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Abstract

Shallots are a strategic horticultural commodity, playing a pivotal role in the Indonesian food supply
as a staple food. It is anticipated that the demand for shallots will increase in the future. Nonetheless, the
production level remains inadequate, necessitating the importation of shallots. The success of the
production process is contingent upon the monitoring of the crops by the farmers themselves. The current
manual approach to this process has proven to be inadequate, necessitating the development of
agricultural technology. Remote sensing has the potential to become a valuable technology in agriculture
and represents a feasible methodology for accurate land mapping. However, its application in Indonesia
remains constrained by the heterogeneity of the mapped areas and the quality of the images obtained.
Furthermore, Indonesia's agricultural land is extensive and heterogeneous. This research presents the use
of multispectral cameras for the precise monitoring and mapping of agricultural land. The imaging system
employs a multispectral camera attached to a UAV to perform land mapping. RGB imagery and
vegetation indices, including NDVI, NDRE, and OSAV]I, are calculated to ascertain the crop status within
a single shallot planting period. The shallot growth stage prediction is proposed using MobileNetV2
architecture. The proposed method demonstrated an accuracy of 84.78% using RGB and 44.78% using a
combination of vegetation indices.
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1. Introduction

Shallots are a strategic horticultural commodity due to their function as a staple food in Indonesia. The
demand for shallots is increasing in line with population growth. It is necessary to balance these efforts
with initiatives to increase shallot production on a national scale. However, the gap between production and
consumption remains significant. This gap is not merely quantitative; it also manifests in terms of
temporality with the consequence that imports of shallots remain a feature of the market. The planting of
shallots typically occurs during the dry season, whereas in the rainy season farmers are reluctant to cultivate
shallots due to the elevated risk of pest infestation [1].

Remote sensing represents a viable methodology for the accurate mapping of terrestrial environments
[2], [3]- The application of this approach in Indonesia remains limited. The primary challenge arises from
the heterogeneous characteristics of mapped areas and the quality of the images obtained. Additionally, the
vast and diverse agricultural landscapes of Indonesia further complicate the use of remote sensing
techniques.

The most common method of land mapping is the use of multispectral satellite or UAV (Unmanned
Aerial Vehicle) imagery. The use of portable and easily operated UAVs has become a widely adopted
approach in recent times [4]. Furthermore, the variety of payload options that can be carried by UAV
according to their flight missions provides additional support for this assertion. The accuracy of drone
imagery, which can reach 2 cm, is a notable improvement over satellite imagery. However, with a flight
time of approximately 15-20 minutes, the land that can be mapped in a single flight is limited to 8—15
hectares, depending on the UAV’s flight altitude [5]. The use of UAV is well-suited to mapping relatively
small areas that require regular observation. The utilization of UAV in the agricultural sector is intricately
linked to the implementation of multispectral camera payloads, which are employed in numerous remote
sensing applications. These include vegetation and land mapping, leaf area index measurement to assess
plant canopy, land estimation, assessment of fertilizer and biomass effects, pest management, detection of
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plant stress levels, and land drought levels [6]. The utilization of drones in image analysis has emerged
as a compelling alternative to satellite imaging, particularly in scenarios where the study focuses on small
objects, such as plants, habitat conditions, and even animals [5].

Multispectral imagery is a type of digital imagery that consists of data from multiple spectral bands of
the electromagnetic spectrum, extending beyond the visible light range. This type of imagery is frequently
employed in remote sensing and other applications to capture and analyze data on various environmental
factors. In this study, multispectral cameras were utilized to generate vegetation indices such as Normalized
Difference Vegetation Index (NDVI), Normalized Difference Red Edge Index (NDRE), and Optimized
Soil-Adjusted Vegetation Index (OSAVI), which facilitate the monitoring of shallot plant conditions. The
NDVI index was selected due to its sensitivity to plant greenness [7], while the NDRE index is employed
for the detection of leaf chlorophyll content [8]. The selection of OSAVI was driven by its capacity to
mitigate the impact of background soil in areas with minimal vegetation coverage [9]. The selection of these
indices was predicated on their demonstrated relevance in the context of shallot plant condition monitoring
during the growth period.

