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Abstract Paddy is a staple food for a large portion of the global population with Asia accounting 
for about 90% of the world's rice production. The accurate detection of paddy maturity is important 
to optimizing harvest time, ensuring maximum yield and reducing post-harvest losses. Traditional 
methods of assessing paddy ripeness are labour-intensive and prone to human error, hence 
required the development of efficient and automation approaches. This study explores the 
effectiveness of drone imagery and image processing to assess paddy maturity at two ripeness 
stages which are unripe and ripe (ready for immediate harvest). High-resolution images of paddy 
fields in a district of an ASEAN country were captured and processed using MATLAB software to 
analyze four color spaces include RGB, HSV, YCbCr and L*a*b*. The results show that the RGB 
and HSV color spaces reflect shifts in red/green intensities and hues during ripening. YCbCr 
shows the changes in chrominance components between the unripe and ripe stages. However, 
the L*a*b* color space proved to be the most effective, offering the highest distinction between 
ripe and unripe paddy in L*, a*, and b* values, which closely align with the expected visual 
ripeness characteristics. This study has suggested that integrating this method with machine 
learning could enable real-time, automated crop monitoring, improving harvest timing and overall 
crop management. 
Keywords: Color space, drone imagery, image processing, machine learning, paddy maturity. 

 

 
Introduction 
 
Paddy, which is known as rice is a staple food for a significant portion of the global population with Asia 
accounting for about 90% of the world's rice production [1, 2]. Malaysia is an agricultural country with 
large farming lands, which views political stability and food security as being strongly connected to its 
extensively regulated and subsidized rice industry [3]. Similarly, for in Indonesia, the agricultural sector 
especially rice production is very important, as rice is the main staple diet for most of the population in 
the country [4]. In 2016, Malaysians consumed 2.7 million tons of rice, with approximately 67% produced 
domestically and the rest of rice imported from nearby countries which including Thailand, India, 
Vietnam, and Pakistan [3]. In addition, Malaysian adults consume an average of 2.5 plates of white rice 
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per day, highlighting rice as the most important crop in the food subsector, hence due to the important 
link between food security and rice security, the Malaysian government has made rice production self-
sufficiency a national policy [5, 6]. 
 
Due to the importance of rice, accurate detection of paddy maturity is very important for optimal 
harvesting, ensuring maximum yield and minimizing post-harvest losses. Traditional methods of 
assessing paddy maturity, which often rely on manual inspection, can be labor-intensive, time-
consuming, and prone to human error. As the population grows, the demand for rice is expected to rise 
significantly, potentially exceeding domestic production capabilities [7]. In addition, climate change may 
profoundly impact rice yields across Asia and the Pacific, threatening food security in many countries 
and exacerbating challenges for rice producers [4, 8]. Studies have shown that climate change 
significantly affects Malaysian paddy yields, prompting efforts to prevent potential food shortages [9, 10, 
11]. 
 
Recent advances in remote sensing and precision agriculture have highlighted the potential of drone 
technology in agricultural monitoring [12]. Drones equipped with multispectral and hyperspectral 
cameras can capture detailed imagery of large fields, providing data that can be analyzed to gain insights 
into crop health and development [13]. This approach by combining high spatial resolution images with 
accurate segmentation algorithms can allows for the identification of key indicators of crop maturity that 
are not easily discernible through conventional methods [14]. 
 
Non-destructive determination of crop maturity is important for obtaining save time and cost effective 
information about optimal harvest time and crop management, hence image processing techniques offer 
one of the solution for predicting crop maturity, which allowing for accurate assessment without 
damaging the crops [15, 16]. By analyzing digital images, this image processing method enables the 
detection of changes in crop appearance that signal ripeness such as color of paddy. Additionally, image 
processing can be used to identify specific features, such as spots in paddy images, through the 
application of segmentation techniques, further enhancing its applications in agricultural management 
[17]. 
 
