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Abstract - Rice lodging is a common problem in paddy fields that
reduces yield and complicates harvesting. This study presents a
UAV-based framework for rice condition classification using
RGB imagery. First, the Simple Linear Iterative Clustering
(SLIC) algorithm is applied to segment each UAV image into
compact superpixel regions, which help preserve major field
boundaries and reduce pixel-level noise. Next, a ConvNeXt-
Small network is used to classify rice conditions based on the
segmented regions. A labeled dataset was manually constructed
from UAV RGB images with three classes: green rice, lodged
rice, and ripened rice. Data augmentation was further applied to
improve sample diversity. Experimental results show that the
proposed SLIC—-ConvNeXt pipeline can effectively distinguish
the three rice conditions, achieving an overall accuracy of 98.07%
on the validation set of the current dataset. These results indicate
that superpixel-guided deep learning is a promising approach for
UAV-based rice condition assessment.

Key words - UAV imagery; rice lodging; Superpixel
segmentation; Simple Linear Iterative Clustering (SLIC);
ConvNeXt deep learning.

1. Introduction

Rice is one of the most important staple crops in the
world and plays a crucial role in ensuring global food
security. According to global agricultural statistics, rice
ranks among the three major food crops together with
wheat and maize, and Vietnam is currently one of the
leading rice-exporting countries in the world. However,
rice production is often affected by several environmental
and agronomic factors that can significantly reduce yield
and grain quality. Rice lodging, which refers to the bending
or falling of rice stems caused by wind, rain, or excessive
plant growth, is one of the most common and damaging
problems in paddy fields, as it can hinder harvesting
operations, increase grain loss, and ultimately reduce
overall rice productivity.

Conventional field surveys for rice lodging mainly
depend on visual inspection and farmer interviews to
estimate lodging severity and its spatial distribution [1].
Recently, lodging detection has shifted toward UAV-based
remote sensing, where high-resolution RGB images are
captured by unmanned aerial vehicles and then processed
using deep learning models to automatically map lodged
areas in paddy fields. This approach is attractive because it
is cost-effective, can cover large areas, provide fine spatial

Tém tit - DS ngd lha 1a vén dé phd bién, 1am giam ning suat va
gay kho khan cho thu hoach. Nghién ctru nay trinh bay phuong
phap sir dung UAV dé phan loai tinh trang lua tir anh RGB.
Trué6c hét, thuat toan Simple Linear Iterative Clustering (SLIC)
phan doan anh UAV thanh cac vung superpixel nhd gon, gitp
bao toan ranh gidi chinh trén ddng rudng va giam nhidu diém
anh. Tiép theo, mang ConvNeXt-Small phén loai tinh trang lta
duya trén cac vung da dugc phan doan. Mot b dit liéu gan nhan
tha cong duoc xdy dung tir anh RGB thu nhén bang UAV vai
ba 16p: lta xanh, laa d6 ngd va lua chin. Ky thuat ting cuong
dir lidu dwoc ap dung dé ning cao tinh da dang ciia mau. Két
qua thuc nghiém cho thiy quy trinh SLIC-ConvNeXt phan biét
hiéu qua ba tinh trang lta, dat d6 chinh x4c tdng thé 98,07% trén
tap xac thyc caa bd dir liéu nay. Két qua nay cho thy hoc sau
¢6 huéng din bai superpixel 1a hudng tiép can day hira hen cho
danh gia tinh trang Ita tir anh UAV.

Tir khéa - Liia 46 ngd; khong anh UAV; phan ngudng superpixel;
Simple Linear Iterative Clustering (SLIC); mang hoc siu
ConvNeXt

detail, and allow flexible data collection times depending
on field and weather conditions [2]-[4]. When integrated
with machine learning, UAV imagery has been widely
studied in precision agriculture, including crop monitoring
[5], crop type classification [6], yield prediction [7], [8],
and plant disease detection [9].

For rice lodging specifically, the study in [10]
reported that RGB imagery can outperform multispectral
imagery when combined with a U-Net segmentation
network, achieving Dice coefficients of 0.9442 and
0.9284 for RGB and multispectral inputs, respectively. In
[11], a UAV system equipped with multiple cameras was
used to estimate mature rice yield using a Fusion Yield
Network (FusYieldNet) together with a five-point
sampling strategy; the proposed method also enabled
lodging rate estimation and reported yield errors within
3%. The authors of [12] investigated the relationship
between rice lodging and spatial distributions of soil-and-
plant nitrogen (SAN) using UAS images in a Koshihikari
paddy field with one-shot basal fertilization, and they
observed a negative correlation between the lodging
inclination angle and the estimated nitrogen uptake
(SAN). Similarly, study [13] proposed the LodgeNet deep
learning network to detect and evaluate rice lodging from
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UAV imagery, achieving an accuracy of 97.3% on the
experimental model proposed.