MobileNetV2 is a convolutional neural network (CNN) architecture that builds upon the original
MobileNet, designed specifically for efficient mobile and embedded vision applications. It was introduced
by Google [10] in 2018. The key objective of MobileNetV2 is to provide lightweight, fast, and resource-
efficient architecture for mobile devices while maintaining high performance for tasks like image
classification, object detection, and segmentation. The potential of MobileNetV2 for land mapping has been
the subject of recent research. This architectural model has been demonstrated to be lightweight and to
perform well in a variety of land mapping applications, including the vine disease detection [1 1], mapping
banana disease [12], plant counting [13][14], and paddy seedling monitoring [15]. Research on monitoring
onion fields using multispectral imagery to determine the effects of nitrogen fertilizer has been conducted
[16]. Another study employs multispectral imagery to ascertain NDVI (Normalized Difference Vegetation
Index) for estimating the growth phase of shallots through a deep learning approach [17].

In this study, a multi-rotor unmanned aerial vehicle (UAV) equipped with a multispectral camera is
employed to obtain spectral data over the course of a single shallot planting period. A convolutional neural
network (CNN) model, MobileNetV2, is utilized to predict the growth stage of the shallots based on a
combination of vegetation indices derived from multispectral drone imagery. The case study for this topic
is situated in Ngantang District, Malang Regency, Indonesia. The findings of research are expected to
support the implementation of smart agriculture in Indonesia, especially for farmers and related
stakeholders.

2. Methods

This section presents the details of the proposed methodology. Figure 1 illustrates the designed system
architecture. The multispectral images obtained from the UAV are processed into orthomosaic maps. The
RGB maps and vegetation index combination maps generated are then used as datasets for the MobileNetV2
model. Ground truth annotating is conducted to create growth stage labels. This combination will result in
the production of a shallot growth stage monitoring model.
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Figure 1. System architecture
2.1. Experimental Design
The field experiment was conducted in 2022 in agricultural land in Ngantang Village, Malang Regency,
East Java Province, Indonesia (7°52'06.6"S, 112°22'18.4"E), as shown in Figure 2.
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Figure 2. Experiment location

The experimental area is located in the shallot agricultural area on a mountain slope with an average
altitude of 625 meters above sea level. The land used for the experiment has an area of 6.3 hectares. Land
mapping was carried out on six occasions over the duration of one planting period (two months), with an
interval of approximately one week between each mapping survey.

2.2. Field data acquisition
Field data acquisition was conducted for the construction of labels for the model. This data collection was
conducted simultaneously with the image data collection in Ngantang, Malang. A total of 198 plant sampling
points that are illustrated in Figure 3 were conducted over the course of a single planting period, with each
point being sampled six times.

Figure 3. Field data acquisition point

The data obtained was the age of the plant, which was used as the basis for the classification of the shallot
growth stage, as shown in Table 1. There are six classifications of the shallot growth stage: germination,
seedling, bulb initiation, bulb growth, maturation, and harvest. This classification was used as the label for
the model and was added with one more category, namely soil.

Table 1. Classification of the shallot growth stage

Class_id Age (days) Classification
0 0 Soil
1 1-9 Germination
2 10-19 Seedling
3 20-29 Bulb Initiation
4 30-39 Bulb growth
5 40 -49 Maturation

6 50 - 65 Harvest
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2.3. Acquisition of UAV Images
Multispectral imagery was obtained using the DJI P4 multispectral RTK drone, which is a variation of
the DJI Phantom 4 drone from the manufacturer DJI. It has been modified with the addition of a multispectral
camera and RTK (real-time kinematic) device. The RTK device enables the drone to perform missions with a
position accuracy of up to 0.1 meters. Figure 4 illustrates the devices used in data collection.

Figure 4. DJI P4 multispectral

The multispectral camera embedded in the DJI P4 Multispectral RTK drone has a 5 band + 1 RGB image
configuration. Each camerauses a 1 /2.9 "CMOS sensor of 2.08 MP. This camera has a FOV (Field of View)
of 62.7 © with a focal length of 5.74 mm and an aperture of f/ 2.2. The specifications of each multispectral
camera band are as follows:

¢ Blue (B):450 nm +- 16 nm

e Green (G) : 560 nm +- 16 nm

¢ Red (R): 650 nm +- 16 nm

* Red-edge (RE): 730 nm +- 16 nm

*  Near-infrared (NIR) : 840 nm +- 26 nm

The mapping of shallot fields was conducted at an flight height of 50 metres and a airspeed of 4.3 metres
per second. The front and side overlap ratios were 75 per cent. The ground sampling distance (GSD) was
obtained at 3 centimetres. The flight was conducted in sunny and windy weather between 8 a.m. and 12 p.m.

