of
the two images are almost identical. Overall, the compression
process does not destroy important information in the image
and is still very suitable for use in object detection processes
such as YOLO, because the main shape and pattern of the plant
are well preserved.

Table 3. Dataset image compression results

Size

Data Before (Kb) _ After (Kb) MSE PSNR Ratio
1 3435 1341 0.035 557 39
2 3610 1422 0.04 54.8 39.3
3 3875 1541 0.05 53.9 39.7
4 3974 1574 0.05 53.5 39.6
5 172.7 172.3 0.36 448 99.7
6 168.2 165.3 0.09 50.8 98.2
7 4603 1586 0.01 58.9 344
8 4135 1378 0.01 59.6 33.3
9 3646 1186 00.01 611 325

10 4175 1374 0.01 59.5 32.9
11 3304 1103 0.01 62 33.3
12 3907 1028 0.001 633 331
13 4246 1384 0.01 59.06 32.6
14 257 251 0.03 56.2 98

15 267 263 0.03 55.1 98.5
16 253 250 0.03 55.3 98.8

Note: MSE = mean squared error; PSNR = peak signal-to-noise ratio.

Table 4. Comparison of images before and after image
compression

Before

The results of the classification model evaluation (Figure 6),
based on the confusion matrix, show an overall accuracy of
25.6%, with macro-average precision, recall, and F1-score
values of 25.4%, 24.5%, and 24.2%, respectively. The main
errors occurred in the model's tendency to classify fruit objects
as background objects, as well as overlapping predictions
between fruit classes, particularly between mango and guava.
These findings indicate the need for improvements to the
training data and model architecture to more accurately
distinguish the visual characteristics of each class.
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Figure 6. Confusion matrix

Figure 7, a recall-confidence graph, shows that recall
decreases as the confidence threshold increases. The guava
class performed best, with a relatively higher recall compared
to the banana and mango classes, whose recalls declined
rapidly at higher thresholds. Overall, the model achieved a
recall of 0.69 at a threshold of 0.0; however, performance
decreased significantly as the confidence threshold was
increased. This confirms the trade-off between recall and
prediction confidence.

10 Recall-Confidence Curve

—— banana
mango
—— guava

= all classes 0.69 at 0.000
0.8

0.6

Recall

0.4

0.2 b \

0.0

0.0 0.2 0.6

Confidence

0.8 1.0

Figure 7. Recall graph

Figure 8, a precision-confidence graph, shows that precision
values increase as the confidence threshold increases. The
guava class has the highest precision (> 0.8), followed by
mango, which shows moderate performance, while banana
exhibits very low precision. Overall, the model achieved a
precision of 1.00 at a threshold of 0.961, although this
potentially reduces recall. These results confirm the trade-off
between precision and recall in model performance.

Figure 9 shows the precision-recall curve, showing that the
guava class performed best (AP = 0.416), followed by mango
(AP = 0.340), and banana performed the lowest (AP = 0.086).
The average mAP@0.5 value of 0.281 indicates that the
model's performance is still low and requires improvement
through improvements to the dataset and model architecture.
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Figure 10 is an F1-Confidence graph showing the variation
in Fl-score values against the confidence threshold. In
general, the model achieved the highest average F1-score of
0.34 at a threshold of 0.176. The guava and mango classes
performed relatively better than the banana class, with their
respective F1 peaks approaching 0.5. Meanwhile, the banana
class tended to have low stability and the lowest F1-score
along the curve. These results indicate that model performance
is more consistent across certain classes.

5. CONCLUSION

The results show that image compression can reduce file



size by up to 99.7% while maintaining visual quality, as
indicated by high PSNR values (44.8-63.3 dB) and low MSE
(0.001-0.36). The quality of the compressed images is shown
to support the detection model's performance, as reflected in
the evaluation curve. The precision-recall curve produces a
mAP@0.5 value of 0.281, while the Fl-confidence curve
shows an average F1 value of 0.34, indicating a balance
between precision and recall at a certain confidence level. In
addition, the performance variation across classes (banana,
mango, guava) indicates that good image quality after
compression contributes to differences in detection rates.
Overall, these results confirm that image compression with
minimal distortion is not only efficient for storage but also
maintains the accuracy and consistency of image-based object
detection models. In the future, this research can be expanded
by including more datasets, both in terms of quantity and class.
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