This study presents a UAV-based framework for rice
condition classification from RGB imagery by integrating
Simple Linear Iterative Clustering (SLIC) superpixel
segmentation with a ConvNeXt-based deep learning
classifier. The purpose is to examine whether superpixel-
based region construction can provide a more stable
representation for distinguishing three rice conditions,
namely lodged rice, green rice, and ripened rice. By
grouping pixels into compact local regions while
preserving important field boundaries, the proposed
framework offers a practical and application-oriented
approach for UAV-based rice field analysis.

2. Methods
2.1. Device and data acquisitions

Data acquisition was conducted on March 13, 2022, in
Long My Town, Hau Giang Province (Long My Town,
Can Tho City since July 2025). The data was collected at
approximately 9:00 AM using a DJI Phantom 4 Pro.
During this time, weather conditions were favorable with
light winds and no clouds, making the environment highly
suitable for UAV data collection.

The UAV was equipped with a 20 MP RGB camera to
capture high-quality aerial imagery. Following the

recommendations of the FieldAgent software, the flight
path was set at an altitude of 20 meters with a velocity of
4 m/s. A total of 40 aerial images were collected. Field
observations indicate that the rice has reached maturity and
is ready for harvest; however, widespread lodging is
present, which significantly impacts both the final yield
and the harvesting methods (Figure 1).

TN 05150

Location

Field survey

Figure 1. Data acquisition area
2.2. Superpixel segmentation using SLIC
2.2.1. Image pre-processing

Let I € R¥*W>3 denote an RGB image size, which is
first loaded and converted to CIELAB color space to
ensure consistent channel ordering. To reduce the
influence of high-frequency noise and compression
artifacts, a mild Gaussian smoothing is applied within
the SLIC algorithm [14] using the parameter ¢ and

then normalized before performing superpixel
segmentation. For high-resolution inputs, the images
were resized such that

max(H, W) < 1600 (1)

We use SLIC to partition the image into approximately
K superpixels. SLIC performs clustering in a 5D space
formed by color and spatial coordinates. For each pixel p,
the feature vector performs as

f) = [L(p), a(b), b(p), x(p),y(P)] )

Where (L, a, b) are color values in CIELAB color space
and (x,y) are pixel coordinates. SLIC iteratively assigns
pixels to cluster centers by minimizing a distance that
balances color similarity and spatial proximity

2 A3)
D= |d2+(%) a
where, d. is the color distance, dg is the spatial distance,
S is the approximate grid interval between superpixel
centers, and m is a compactness parameter.

SLIC is applied to generate approximately K
superpixels. The compactness parameter controls the trade-
off between following image boundaries and producing
regular regions, and ¢ determines the amount of Gaussian
smoothing used to reduce noise. In this paper, parameters
are set at K = 400, m = 20,0 = 2. Output is a label map
with

Sef1,2, ..., K'YW 4

Where S(x, ) is the superpixel index assigned to pixel
(x,vy) and K' is the actual number regions produced.

2.2.2. Region construction and feature extraction

Each superpixel r corresponds to the set of the pixels is
conducted as

Q ={(x,y)|Sx,y) =1} (5)

and the mean-color map I, where each region is filled by
its average RGB value is calculated as

. 1
L. = m_rlz:(x,y)eﬂrl(x' y) (©)

In addition, to support texture analysis, the RGB image
is converted to a grayscale intensity image Ig.q, using a
luminance transform

Iyray = 0.299R + 0.587G + 0.114B (7)

Because texture can appear at different scales, we use
simple and stable descriptors that are less sensitive to
illumination changes:

(1) Intensity statistics

The mean intensity u, which represents the average
brightness of the region, and the standard deviation o,
which measures intensity variation within the region, are
computed as follows:

®)

1
Hr = MZ(x,y)EQT Igray )

1 2 )
Oy = |9-_r| Z(x,y)eﬂ,-(lgray x,y) - #r)
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In addition, three intensities are calculated including
Py Pso,r, and Py . Each percentile F, - is defined as the
intensity value such that g% of pixels in (), have intensity
less than or equal to:

. 1
Br = 1nf{t| mz(x,y)enr(lgray(x'Y) <) = 1%} (10)
q € {10,50,90}
(2) Gradient-based texture

