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 A B S T R A C T

Disease detection in sugarcane, particularly the identification of asymptomatic infectious diseases such as 
Ratoon Stunting Disease (RSD), is critical for effective crop management. This study employed various machine 
learning techniques to detect the presence of RSD in different sugarcane varieties, using vegetation indices 
derived from freely available satellite-based spectral data. Our results show that the Support Vector Machine 
with a Radial Basis Function Kernel (SVM-RBF) was the most effective algorithm, achieving classification 
accuracy between 85.64% and 96.55%, depending on the variety. Gradient Boosting and Random Forest also 
demonstrated high performance achieving accuracy between 83.33% to 96.55%, while Logistic Regression and 
Quadratic Discriminant Analysis showed variable results across different varieties. The inclusion of sugarcane 
variety and vegetation indices was important in the detection of RSD. This agreed with what was identified 
in the current literature. Our study highlights the potential of satellite-based remote sensing as a cost-effective 
and efficient method for large-scale sugarcane disease detection alternative to traditional manual laboratory 
testing methods.
1. Introduction

Disease presents a formidable hurdle to maximising yield in the 
sugarcane industry with Ratoon stunting disease (RSD) emerging as 
a key contributor globally [1]. The bacterium Leifsonia xyli subsp. xyli 
(Lxx) is the primary causal agent of RSD, which is primarily propagated 
with contaminated cutting implements [2]. RSD infection can result in 
substantial yield losses (up to 60%), depending on sugarcane variety 
and water availability during growth periods [1,3–5]. This results in 
pronounced economic repercussions, with an estimated annual loss of 
$25 million observed across 87,000 hectares monitored in Australia 
in 2019 [6]. The lack of external symptoms [1,4,5,7] has made the 
detection and the management of RSD a significant challenge. It re-
lies heavily on laboratory diagnostic techniques such as Polymerase 
Chain Reaction (PCR), Quantitative Polymerase Chain Reaction (qPCR), 
Loop-Mediated Isothermal Amplification (LAMP), or Leaf Sheet Biopsy 
Quantitative Polymerase Chain Reaction (LSB-qPCR) for RSD detec-
tion [8–11]. Collecting the field samples required for these techniques 
is both time-consuming and costly, especially for large-area detection. 
This underscores the need to develop a more efficient method for 
large-scale detection of RSD.
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Previous research has demonstrated success in using spectroscopy 
to detect disease and pests in sugarcane by leveraging subtle differ-
ences often imperceptible to the naked eye [12]. Spectroscopy mea-
sures the electromagnetic radiation reflected from an object, provid-
ing insights into its chemical composition, molecular structure, and 
physical properties [13] that may indicate the presence of disease. 
However, most of the studies in the literature utilised handheld spec-
trometers [12,14–19], which are challenging to scale up for large field 
detection. Hence, recent studies have shifted towards drone or satellite-
based observations [20–25], acknowledging the need for larger-scale 
diagnostic methods. Despite this, no studies to date have yet utilised 
satellite-based multispectral imaging for disease detection in sugar-
cane. Although three previous studies have explored the diagnosis 
of asymptomatic sugarcane diseases with machine learning and spec-
troscopy, both relied on handheld spectrometers [12,14,15]. No current 
research has applied large-scale remote sensing techniques to detect 
asymptomatic diseases in sugarcane.

Freely available satellite-based remote sensing offers a cost-effective 
and efficient alternative to the traditional, resource-intensive methods 
of identifying and managing disease in sugarcane [27]. In particular, 
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Table 1
Current literature for disease and pest detection in sugarcane with ML and spectroscopy.
 Reference Health condition Spectroscopy Category ML algorithm Best classification accuracy  
 Apan et al. [21,26] Orange Rust Hyperspectral Satellite LDA 96.90%  
 Moriya et al. [20] Mosaic Hyperspectral Drone SID 92.50%  
 Grisham et al. [15] SCYLV Hyperspectral Handheld 

Spectrometer
LDA 73%  

 Narmilan et al. [22] White Leaf Disease Multispectral Drone RF, DT, KNN, XGB 92%, 91%, 92%, 92%  
 Simões and Rios do Amaral [23] Orange & Brown Rust Multispectral Drone RF, KNN, SVM 90%, 90%, 90%; 86%, 

83%, 88%
 

 Ong et al. [16] Brown Stripe & Ring Spot Hyperspectral Handheld 
Spectrometer

RF, SVM, NB 95%, 85%, 77%  

 Johansen et al. [24] Cane Grub Multispectral Satellite GEOBIA 79%  
 Johansen et al. [25] Cane Grub Multispectral Satellite GEOBIA 98.7%  
 Bao et al. [12,14] Smut & Mosaic Hyperspectral Handheld 

Spectrometer
CNN >90%  

 Vargas et al. [17] Diatraea saccharalis Hyperspectral & 
Multispectral

Handheld 
Spectrometer & 
Satellite

N/A 79.8% & 85.5%  

 Abdel-Rahman et al. [18] Thrips Hyperspectral Handheld 
Spectrometer

N/A N/A  

 Soca-Muñoz et al. [19] Orange & Brown Rust Hyperspectral & 
Multispectral

Handheld 
Spectrometer & 
Drone

N/A N/A  
free publicly accessible multispectral satellite data can alleviate the 
financial burden of purchasing expensive spectrometers images, and 
promote the widespread adoption of this advanced technology.

