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Carrot is one of the agricultural commodities with high
nutritional value and a significant market demand. However,
its quality can deteriorate due to various factors, one of
which is rotting. Early detection of rotting carrots is crucial
to prevent economic losses and maintain product quality.
The main problem in identifying rotten carrots lies in the
need for high precision and the time-consuming nature of
manual methods. To address this issue, this research
develops an automated method for detecting rotten carrots
using image processing techniques. In this study, edge
detection and convolution techniques are employed as the
primary approaches in image analysis. Edge detection is used
to recognize contours and boundaries in carrot images, while
convolution techniques are applied to identify patterns of
damage and texture differences between rotten and healthy
carrots. The research findings indicate that this method is
capable of detecting rotten carrots with high accuracy,
making it reliable as a tool for sorting and quality assurance

in carrot processing.

1. Introduction

Carrots are widely consumed vegetables known for their
high nutritional value and health benefits, which has
encouraged increased cultivation to support human well-
being and food demands [1]. Scientific studies have
shown that carrots contain bioactive compounds such as
beta-carotene, antioxidants, and dietary fiber, which
contribute to improved immune function, eye health, and
the prevention of chronic diseases, including
cardiovascular disorders and certain types of cancer [2].
These findings indicate that carrots also have potential
medicinal value beyond their role as a food source.

Despite their benefits, the quality of carrots can
deteriorate during storage and distribution due to various
factors, particularly microbial activity that leads to
rotting. Rotten carrots experience a decline in nutritional
content and visual quality, which directly affects market
value and causes significant economic losses for farmers
and agricultural industry stakeholders. High agricultural
productivity can only be achieved through proper
cultivation and post-harvest handling practices, which
are essential for maximizing yield and maintaining
product quality despite limited land availability [3].

Therefore, early identification of rotten carrots is crucial
to minimize losses and ensure that only high-quality
products reach consumers.

Conventional methods for identifying rotten carrots rely
on manual visual inspection, which requires high
precision, is time-consuming, and is prone to human
error. These limitations often lead to inconsistent quality
assessment and inefficiencies in large-scale agricultural
operations. In digital image analysis, objects typically
exhibit relatively uniform intensity values, while abrupt
changes in intensity indicate object boundaries,
commonly referred to as edges [4]. This characteristic
can be utilized to distinguish between healthy and rotten
carrot surfaces.

To overcome the limitations of manual inspection, this
study proposes an automated approach for identifying
rotten carrots using digital image processing techniques.
Image processing aims to enhance image quality to
facilitate interpretation by computer systems and can be
applied to static images or video data [5]. These
techniques enable rapid processing of large image
datasets with consistent and repeatable results, making
them suitable for agricultural quality control applications
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[6]. The methods employed in this research include edge
detection and convolution. Edge detection is used to
extract object boundaries by identifying significant
intensity variations between neighboring regions [7],
while convolution techniques are applied for noise
reduction and feature enhancement to highlight texture
and surface patterns associated with carrot rot [8].

The main purpose of this study is to develop and evaluate
an image processing-based method using edge detection
and convolution techniques to accurately identify rotten
carrots, thereby improving the efficiency and reliability
of automated carrot quality assessment systems and
reducing economic losses caused by post-harvest
spoilage [9].

2. Research Method

This research was conducted through several structured
stages, including data collection, data processing, and
image analysis.

2.1. Data Collection

Data collection is a process aimed at obtaining
information or data relevant to the research objectives
[10]. In this study, image data were collected from a
repository available on the Kaggle platform, which is
recognized as one of the largest and most comprehensive
data sources for scientific analysis, particularly in image
processing and computer vision research.

Kaggle provides various datasets that can be freely
downloaded and utilized by researchers, facilitating data
acquisition and method evaluation. The image dataset
used in this research consists of carrot images
representing both healthy and rotten conditions. Figure 1
illustrates sample carrot image data used in this study.

Figure 1. Carrot Image Data
2.2. Data processing

Data processing in this research was carried out through
4 structured stages to ensure optimal data quality and
relevance including Enlarge, Pre-Processing,
Enhancement and Convolution [11]. The overall flow of
the image processing stages is shown in Figure 2.
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Figure 2. Image Processing Flow

2.2.1 Enlarge

Enlarge is the process of increasing the size or resolution
of a digital image to allow for more detailed analysis
[12]. This technique is important in image processing
applications related to disease identification in carrots, as
higher resolution images facilitate the detection of small
features and surface irregularities that may indicate
rotting or damage.

2.2.2 Pre-prosessing

Preprocessing is the initial step in image processing
aimed at enhancing images to prepare them for further
analysis [13]. This stage helps standardize images and
reduce noise, enabling more consistent and reliable
processing results.

