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The Burkholderia glumae bacterium causes bacterial grain rot
in rice, posing significant threats to the crop’s yield, par-
ticularly thriving during the rice flowering and grain filling
stages. This disease is especially evident in rice grains be-
fore harvest, presenting challenges in the detection and clas-
sification of rice panicles. Firstly, diseased grains may mix
with healthy ones, complicating their separation. Secondly,
the size of grains on a panicle varies from small to large,
which can be problematic when detected using object detec-
tion methods. Thirdly, disease classification can be conducted
by evaluating the extent of infection on rice panicles to as-
sess its impact on yield. Finally, the challenges in detection,
classification, and preprocessing for disease identification and
management necessitate the adoption of diverse approaches
in machine learning and deep learning to develop optimal
methods and support smart agriculture
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Subject
Specific subject area

Data format
Type of data
Data collection

Data source location

Data accessibility

Agricultural Sciences

Image Processing, Smart agriculture, Image Identification, object detection,
Image classification, computer vision, artificial intelligence, and deep learning.
Raw Image

Image

The data was collected by the author in rice fields in the Mekong Delta region
using a mobile phone.

Provinces in the Mekong Delta

Latitude: 10.063363, Longitude: 105.594339

Repository name: Bacterial Grain Rot Dataset Caused by Burkholderia Glumae

Bacteria

Data identification number: 10.5281/zenodo.10805462

Direct URL to data: https://zenodo.org/records/10805462

Guidance on retrieving this dataset: Individuals may obtain the dataset by

downloading it from the provided link and then unzipping the files for use.
Related research article Quach, Luyl-Da, et al. “Evaluating the Effectiveness of YOLO Models in Different

Sized Object Detection and Feature-Based Classification of Small Objects.”

Journal of Advances in Information Technology 14.5 (2023): 907-917.

(13:italic ) https://www.jait.us/show-232-1397-1.html(/13:italic).

1. Value of the Data

» Overview: The dataset is approximately 341.8 MB in size and contains 1528 images across
two object classes, along with labeled text files. Each class consists of various images of
healthy and diseased rice grains, all consistently sized at 1280 x 1280 pixels. The data
has been processed to enhance diversity in brightness, angles, and to clarify edge features,
improving the model’s recognition efficiency.

First Open-Data Access: This dataset is the first publicly released dataset related to Bac-
terial Grain Rot based on object detection. It has accelerated advancements in disease
detection, monitoring, and management in rice production through collaboration among
researchers.

Potential in New Approach for Bacterial Grain Rot Disease: Utilizing this data, several stud-
ies have been able to automate the diagnosis of disease severity in rice. Identifying and
quantifying the proportion of diseased rice grains per unit can provide a clear measure
of disease severity. Based on this method, a smart farming system can be constructed, al-
lowing farmers to automatically monitor disease levels and implement the most effective
management strategies, such as optimizing pesticide application.

Precision Agriculture Applications: The dataset has been used in studies [1,2], yielding
promising results in identifying diseased rice grains with bacterial grain rot on panicles.
However, the unresolved issue in these studies is the application of YOLOv5, YOLOv6, and
YOLOv7 models for evaluation, with the highest accuracy achieved around 90%, and classi-
fication based on the characteristics of bacterial grain rot achieving over 70%. This presents
numerous challenges that need to be addressed to improve accuracy and object recogni-
tion.

Anticipation is high that this dataset will lead to beneficial results as it undergoes ad-
ditional scholarly investigation and expert assessment within the agricultural sector. This
aspect is vital, considering that different nations assess the disease’s severity (and its ef-
fect on crop yields) using distinct measurement criteria.

.

2. Background

The bacterial pathogen Burkholderia glumae is the cause behind grain rot in rice, which no-
tably affects the crop’s yield [3]. This bacterium thrives at different developmental phases of
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the rice, leading to rot in seedlings, blight in leaves, and rot in grains, especially during the
bloom phase. This condition is acknowledged as a critical agricultural disease in various nations
spanning Asia, Central America, South America, and South Africa. The disease can reduce rice
yields by up to 75%, as reported in certain regions of the United States. It is recognized as a
critical disease in countries such as Japan [4], Thailand [5], Iran [6], and South Korea among
others [7].

The disease can be identified by small, uneven brown spots on the flag leaf, and infected
grains may appear from light to dark brown, rotten, shrivelled, and partially filled [8]. Disease
diagnosis primarily relies on manual methods or laboratory techniques such as PCR [9], ELISA
[10], and estimating infection risk using weather data. However, these methods are costly and
challenging to apply in practical production settings. Consequently, some studies have explored
computer vision techniques for disease detection, as demonstrated in research [1,2]. Addition-
ally, new and diverse machine learning techniques have been developed and applied to detect
diseases on rice leaves, as shown in studies [11-13]. This underscores the necessity for datasets
that enable further research using various approaches.

Importance of Grain Rot

- Economic Impact: Grain rot directly affects the rice grains, which are the harvestable part
of the plant. This symptom has a significant economic impact because it directly correlates
with the marketable yield of the crop.

- Yield Loss: Among the symptoms, grain rot can lead to severe yield losses as it affects
the development and viability of the rice grains. In severe infections, grain rot can lead to
complete loss of the panicle, which is the primary yield component of rice.