The primary objective of this research is to evaluate the effectiveness of various color spaces in 
distinguishing between two different stages of paddy maturity which are unripe and ripe (ready for 
harvest on the same day). Additionally, this study will evaluate the performance of various color space 
methods, including Red-Green-Blue (RGB), Hue-Saturation-Value (HSV), YCbCr (Luminance (Y), 
Chroma Blue (Cb), Chroma Red (Cr)), and Lab* (Luminance (L*), Green-Red Component (a*), Blue-
Yellow Component (b*)). The objective is to identify the most suitable method for assessing and 
classifying paddy maturity levels through image analysis. 
 
Methodology 
 
The methodology of this study is divided into three main parts which are data collection, image 
processing and color space analysis. Data were collected using a drone equipped with a high-resolution 
camera to capture imagery of paddy fields. The captured images were processed and analyzed using 
MATLAB software. Each image was converted into four different color spaces analysis which are RGB, 
HSV, YCbCr and L*a*b* to facilitate a comprehensive comparison of color properties for ripeness 
detection. The workflow for the study of color spaces for paddy maturity detection using drone imagery 
is shown at Figure 1. 

 

 
 

Figure 1. Workflow for the study of color spaces for paddy maturity detection using drone imagery  
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Data Collection 
The data for this research were collected using a drone equipped with a high-resolution camera to 
capture imagery of paddy fields located in a district of an ASEAN country as shown in Figure 2. The 
selected paddy fields were categorized into two distinct maturity stages which are unripe and ripe, each 
representing different phases of crop readiness for harvest.  

 

 
 

Figure 2. Location of data collection  
 
 
In the unripe stage, the paddy was nearing maturity, with the expected harvesting process estimated to 
occur within one week. For the ripe stage, the paddy was ready for immediate harvesting and marked 
by prominent visual indicators of full ripeness such as the yellowing of the crops.  
 
The drone imagery was collected at an altitude of approximately 20 meters to ensure a balance between 
field coverage and image resolution. The images were captured during optimal daylight hours to 
minimize lighting variations, which could impact the color information that important for ripeness 
detection. The drone followed along predefined flight paths to ensuring full coverage of the paddy field 
while maintaining consistent overlap between adjacent images for seamless processing. The images 
were georeferenced to ensure accurate spatial alignment for subsequent analysis. 
 

Image Preprocessing 
After the images were captured, the images underwent a series of preprocessing steps to ensure 
consistency and enhance the accuracy of the analysis, the steps were included image calibration, 
cropping and alignment and resolution adjustments.  
 
Calibration was performed to correct and prevent for any distortions caused by the camera lens or 
environmental conditions.  This step also ensured that all images maintained consistent color balance 
and brightness levels, minimizing the effects of shadows or cloud cover that could interfere with color 
space analysis. 
 
The raw images were cropped to focus on specific areas of interest which are those sections of the field 
that contained the target paddy plants in different ripeness stages. Misaligned or blurred images were 
discarded to maintain data quality hence this process ensured that the analysis focused solely on 
relevant parts of the field, avoiding potential noise from non-paddy objects. 
 
In addition, the images were resized to a 300 x 300 pixels consistent resolution for uniform analysis 
across different color space techniques. This ensured that pixel-level comparisons between color spaces 
would be fair and more standardized. The image of before and after preprocessing is shown in Figure 3. 
 

 
 

Figure 3. Image of before and after preprocessing 
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Image Analysis 
The processed images were analyzed using MATLAB software, each image was converted into four 
different color spaces which are RGB, HSV, YCbCr, and L*a*b* as shown in Figure 4 to facilitate a 
comprehensive comparison of color properties for ripeness detection. The selection of these color 
spaces is grounded in their ability to represent color information in different forms, potentially revealing 
different aspects of paddy ripeness. 
 

 
 

Figure 4. RGB, HSV, YCbCr, and L*a*b* color spaces in MATLAB software 
 
 

For RGB color space which commonly used in digital imaging, where represents each pixel through three 
intensity values corresponding to red, green, and blue components [18, 19]. In this study, the images 
were analyzed to monitor the transition from green to yellow during the paddy's ripening process. 
 