2.4. Selection of Vegetation Index

A variety of vegetation indices can be derived through the combination of bands from multispectral
imagery. The indices that will be used in this study are the Normalized Difference Vegetation Index (NDVI),
the Normalized Difference Red Edge Index (NDRE), and the Optimized Soil-Adjusted Vegetation Index
(OSAVI).

The NDVI is a measure of the value of plants, calculated by subtracting the red band (absorbed by plants)
from the near-infrared band (reflected by vegetation) [18]. The NDVI index is the most commonly utilised
index in remote sensing for the assessment of health indicators or levels of green vegetation density [7]. NDVI
values range from -1 to 1. The calculation of NDVI is illustrated in equation 1.

(NIR — Red) (1)
NDV] = ————=
(NIR + Red)

The NDRE index is derived by combining the NIR band with the Red-Edge band. The term 'Red-Edge’
is used to describe this band because it is in the transition frequency band between the red band and the near-
infrared (NIR) band. The index is sensitive to the chlorophyll value of plants, which is the primary indicator
of internal conditions in leaves. This is due to the Red-Edge band's ability to penetrate leaves at a deeper level
than the red light utilized in the NDVI index, thereby providing insights into soil conditions or pests in plants
[8]. The formula for calculating NDRE is presented in Equation 2:

(NIR — Red Edge) Q)

NDRE =
(NIR + Red Edge)

The OSAVI is a remote sensing vegetation index used to assess and monitor vegetation, particularly in
areas where soil is more visible, such as regions with sparse plant cover. It is designed to reduce the influence
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of soil brightness on the vegetation signal, providing more accurate vegetation measurements under these
conditions [19]. The formula for calculating OSAVI is presented in Equation 3:

(NIR — Red) 3)

0SAVI =
(NIR + Red + 0.16)

2.5. Processing of UAV imagery

The geometric correction process is conducted with the objective of guaranteeing the absence of errors
or shifts in position (geotag) for each image obtained. Subsequently, the orthorectification process is carried
out with the objective of eliminating the distortion effects caused by the image perspective (typically on the
side of the image) and the topographic relief of the mapped location. To mitigate the impact of image
perspective, the flight mission is conducted with an overlap of 75% between image captures, ensuring the
acquisition of at least 10 images at each point. The aim of these processes is to guarantee the optimal quality
of the resulting orthomosaic image. Orthomosaic is the process of combining multiple images into a single,
comprehensive representation of an area. The entire image preprocessing procedure is conducted using DJI
Terra software. Two orthomosaic maps are generated, which will serve as the basis for the model dataset: the
RGB map and the vegetation index combination map (NDVI, NDRE, OSAVI).

2.6. Modelling method
MobileNetV2 is composed of an initial convolutional layer followed by a series of inverted residual
blocks and ends with a fully connected layer for classification. The basic building block of the architecture is
the inverted residual block, which consists of three layers shown in figure 5:

. Expansion layer (1x1 convolution)
. Depthwise convolution (3x3 spatial convolution)
. Projection layer (1x1 convolution)

In the output layer, changes are made so that the number of classes classified by the network is 7 according
to the growth stage of the shallot [20].
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Figure 5. A modified MobileNetV2 architecture

3. Result and Discussion
3.1. Orthomosaic map and Pre-processing

The multispectral imagery obtained from drones is processed into two orthomosaic maps. The first map
is an RGB map composed of the conventional red, green, and blue bands. The range of band values in this
map is between 0 and 255. The second map is a combination of three vegetation indices, namely NDVI,
NDRE, and OSAVI, which form three bands of an orthomosaic map. The range of band values for this map
is between -1 and 1. In general, values closer to -1 indicate non-vegetated land, such as rocks, water, or other
non-vegetated areas. Soil will typically exhibit a value of approximately 0, while plants will display a positive
value dependent on their health status. A value closer to 1 indicates a higher level of health. Figure 6
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illustrates the results of the orthomosaic map in RGB format (1) and vegetation index format (2).