- Quality of Produce: Grain rot not only reduces the quantity but also the quality of the
rice grains. Infected grains are often discolored, unmarketable, and unsuitable for con-
sumption, affecting the overall quality of the rice produced.

3. Data Description

In the agricultural sector, image datasets are of paramount importance, aiding in fields rang-
ing from computer vision and machine learning to the development of intelligent agricultural
systems. They offer a substantial repository of practical data that researchers utilize to con-
firm the efficacy of various models, algorithms, and theoretical frameworks. Moreover, the use of
wide-ranging and rigorously reviewed image datasets affords researchers the opportunity to dis-
cover novel methods that enhance the results of prior studies or to experiment with innovative
research techniques.

The causes of grain rot in rice can originate from spider mites, fungi, and particularly from
the bacterium Pseudomonas glumae (also known as Burkholderia glumae). The characteristic
symptom of rice infected by Burkholderia glumae is the blackening of the grains or the pres-
ence of disease spots on the grain husk. This feature facilitates the identification of the disease
through image processing techniques or artificial intelligence more easily compared to other
methods [14].

Bacterial grain rot disease in rice significantly affects crop yield. Such datasets offer re-
searchers, agronomists, and farmers valuable resources for identifying, classifying, and studying
rice leaves. Through data analysis, new models can help speed up disease detection and improve
the accuracy of disease severity identification on rice leaves, thereby ensuring widespread rice
productivity. In summary, the Grain Rot Dataset plays a vital role in advancing research, enhanc-
ing smart farming, and ensuring the overall health and productivity of rice crops.

With original data collected from the Mekong Delta region, we have processed the data. Ul-
timately, the Bacterial Grain Rot Dataset comprises 1528 high-resolution images uniformly sized
at 1280 x 1280 pixels in JPEG format. The data have been labelled and bounding boxes assigned
for all objects within two main classes: healthy grains and diseased grains. The data are divided
into three folders representing the training, validation, and testing sets, with each set contain-
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Fig. 1. Image data sample in dataset.

ing images and bounding box label files. Fig. 1 shows examples of original and processed rice
images in the dataset.

4. Experimental Design, Materials and Methods
4.1. Field data collection

The data were collected by the authors from various rice fields in the provinces of the
Mekong Delta region through sampling and evaluation methods. The collected samples were se-
curely wrapped and then photographed using a mobile device. The method employed involved
taking pictures on a white background, with a fixed distance maintained between the phone and
the sample, as illustrated in Fig. 2. As a result, the collected data includes 566 original images,
high-quality images with a resolution of up to 96 dpi. Additionally, the number of rice grains
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Fig. 2. Method of image acquisition.
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Fig. 3. Process of image prepocessing.

Table 1

Statistics on the number of healthy and diseased instance (seeds) processed.
Classes Healthy Disease Total
Number of seed 11,287 1189 12,467

in each image varies widely, ranging from 18 to 161 grains per image, and the total number of
objects summed up to more than 12,400 instances (seed), detailed in Fig. 3.

4.2. Data preprocessing

The process of handling the collected images was carried out in steps, including: (1) Label-
ing and Annotation, (2) Standardizing Size and Augmentation, and (3) Splitting the Dataset and
Generating Format, as illustrated in Fig. 3.

Step 1: Labelling and Annotation: After collection, the data are uploaded to RoboFlow for
labelling and assigning boxes to each rice grain in the images. Table 1 summarizes the number
of objects labelled in this step. The distribution of total objects from each class per image is
shown in Fig. 4.

Step 2: Standardized Size and Augmentation: During this step, labelled and annotated
images are resized to the standard dimension required by recognition models, which is
1280 x 1280 pixels. Subsequently, many transformations are applied to increase the quantity
of images and diversify their features, including Auto-Adjust Contrast and Brightness to balance
differences between light and dark areas in the images, enhancing object recognition on white
backgrounds; and Flipping, Rotating, and Shearing to generate more diverse image angles. After
processing, the dataset includes over 1500 images with a variety of brightness levels, angles, and
object counts.

Step 3: Splitting the Dataset and Generating Format: The final data are divided into three
sets consisting of a training set, validation set, and testing set, to facilitate the training and test-
ing of object recognition models. Table 2 displays the number of images within these three sets
with a ratio of 8:1:1.
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Fig. 4. Distribution of total objects: (a) Total objects, (b) Heathy Class and (c) Disease Class.

Table 2
Statistics on the number of grain rot disease images in the dataset.
Dataset Training Set Validation Set Testing Set
Nunmber of images 1344 101 83
= =
& alnal-:::el;l:tlasel Original Dataset
T
‘ T V v 7 7 i
= =5 = == =2 = =
Train Valid Test Very damaged Damaged Mild Healthy
= = =
Images Images Images
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Fig. 5. Arrangement of the Bacterial Grain Rot Dataset dataset’s folders.

This data is generated in the YOLO format, and for other studies, the YOLO model can be
used by reformatting with RoboFlow or Labellmg. Besides, the original data set is organized into
4 disease levels according to the hierarchy of Vietnamese standards. The structure of the dataset
model is illustrated in Fig. 5.
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Limitations

Not applicable.
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