In addition, the HSV color space separates color info into three components which are hue, saturation, 
and value of brightness [20, 21, 22]. This distinction between color and brightness is benefits for 
analyzing the subtle shifts from green to yellow as the paddy ripens.  This study required particular 
attention was given to the hue component, as it directly measures color variation, independent of lighting 
conditions. 
 
Similarly, the YCbCr color space commonly used in video compression and image processing, YCbCr 
separates luminance (Y) from chrominance (Cb and Cr) [23, 24]. This makes it more ideal for detecting 
color changes while minimizing or ignoring impact of changes in light intensity. The YCbCr space was 
used to highlight the chromatic differences between unripe and ripe paddy, which focusing on the shift 
from greenish hues to yellowish tones. 
 
Additionally, the L*a*b* color space is a perceptually uniform color space that mimics human color 
perception by separating lightness L* from chromatic components which a* for the red-green axis and 
b* for the blue-yellow axis [21, 25]. It is chosen due to able to represent color differences as perceived 
by human vision accurately 
 
Results and Discussion 
 
Before proceeding to the image analysis, several image preprocessing methods were required to ensure 
the accuracy and consistency of the image data. These steps included image calibration, cropping and 
resolution adjustment, all of which were important to minimizing noise and ensuring that only relevant 
sections of the paddy field were analyzed. Following these image preprocessing, the images were ready 
for analysis in the RGB, HSV, YCbCr, and L*a*b* color spaces. The images after preprocessing, which 
ready for subsequent analysis are shown in Figure 5. 
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Figure 5. Image of unripe and ripe paddy field after preprocessing 
 
 
RGB Color Space Analysis 
The RGB histograms for ripe paddy fields are shown in Figure 6. For Red Channel (R), the histogram 
graph shows a concentration of pixel values in the mid-to-high intensity range and peaking around the 
50 to 200 range. This indicates a strong presence of red hues and correlating with the yellowish color of 
ripe paddy. For Green Channel (G), there is a relatively broad distribution of green pixel values, with a 
noticeable concentration around the mid-range which is around 50 to 150. This suggests that while green 
is still present, it is diminishing as the ripeness level of paddy increases. For Blue Channel (B), the blue 
values are concentrated in the lower intensity range, which is around 0 to 100, this showing a weak 
presence of blue in the image, which is expected as the ripe paddy shifts towards a yellow or golden 
hue. 
 

 
 

Figure 6. RGB color space analysis for ripe paddy 
 
 
The RGB histograms for unripe paddy fields are shown in Figure 7. For the Red Channel (R), the 
histogram exhibits a wider distribution across the intensity spectrum, with a slight peak in the mid-range, 
indicating a balanced representation of red intensity levels in the image. This indicates a lesser 
dominance of red hues, as the unripe paddy is primarily green. For the Green Channel (G), it shows a 
more pronounced peak in the mid-to-high intensity range which is around 100 to 200 and highlighting 
the dominance of green hues in the unripe paddy.  For Blue Channel (B), it exhibits lower intensity values, 
indicating minimal presence of blue in both stages which similar with the ripe paddy. However, the spread 
of blue values is slightly more evident in the unripe stage.  
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Figure 7. RGB color space analysis for unripe paddy 
 
 

HSV Color Space Analysis 
The HSV color space analysis for ripe paddy is shown in Figure 8 whereas HSV color space analysis for 
unripe paddy is shown in Figure 9. Firstly, the circular plot on the left-hand side corresponds to the Hue 
component, it shows a concentration of hues between approximately yellow to red for the ripe paddy. 
Hence, this finding shows that the ripe sample has a dominant red to yellow hue, which is also shown in 
mature stage. 
 
In contrast, the unripe sample showed a much narrower range of hues, concentrated closer to the green 
spectrum. This indicates that unripe paddy predominantly reflect hues characteristic of immature stages 
of ripening, it is because green is commonly associated with early ripening stages in paddy. 
 