In general, data pre-processing includes handling
missing data, removing duplicates, and addressing
inconsistencies caused by data acquisition errors [14]. In
this study, Min-Max filtering is applied as part of the pre-
processing stage to enhance image quality and reduce
noise. Min-Max filtering is a range-based method with
low  computational ~ complexity and  simple
implementation [15], [16]. Min-Max filtering consists of
two operations: minimum filtering and maximum
filtering. Minimum filtering, also known as erosion,
replaces each pixel with the minimum value within a
defined neighborhood window, effectively reducing
small noise objects [17]. Maximum filtering, or dilation,
replaces each pixel with the maximum value in the
neighborhood window, enhancing feature visibility and
reducing object loss [18].

Ieroded(x: y) = min(i,j)eW{I(x +1i,y +])} (1)

Where leroged(X,y) represents the pixel value at
coordinates (X,y) after undergoing erosion and dilation
operations, where maodifications to the shape and
structure of objects within the image occur. I(x+i, y+j)
denotes the pixel value at coordinates (x+i,y+j) within a
natural window centered at (x,y), facilitating localized
analysis of image features. The term 'min' indicates the
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minimum operation, where the smallest pixel value
within a specified neighborhood or set is chosen. This
operation is crucial in erosion and dilation processes,
influencing pixel intensities based on nearby values and
thus shaping the overall outcome of these operations.

2.2.3. Enhancement

Enhancement is a process aimed at improving image
quality by emphasizing important features and increasing
contrast [19]. This stage is used to enhance subtle visual
characteristics that may indicate carrot damage or rot,
making them maore distinguishable [20].

In this process, an Enhancement Intensity
Transformation technique is employed that applies
intensity limits where pixel values within or outside a
specified range [17,55] are retained and temporarily
altered, while others are set to 0. Additionally, a value of
200 is added to pixels that meet the criteria, thereby
enhancing contrast or making specific features in the
imagemoreprominent.

G(G,)) ={T jika F(i,j) > T}

{F(i,)JikaF (i,j) <T}

Where 'F(i,j)' denotes the original pixel value at
coordinates (i,j) in the initial image. Following the
thresholding process, 'G(i,j)' represents the pixel value at
the same coordinates (i,j) after applying the thresholding
operation. The threshold value ‘T" is predetermined and
used to distinguish between different intensity levels or
features in the image. This process involves assigning
pixel values based on whether they meet or exceed the
threshold value, thereby enabling the segmentation or
enhancement of specific features within the image.

@)

2.2.4. Convolution

Convolution is a fundamental technique in digital image
processing and computer vision that combines two
functions to produce a third function representing feature
interactions [21]. In this study, convolution is applied to
extract and enhance features that are difficult to detect
through manual inspection.

Convolution operates by applying a kernel or filter
matrix to each pixel region of the image, enabling feature
extraction through weighted summation [22], [23]. This
process helps highlight texture patterns and surface
abnormalities associated with rotten carrots [24].

Gy, x) =Xp2 m2 Zgin2Hp+m2+1,q+n2+
D-Fy-pz-q )

Where 'G' represents the resulting image from the
convolution operation applied to input image 'F' using
kernel 'H'. The coordinates (y,x) denote specific pixels
within image 'F', while (p,q) refer to coordinates within
the kernel 'H'. The variables 'm2' and 'n2' are defined as
half the height and half the width of kernel 'H" minus one,
respectively. Convolution involves overlaying the kernel

'H' over each pixel (y,x) of image 'F', computing
weighted sums of pixel intensities within the kernel's
spatial extent defined by (p,q), and assigning the result to
the corresponding pixel in image 'G". This process allows
for various image enhancement and feature extraction
tasks by emphasizing spatial relationships captured by
the kernel 'H'.

3. Result and Discussion

This study aimed to classify carrot images into two
categories, namely fresh and decayed carrots, using
image processing techniques. Based on the analysis of
four carrot images, three images were identified as
decayed, while one image was classified as fresh. The
identification process involved several sequential image
processing stages, including enlargement, pre-
processing, enhancement, and convolution.

The enlargement stage played an important role in
improving the visibility of fine details related to surface
damage or decay. By increasing image resolution, small
texture variations and irregularities that indicate carrot
deterioration became more observable. This step is
particularly beneficial when analyzing image data in
which critical features may not be clearly visible at the
original resolution.

Pre-processing using Min-Max filtering effectively
reduced noise and improved image consistency.
Minimum filtering helped preserve small features
associated with surface damage, while maximum
filtering enhanced significant features and reduced the
loss of important structural information. Although visual
differences between the original and filtered images may
appear subtle, the impact of these processes becomes
more evident through histogram analysis.

Table 1 illustrates the results of the enlargement and
filtering processes applied to carrot images. The
corresponding histograms, shown in Table 2, reveal
notable changes in pixel intensity distribution. In the
enlargement process, the histogram demonstrates an
increase in pixel frequency at certain intensity levels,
indicating a higher level of detail due to improved
resolution. This enhancement supports more accurate
detection of fine surface features.