A gradient magnitude image M is computed from the
grayscale image Igrq, to describe local edge strength.
Spatial derivatives 0ylgrqy, 0y Igrqy are estimated by using
Sobel filters and the gradient magnitude at pixel (x,y) is
calculated as:

M(x: Y) = \/(axlgray(xr y))z + (ay[gray(x' y))z (1 1)

For each superpixel region (,,, two summary measures
are computed from M (x, y). The mean gradient magnitude
M, and the standard deviation of gradient o(M), are
computed as:

1
M, = HZ(x,y)EQ,M(x'y) (12)

1

oM = Jian

Z(x,y)eﬂ,(M(xr J’) - E)Z
These measures are used to reflect local roughness and
edge density within each region.

(3) Local binary pattern (LBP)

Local Binary Pattern (LBP) features are computed to
describe micro-texture by comparing each pixel with its
neighbors. For each region ., an LBP histogram h,. € RE
is calculated and normalized, where B denotes the number
of histogram bins. The normalized histogram is used as a
compact texture descriptor for the region.

Finally, all region-level features are concatenated into
one vector:

Xr = [‘Llr, Oy» PIO,T' PSO,T' P90,rvM_rv O-(M)rv hr] (13)
The final dataset is formed as a set of region-level

samples {xr}ﬁl, where K'is the number of superpixels.
These feature vectors can be used for classification in
ConvNet in next step of this research.

2.3. Dataset
Classification

A total of 40 UAV RGB images were collected in this
study. Among them, 12 images were selected to construct
the labeled patch dataset for model development. These
images were chosen to contain representative rice-canopy
surface conditions only, and regions containing
infrastructure or irrelevant background objects were
excluded. Three classes were defined: Lodged rice,
Green rice, and Ripened rice (C = 3). Image patches
X; € REpWp*3were selected and labeled by visual
inspection, forming the dataset

D ={X, ¥}y €{1,...,C} (14)

To increase sample diversity, data augmentation was
applied using Gaussian blurring and rotation at 90°, 180°,

generation and ConvNeXt-Based

and 270°. The dataset was randomly split into
training/validation sets with a 90%/10% ratio. Before
training, each patch was resized to a fixed input size at
224 x 224 pixels and normalized.

For deep learning classification, ConvNeXt-Small,
proposed by Liu [15], was adopted with ImageNet-
pretrained weights. The backbone is composed of a stem
followed by four stages of ConvNeXt blocks and channel
dimensions (96, 192, 384, 768), with downsampling
between stages (Figure 2). After the last stage, the final
feature map is aggregated by global average pooling and
passed to a linear layer to produce logits z; € R:

z; = fo(X:) (15)
Class probabilities are obtained using softmax,
pAi,C :f—i'c"CZ 15 ---;C (16)
Z eZik
k=1
and the predicted label is selected as
91 = argmax (17)

Training is performed using the multi-class cross-
entropy loss. Let y; . € {0,1}denote the one-hot label for
class c. The loss is defined as

1 A
L= _Ezlivﬂ Yo Vi log(®ic) (18)

To evaluate the model on unseen data, validation was
performed using UAV images outside the 12 images used
for dataset construction. Therefore, the validation images
were completely independent from the images used for
sample generation and model training. This design reduces
the risk of information leakage and provides a more
realistic assessment of classification performance on
unseen field images.

3. Results
3.1. Image segementation using SLIC

The SLIC results in Figure 3 indicate that the UAV
rice-field image can be partitioned into meaningful local
regions while preserving major field structures. In the
original images, clear visual transitions are observed
between neighboring plots, including dark plot borders and
narrow green strips (e.g., vegetation or a ditch), together
with gradual changes in canopy color and texture across the
field. After applying SLIC, the scene is decomposed into
many compact superpixels. In visually homogeneous areas
of the rice canopy, superpixels are formed with relatively
regular shapes and similar sizes, which suggests that local
texture within each region is consistent and that region-
based statistics can be computed reliably. Near strong
boundaries, the superpixel contours become more irregular
and are observed to follow real edges in the scene.
Plot borders and green strips are separated from
surrounding rice regions, and boundary locations are traced
by multiple superpixels, which reduces mixing between
different surface types. The zoomed views further show
that smaller regions are created around edge-dense or
highly textured areas, while larger regions are maintained
in smoother canopy areas. Overall, these results support the
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use of SLIC as a region proposal step, because spatial  feature extraction and classification. In this study, SLIC
complexity is reduced by grouping similar pixels while  was performed with K = 400, compactness m = 20, and
important structures are still retained for subsequent smoothing o = 2 to produce the superpixel maps.
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Figure 2. The ConvNeXt-Small architecture
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Figure 3. The SLIC segmentation
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Figure 4. The ConvNeXt-based model performance
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3.2. ConvNeXt-Based performance and classification of