 
 

Figure 8. HSV color space analysis for ripe paddy 
 
 

 
 

Figure 9. HSV color space analysis for unripe paddy 
 
 
The saturation histograms show the difference in color intensity between the ripe and unripe paddy. The 
ripe paddy sample shows a lower saturation range, peaking around 0.4. This lower saturation indicates 
that the colors are less vivid, characteristic of the yellow hues of unripe paddy. On the other hand, the 
unripe paddy's saturation values are pointed toward the higher end, which ranging from 0.4 to 0.9, with 
an obvious peak around 0.4. This indicates that the unripe paddy has more vivid and intense green 
colors.  
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The value of brightness histograms has further distinguished the unripe paddy from the ripe paddy. The 
unripe paddy sample shows a higher concentration of brighter values which are between 0.4 and 0.6. 
This increased brightness may be attributed to the reflective surface of the immature paddy, which still 
retains moisture and is more vibrant. In contrast, the ripe paddy's value distribution is skewed towards 
lower brightness values, ranging between 0.2 and 0.6, reflecting the more matte and less reflective 
surface characteristic of ripe paddy. 
 
YCbCr Color Space Analysis 
The YCbCr color space histograms were used to analyses the color characteristics of ripe and unripe 
paddy. In this study, the Y component represents luminance or brightness, while Cb and Cr components 
represent the chrominance information or known as color differences as mentioned in previous section. 
The YCbCr color space analysis for ripe paddy is shown in Figure 10 whereas YCbCr color space 
analysis for unripe paddy is shown in Figure 11. 
 

 
 

Figure 10. YCbCr color space analysis for ripe paddy 
 
 

 
 

Figure 11. YCbCr color space analysis for unripe paddy 
 
 
The Y luminance histogram of both ripe and unripe paddy shows a spread of values from 0 to 200, which 
indicates a range of brightness levels in both ripe and unripe paddy.  
 
In addition, the Cb histogram of the ripe paddy shows a broader distribution and concentrated peak 
around 100 to 130 range. In contrast, the unripe paddy displays a concentrated peak around the 100 to 
110 range with a relatively narrow distribution. The narrower distribution in the unripe paddy indicates a 
more uniform and specific blue chrominance, while the ripe paddy shows a wider range and shows a 
less consistent blue color tone. 
 
Moreover, the Cr histogram peak for ripe paddy is around 140 and for unripe paddy is around 125, this 
result indicates a higher red chrominance in the ripe paddy. As the paddy ripens, it appears that the red 
component increases, contributing to a more reddish or warmer tone in its color wheres the unripe paddy 
has less red component in its color. 
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L*a*b* Color Space Analysis 
The L*a*b* color space analysis was performed to distinguish between the unripe and ripe paddy 
samples. The histograms for the L*, a*, and b* channels as shown Figures 12 and 13, which represent 
the distribution of color values for the ripe and unripe paddy. 
 

 
 

Figure 12. L*a*b* color space analysis for ripe paddy 
 
 

 
 

Figure 13. L*a*b* color space analysis for unripe paddy 
 
 
In the ripe paddy, the L* values are predominantly concentrated between 10 and 50, with a gradual 
decline towards higher values, indicating a darker overall appearance characteristic of ripe paddy. 
Conversely, for the unripe paddy, the L* values are more broadly distributed, peaking between 40 and 
70. This shift towards higher L* values correspond to a lighter appearance, which is typical of unripe 
paddy. 
 
The ripe paddy shows a distribution of a* values approximately centred to 0 with a slight tendency 
towards positive values, which indicating a faint red hue. In contrast, the unripe paddy displays a clear 
shift towards negative a* values which peaking around -20, this reflects the greenish tint typically 
observed in unripe paddy. This difference in the a* channel can be known as a one of key indicator of 
the ripening process, where the green hue diminishes as the paddy ripens. 
 
In addition, the ripe paddy’s b* values are concentrated between 0 and 40, this suggesting a strong 
yellow hue, which is a characteristic of ripe paddy (yellow). However, the unripe paddy exhibits a wider 
distribution in the b* channel, which is ranging from approximately 20 to around 40 and with a peak 
around 30. While both unripe and ripe paddy display a yellow hue, the broader distribution in the unripe 
paddy sample set indicates a more varied color profile, which might cause from attributed to the transition 
stages within the unripe paddy sample set. 
 