Figure 6. RGB map (1) and vegetation index map (2)

Six RGB maps and vegetation indexes, each measuring 14602x10256, are available for analysis. The
area covered by each map is 6.2 hectares. The image was resized to 4867x3418 to facilitate the computation
process. The feature extraction is conducted through the implementation of the Meanshift filter
segmentation algorithm. This process is semi-automatically executed by comparing the segmentation
results with the field data results, thereby producing seven shallot plant growth stage classes. The process
is conducted utilizing the QGis 3.28.15-Firenze application. Subsequently, image chips are generated to
create a dataset. The resulting image chips are 7x7 in size, with a total of 998,124,360 data.

3.2. Shallot growth stage classification

The constructed dataset comprises a total of 998,124,360 image chips. The preprocessing of the data is
conducted to ensure that the number of datasets for each class is identical. The rescaling process is carried
out due to the different value ranges between the RGB map and the vegetation index map, where the RGB
map has a scale of 0 to 255 and the vegetation index map has a scale of -1 to 1. The data normalisation
process is carried out so that both maps have the same value range between 0 and 1, to ensure that each
feature is treated equally. Subsequently, the dataset is partitioned into a training set of 60% and a testing set
of 40%.

The MobileNetV2 algorithm with 10 epoch parameters and the SGD optimiser was implemented for the
execution of the testing phase. The algorithm has 3.5 million parameters. The principal benefit of this
approach is that it features inverted residuals, linear bottlenecks, and depthwise separable convolutions,
which collectively contribute to its high efficiency and power, while also ensuring a relatively lightweight
network. The training process was conducted on a system configured with an Intel Xeon Silver 4208 CPU,
a Nvidia Quadro RTX 5000 GPU, and 128 gigabytes of RAM.

Testing accuracy is a prediction that demonstrates the precision and accuracy of any selected deep
learning model. 4 parameters are used to evaluate the results, namely accuracy, precision, recall, and F1
score. Accuracy is the proportion of correctly classified instances out of the total number of instances.

TP+ TN 4)
Total Population (TP + TN + FP + FN)

Accuracy =

In which :

*  True Positives (TP): Correctly predicted positive instances.

*  True Negatives (TN): Correctly predicted negative instances.

» False Positives (FP): Incorrectly predicted positive instances.

» False Negatives (FN): Incorrectly predicted negative instances.

Precision measures the proportion of correctly predicted positive instances out of all instances that were
predicted as positive. High precision means the model produces few false positives.
TP 5)
TP+ FP
Recall measures the proportion of correctly predicted positive instances out of all actual positive
instances. High recall means the model produces few false negatives.
TP ©)
TP+ FN

The F1 score is the harmonic mean of precision and recall. It provides a balance between precision and
recall. The F1 score ranges from 0 (worst) to 1 (best). High F1 score indicates a good balance between

Precision =

Recall =
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precision and recall.

Precision x Recall @)

F1 =2
score x Precision + Recall

Table 2. Model performance.

Map Accuracy Precision Recall F1-score

RGB 84.78% 88% 84.78% 84.85%

NDVI, o N o o
NDRE, OSAVI 44.78% 56% 44.78% 41.99%

Table 2 shows the results of the model’s performance in terms of accuracy, precision, recall, and F1 score.
The evaluation results for the model are identical for all four metrics, with the RGB map achieving an accuracy
of 85% and the vegetation index map reaching 44.78%.

4. Conclusion

This study explores the potential of utilizing a multispectral camera mounted on a multi-rotor
unmanned aerial vehicle (UAV) for the monitoring of the growth stage of shallot plants. A comparison was
carried out between the NDVI, NDRE, and OSAVI vegetation index maps and the RGB map. The outcomes
showed that the RGB images demonstrated superior performance in comparison to the combination of
vegetation indices. This is likely related to the parameters used in the preprocessing stage or to the parameters
applied in the agricultural land objects under study. The UAV sensing system model presented in this study
can provide additional references and technical support for management and decision-making in medium-
scale agriculture. Moreover, the findings of this research offer a practical solution for monitoring shallot
plants in Indonesia, a domain that has received scant attention from previous studies. However, the limited
dataset and the sparse coverage of the research locations represent significant challenges that must be
addressed in future research endeavors. The application of a combination of other vegetation indices and a
variety of agricultural land types will enhance the versatility of this method for a multitude of applications.
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