rice field conditions

The model performance is shown in Figure 4. The
training curves in Figure 4 show that the model was
trained for 20 epochs and reached a stable performance
early. Training accuracy increased rapidly from about
0.90 at the first epoch to above 0.96 within the first few
epochs, and then slowly improved to around 0.99 toward
the end of training. In the same period, the training loss
decreased sharply (from roughly 0.24 to below 0.10 in
the first epochs) and continued to decline gradually,
reaching a small value (about 0.02) at the final epochs.
This behavior indicates that most learning occurred in the
early stage, while later epochs provided only minor
refinement.

Validation accuracy stayed very high (mostly around
0.99-1.00) but showed a noticeable drop at
approximately epoch 3, and the validation loss also
exhibited occasional spikes. Such fluctuations are
consistent with a small validation set (only 10% of
the data), where a few difficult samples can strongly
affect the validation metrics. Importantly, no clear
overfitting trend is observed because training and
validation accuracy remain close and both losses stay
low. Overall, the model can be considered converged
around epochs 8-12, after which the curves become
relatively stable and additional epochs yield limited
improvement. The class-wise classification results are
summarized in Table 1. All three rice classes achieved
Fl-scores above 0.97, indicating consistently high
classification performance. Green rice obtained the
highest precision of 1.0000, whereas Ripened rice
achieved the highest recall of 1.0000.

Table 1. Precision, Recall, Fl-score, and class accuracy for
each rice class

Class Precision Recall F1-score | Class Acc
Green_rice 1.0000 0.9650 0.9822 0.9862
Lodge rice | 0.9727 0.9817 0.9772 0.9862

Ripened rice| 0.9652 1.0000 0.9823 0.9890

Confusion Matrix (val)

. 120
Green_rice
100
80
Lodge rice
60
40
ipened_rice 20

Predicted

Figure 5. The confusion matrix

Figure 5 presents the confusion matrix on the validation
set of 363 samples. The results show strong diagonal
dominance, indicating that most samples are correctly
classified across the three classes. A total of 356 samples
are predicted correctly, yielding an overall accuracy of
98.07%. Minor misclassifications are mainly observed
between Green rice, Lodge rice, and Ripened rice in a
small number of visually similar cases. Among the three
classes, Ripened rice achieves the most consistent

performance, with no false negatives observed in the
current validation set. Overall, the confusion matrix
suggests that the proposed model can effectively
distinguish the three rice conditions, while only limited
confusion remains in a few boundary cases. Representative
validation predictions are provided in Figure 6.

Figure 6. Validation sample prediction

Figure 7 presents the rice condition classification
results from UAV RGB imagery using the proposed
pipeline. The SLIC boundary maps show that the scene is
divided into compact superpixel regions that generally
follow major field structures, such as plot borders and
vegetation strips, which provides a more stable region
representation for the classification stage. Based on these
regions, the ConvNeXt network demonstrates the ability
to classify rice conditions; however, some local
misclassifications are still observed because the rice
canopy structure on the field surface is spatially complex
and highly variable. The results also indicate that green
rice is often detected as relatively large and consistent
areas, suggesting that this class has clearer visual cues in
RGB images. In contrast, ripened rice is more difficult to
identify because its color and texture can change across
the field and may overlap with lodging patterns under
different illumination and canopy conditions. Therefore,
the ripened class tends to appear more fragmented and is
occasionally mixed with lodged rice, especially near
transition zones, implying that finer labels and more
diverse training samples are needed to produce a more
stable ripened-rice map.
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Figure 7. Visual results of the proposed SLIC—ConvNeXt pipeline on UAV RGB rice-field images: (a) Original UAV image,
(b) SLIC superpixel boundaries, (c) mean color representation per superpixel, and (d) ConvNeXt-based classification map
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3.3. Discussion