Discussion 
For RGB color space analysis, the ripe paddy shows a shift towards higher red intensity values and lower 
green intensities compared to the unripe paddy, this result reflecting the transition from green to yellow 
as the paddy matures. Then, the blue channel remains relatively low in both stages and though with 
minor differences, this shows further emphasizing the color shift's reliance on the red and green channels 
for ripeness detection. 
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Moreover, the HSV analysis shows significant colorimetric differences between ripe and unripe paddy 
samples. Although the ripe paddy shows a wider range of hues in the yellow spectrum and lower 
saturation levels, whereas the unripe paddy shows brighter values, which reflecting a more vibrant and 
reflective surface. These findings provide a detailed quantitative assessment of the color changes that 
occur during paddy ripening and contribute to the understanding of how color spaces can be used to 
track crop maturity. 
 
Moreover, the YCbCr color space analysis shows significant differences between ripe and unripe paddy 
samples in terms of luminance and chrominance. From the result, the ripe paddy increase in red 
chrominance (Cr) as the paddy ripens and a relatively lower red chrominance in the unripe paddy.  This 
finding suggested that YCbCr color space characteristics, especially the chrominance differences and it 
can effectively distinguish between ripe and unripe paddy and potentially serving as an indicator for 
ripeness detection. 
 
The L*a*b* color space analysis effectively differentiates between the unripe and ripe paddy samples. 
The ripe paddy is characterized by lower L* values, suggesting a darker appearance, approximately zero 
a* value which indicating the minimal presence of green, and a concentrated b* value which reflective of 
its characteristic yellow hue. In contrast, the unripe paddy shows higher L* values, indicating a lighter 
appearance, shift towards negative a* values which reflecting its greenish color and a broader b* 
distribution which indicating a varied yellow hue. These colorimetric differences align with the expected 
visual characteristics of paddy at different stages of ripeness, confirming the utility of the L*a*b* color 
space in ripeness assessment. The comparison between RGB, HSV, YCbCr and L*a*b* color space 
analysis of ripe and unripe paddy is shown in Table 1. 
 

Table 1. Comparison for RGB, HSV, YCbCr and L*a*b* color space analysis of ripe and unripe paddy  
 

Color 
Space 

Channel Ripe Paddy 
Characteristics 

Unripe Paddy 
Characteristics 

Estimated 
Difference 
(%) 

RGB Red (R) Concentration in the mid-
to-high range (50-200), 
strong red hues 

Wider distribution 
across intensity 
spectrum, less 
dominant red hues 

Moderate 
(~30% to 
40%) 

 Green (G) Broad distribution, 
concentration around 
mid-range (50-150), 
diminishing green 

Pronounced peak in 
mid-to-high range 
(100-200), dominant 
green hues 

Strong 
(~50%) 

 Blue (B) Lower intensity and 
weak blue presence 

Lower intensity and 
weak blue presence 

Weak 
(~10% to 
15%) 

HSV Hue (H) Concentrated between 
red to yellow 

Narrow range, 
concentrated closer 
to green spectrum 

Strong 
(~50%) 

 Saturation 
(S) 

Lower saturation, 
peaking around 0.4, less 
vivid colors, 
characteristic of ripe 
yellow hue 

Higher saturation, 
ranging from 0.4 to 
0.9, more vivid and 
intense green hues 

Moderate 
(~30% to 
40%) 

 Value (V) Lower brightness (0.2-
0.6), less reflective 

Higher brightness 
(0.4-0.6), more 
reflective surface,  

Weak 
(~10% to 
20%) 

YCbCr Luminance 
(Y) 

Spread of values from 0 
to 200, range of 
brightness levels 

Spread of values 
from 0 to 200, similar 
brightness levels 

Weak (~5% 
to 10%) 

 Blue 
Chrominance 
(Cb) 