In contrast, the Min—Max filtering histogram shows a
narrower intensity distribution, reflecting effective noise
reduction. Lower intensity values become more
dominant after minimum filtering, preserving small
damaged regions, while maximum filtering increases the
prominence of higher intensity values. These changes
enhance the contrast between relevant features and the
background, thereby facilitating more reliable
identification of carrot damage.
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Table 1. Process of Enlarging and Filtering Carrot Images

Min-Max
Process

Carrot
Image

Enlarge Process Filtering

Image 1

Image 2

Image 3

Image 4

Table 2. Histogram of Enlargement and Filtering Processes

Carrot Enlarge Process Min-Max Filtering
Image Process
Image 1
E— B
Image 2
B il
T
Image 3
—
B
Image 4
—— [

Image enhancement using intensity transformation
techniques further improved image contrast, making
disease-related features more distinguishable. The
enhanced images contain clearer visual information,
which simplifies subsequent analysis and interpretation.
The results of the enhancement process are presented in

Figure 3, while the corresponding histogram is shown in
Figure 4.

Figure 3. Enhancement Process

Figure 4. Histogram of Enhancement Process

The histogram of the enhanced image exhibits a wider
intensity range and clearer separation between pixel
intensity levels. Pixels that meet the predefined threshold
criteria are emphasized, resulting in more prominent
features that indicate potential decay. This confirms that
the enhancement stage effectively improves image
interpretability by highlighting important visual
characteristics.

The convolution stage produced images with more
clearly defined texture patterns and structural features,
which are essential for identifying decay-related
characteristics in carrots. As shown in Figure 5,
convolution emphasizes spatial patterns and surface
abnormalities that may not be easily detected using basic
image analysis techniques.
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Figure 5. Convolution Process

The histogram corresponding to the convolution process,
shown in Figure 6, does not exhibit significant changes
compared to previous stages. This observation is
expected, as convolution primarily focuses on spatial
feature extraction rather than altering the overall pixel
intensity distribution. Consequently, improvements
achieved through convolution are more evident in the
visual representation of texture and edge patterns than in
histogram-based intensity analysis.

Figure 6. Histogram of Convolution Process

Histogram analysis across all processing stages provides
a quantitative means of evaluating the effects of each
image processing technique. By examining changes in
pixel intensity distribution, histograms offer insights into
improvements in image quality and feature visibility that
may not be apparent to the naked eye. Histograms
describe the distribution of pixel intensities, indicating
whether an image appears brighter or darker, and reflect
changes caused by image processing operations that
influence color and illumination [25].

Overall, this research successfully developed an
automated approach for identifying rotten carrots using
image processing techniques. The combination of
enlargement,  pre-processing, enhancement, and

convolution demonstrated effectiveness in improving
image quality and supporting accurate classification.
Histogram analysis at each stage provided valuable
insights into how individual processing steps contributed
to feature enhancement and decay detection.

The findings of this study are expected to offer a practical
and efficient solution for automated detection of rotten
carrots, assisting farmers and agricultural industry
stakeholders in reducing economic losses caused by post-
harvest spoilage. Moreover, the proposed method is not
limited to carrots and can be adapted to other agricultural
products, offering opportunities for further development
in automated sorting systems and agricultural product
quality assurance. This research represents a meaningful
step toward leveraging image processing technology to
support a more efficient and sustainable agricultural
sector.

3.1. Limitations of the Proposed Method

Despite its effectiveness, this study has several
limitations. First, the image dataset used in this research
was limited in size, which may affect the generalizability
of the results to broader and more diverse real-world
conditions.  Variations in lighting, background
complexity, and camera quality were not extensively
explored and may influence detection performance.

Second, the evaluation of results was primarily based on
visual interpretation and histogram analysis, without the
inclusion of quantitative performance metrics such as
accuracy, precision, or recall. Future studies could
incorporate quantitative evaluation and comparative
benchmarking to further validate the effectiveness of the
proposed approach.

Finally, the current method focuses on offline image
analysis and has not yet been implemented in a real-time
system. Future research may extend this work by
integrating the proposed image processing pipeline into
real-time sorting systems and combining it with machine
learning techniques for improved robustness and
scalability..

4. Conclusion

In conclusion, the proposed method demonstrates that
image processing techniques, including enlargement,
Min—Max filtering, intensity enhancement, and
convolution, can effectively detect surface decay in
carrots. The automated approach provides consistent and
reliable results compared to manual inspection,
contributing to efficient quality control and reduction of
post-harvest losses. Future work may address dataset
limitations, variable lighting conditions, and real-time
implementation to further enhance system applicability.
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