In various state-of art, lodging detection has been
widely investigated using remote sensing data because
lodging changes crop canopy structure, reflectance, and
texture. The authors of [13] proposed the MI-UConvNeXt
model for rice lodging detection based on semantic
segmentation and intelligent optimization. Their model
achieved a pixel accuracy (PA) of 95.59%, a mean pixel
accuracy (mPA) of 95.62%, and a mean intersection over
union (mloU) of 91.91%. These results show that an
optimized deep learning architecture can improve
segmentation accuracy and reduce computational
complexity. In another rice lodging study, the authors of
[16] used UAV multispectral imagery together with
spectral features, vegetation indices, colour features, and
texture features for plot-level lodging assessment. Their
Random Forest classifier achieved an overall accuracy of
96.1% and a Kappa coefficient of 0.92. The estimated
lodged area also showed strong agreement with visual
interpretation, with an R? value of 0.97. Chauhan et al.
[17] showed that UAV multispectral imagery could be
used to assess wheat lodging severity. In their study, red-
edge and NIR bands were useful for distinguishing non-
lodged and lodged wheat, and the classification achieved
an overall accuracy of 90%. At a larger spatial scale, the
authors of [18] used multi-temporal Sentinel-1 SAR
images for maize lodging monitoring. They found that
VH time-series features were sensitive to lodging
severity. Their TwDTW-based method achieved an
accuracy of 76% and a Kappa coefficient of 0.70,
showing the usefulness of temporal SAR features for
regional lodging assessment.

The main result of the present study shows that the
proposed SLIC—ConvNeXt pipeline can classify rice-
field conditions from UAV RGB images into three
groups: green rice, lodged rice, and ripened rice. In this
method, SLIC superpixel segmentation is applied before
ConvNeXt classification to reduce pixel-level noise,
preserve important field boundaries, and create stable
image regions for classification. The proposed model
achieved an overall validation accuracy of 98.07%. This
result suggests that low-cost RGB UAV imagery can be
used as a practical tool for rapid rice-condition
assessment in small paddy fields. A brief comparison
between previous lodging detection studies and the
present study is shown in Table 2.

Table 2. Comparison of recent studies on crop lodging detection
and the present study

Study Method used

Zhang et al.[UAV
[13] sensing
with
UConvNeXt
semantic

Main finding

remote| The proposed model achieved
images |high rice lodging

MI-|segmentation  performance,
with  PA = 95.59%,
mPA = 95.62%, and

segmentation and
intelligent
optimization

mloU = 91.91%. The results
showed that optimized deep
learning can improve
segmentation accuracy and
computational efficiency.

The method detected rice
[16] multispectral lodging at the plot level with
imagery with|an overall accuracy of 96.1%
spectral features,|and a Kappa coefficient of]
vegetation 0.92. The estimated lodged
indices,  colour|area agreed well with visual

Kumar et al.|UAV

features, texture|interpretation, with R?=0.97.
features, and

Random  Forest

classifier

Chauhan et|High-resolution
al. [17] UAV
multispectral
imagery
object-based
classification

Qu et al. [18]|Multi-temporal  |VH time-series features were
Sentinel-1 ~ SAR|sensitive to maize lodging
images with VH|severity. The TwDTW-based
time-series method achieved an accuracy
features and|of 76% and a Kappa coefficient
TwDTW of 0.70 for county-scale
classification lodging monitoring.

Present study|UAV RGB|The proposed SLIC-
imagery with|ConvNeXt pipeline classified
SLIC superpixel|rice-field conditions into green
segmentation and|rice, lodged rice, and ripened
ConvNeXt-Small |rice. The model achieved an
classification overall validation accuracy of]
98.07%, showing the potential
of low-cost RGB UAV
imagery for rapid rice-
condition assessment in small
paddy fields.

Red-edge and NIR bands were
useful for distinguishing non-
lodged and lodged wheat. The
and|method achieved an overall
accuracy of 90% for lodging
severity assessment.

4. Conclusion

This study presented a two-stage framework for rice
condition classification from UAV RGB imagery. In the
first stage, SLIC superpixel segmentation was applied to
divide each image into compact local regions while
preserving major field boundaries. In the second stage, a
ConvNeXt-Small network was used to classify the
segmented regions into three classes: green rice, lodged
rice, and ripened rice. Experimental results on the
constructed dataset showed that the proposed pipeline
achieved high classification performance, with an overall
accuracy of 98.07% on the validation set.

Despite these promising results, several limitations
remain. The dataset is still limited in size and was collected
under a specific field condition, which may restrict the
generalizability of the current model. In addition, the
present study focuses on three broad rice-condition classes
and does not yet address lodging severity levels or field-
scale quantitative estimation. Future work will therefore
concentrate on expanding the dataset, improving
annotation detail, and developing a full-field mapping
framework for more practical lodging assessment.

Funding: "This research is funded by Vietnam National
Foundation for Science and Technology Development
(NAFOSTED) under grant number 53/2025/TN".
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