Broader distribution, 
concentrated peak 
around 100-130 

Narrower distribution, 
concentrated peak 
around 100-110, 
more uniform blue 
chrominance 

Moderate 
(~25% to 
30%) 

 Red 
Chrominance 
(Cr) 

Peak around 140, higher 
red chrominance, 
warmer tone 

Peak around 125, 
lesser red 
chrominance 

Strong 
(~50%) 
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Color 
Space 

Channel Ripe Paddy 
Characteristics 

Unripe Paddy 
Characteristics 

Estimated 
Difference 
(%) 

L*a*b* Lightness 
(L*) 

Concentrated between 
10-50, darker 
appearance 

Broadly distributed, 
peaking between 40-
70, lighter appearance 

Strong 
(~60%) 

 Green-Red 
Axis (a*) 

Centered around 0, 
slight tendency towards 
positive values (faint 
red) 

Peaks around -20, 
strong green hue 

Strong 
(~80%) 

 Yellow-Blue 
Axis (b*) 

Concentrated between 
0-40, strong yellow hue 

Broader distribution 
between 20 to 40, 
peak around 30 

Strong 
(~70%) 

 
 
The L*a*b* color space demonstrates the highest distinction between ripe and unripe paddy, with 
differences of 60-80% across its L* (lightness), a* (green-red), and b* (yellow-blue) channels. In contrast, 
YCbCr shows a moderate distinction, particularly in Cr (red chrominance) with around ~50% difference, 
but its Y (luminance) channel overlaps significantly between ripe and unripe paddy (5-10% difference). 
HSV provides better separation in Hue (H) and Saturation (S) (~50%), but its Value (V) channel overlaps 
(10-20% difference), which might reduce effectiveness. RGB performs the worst, with weak distinctions 
in the Red (R) (~30-40%) and Blue (B) (~10-20%) channels. From this study, the L*a*b* color space 
analysis is chosen as best option for color space analysis after comparing with RGB, HSV and YCbCr 
color space analysis. As L*a*b* color space provides a clear and quantifiable differentiation between ripe 
and unripe paddy, especially in the a* (green-red) and b* (yellow-blue) channels and colorimetric 
differences almost same with the expected visual characteristics of paddy at different stages of ripeness. 
Hence, L*a*b* color space analysis can be known as offers consistent and accurate data making it easier 
to assess the paddy maturity. 
 
The demonstrated effectiveness of the L*a*b* color space enables machine learning models to utilize its 
features for automated paddy maturity classification. Traditional models such as Support Vector 
Machines (SVM) and K-nearest neighbors (KNN) can be employed for feature-based classification, 
which particularly leveraging the a* (green-red) and b* (yellow-blue) channels [26, 27]. In addition, deep 
learning models, particularly fully convolutional neural networks (FCNs), have been widely applied in 
remote sensing tasks for their ability to extract complex feature representations [28]. However, the use 
of high-resolution networks (HRNet) remains relatively underexplored. HRNet preserves high-resolution 
representations throughout the network, which ensuring enhanced spatial feature extraction for more 
precise classification. Furthermore, integrating reinforcement learning (RL) with deep learning-based 
paddy classification can facilitate the development of autonomous systems capable of real-time 
assessment and adaptive decision-making [29]. RL-based models can continuously learn and adjust to 
varying environmental conditions, thereby optimizing classification performance and enhancing 
harvesting strategies over time. 
 
Conclusions 
 
In this study, we conducted a comprehensive analysis of the color characteristics of ripe and unripe 
paddy using four different color spaces which are RGB, HSV, YCbCr, and L*a*b*. Each color space 
provided valuable insights into the paddy's ripeness stages. L*a*b* color space analysis is recommended 
as the preferred method for ripeness detection in paddy. In future, the color space analysis can be 
integrated with machine learning algorithms and will help to automate and enhance the accuracy of 
ripeness detection and allowing for real-time, large-scale assessments in agricultural practices. This new 
method of work can be led to the development of artificial intelligence system that able to be monitoring 
crop maturity, optimizing harvest timing and improving yield quality in paddy cultivation. 
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