Spectroscopy data can be converted into a ‘Vegetation Index’ to 
accentuate the important characteristics of vegetation for the specific 
task [28,29]. The suitability of a vegetation index for a particular 
application depends on both the spectrometer and the project objec-
tive [28]. The majority of the sugarcane disease and pest detection 
studies [17,19,21–25] leverage vegetation indices to improve perfor-
mance. This was particularly prominent in the study by Apan et al. [21] 
which developed several new vegetation indices for sugarcane disease 
detection with a focus on water and vegetation stress.

The application of machine learning (ML) algorithms to
spectroscopy data has emerged as a promising approach to aid disease 
management in sugarcane (Table  1). A wide range of algorithms has 
been employed in this field, including XGBoost (XGB), Random Forest 
(RF), Decision Trees (DT), K-Nearest Neighbours (KNN), Support Vec-
tor Machines (SVM), Linear Discriminant Analysis (LDA), and Neural 
Networks (NN) [12,15,16,21,22,22,23,26]. Despite the diversity in 
approaches, only a handful of studies have systematically compared 
ML performance [16,22,23]. Among the algorithms, RF is the most 
common and consistently achieves high classification accuracy [16,22,
23]. Similarly, SVM has demonstrated strong performance, achieving 
promising results [22,23]. However, despite the variety of methods 
applied, the limited exploration of each method is insufficient to draw 
robust conclusions about the relative effectiveness of these algorithms. 
This highlights the need for continued comprehensive comparisons 
across multiple datasets and conditions to better understand their 
relative effectiveness in sugarcane disease management. Additionally, 
few studies have accounted for the impact of different sugarcane 
varieties on model performance, warranting further exploration given 
the increased variation introduced by classifying several varieties [15,
18,23].

The primary objective of this research is to evaluate the effec-
tiveness of various machine learning algorithms in classifying asymp-
tomatic RSD in multiple varieties of sugarcane with freely available 
multispectral satellite data. Additionally, the study seeks to identify 
which vegetation indices are most important for diagnosing RSD. To the 
best of our knowledge, this study represents the first effort to classify 
an asymptomatic disease in sugarcane with satellite-based spectroscopy 
and is the first instance of diagnosing RSD with machine learning and 
spectroscopy [27].
2 
2. Methodology

2.1. Overall process summary

The project comprises three stages: ground-truth data collection, 
data preprocessing, and ML development. In stage one, RSD data 
is collected from sugarcane blocks. For stage two, sentinel-2 images 
with pre-applied atmospheric correction undergo preprocessing before 
pixelwise values are extracted and labelled from raw spectral bands 
and vegetation indices. In the third stage, the dataset is divided into 
an 80:20 train-test split, with 10-fold validation applied to the training 
set for hyperparameter tuning. The top-performing models are subse-
quently evaluated on the test set by performing bootstrapping with 
5000 samples. Permutation testing is then performed to ensure model 
performance is significantly better than a null distribution. The steps 
are detailed in the following sections.

2.2. Study location & ground truth data collection

Sampling to develop the ground truth dataset for this study was 
conducted by trained field agronomists at Herbert Cane Productivity 
Services Limited (HCPSL) between February and March 2022 across 76 
sugarcane blocks in the Herbert region of Queensland, Australia. The 
dataset details the RSD status and variety of the sugarcane in each of 
the 76 blocks, which are comprised of five sugarcane varieties, Q200, 
Q208, Q240, Q253 and SRA14.

Two types of sugarcane blocks were sampled; farmer-owned blocks 
and HCPSL-owned seed production blocks. HCPSL-owned seed pro-
duction blocks exist to provide farmers the opportunity to purchase 
disease-free sugarcane seeds due to strict hygiene and disease testing 
requirements. HCPSL followed their standard RSD sampling protocol 
for both types of blocks. In seed production plots samples from a 
sugarcane stick was collected every 20 m in a grid pattern. In Farmer-
owned blocks, samples from twelve sugarcane sticks were collected 
from the four-corners of the block, and four from randomly selected 
locations within the block. The xylem extraction method was employed, 
in which juice from each sugarcane stick was extracted into a vial 
using pressure generated by an air compressor. The extracted juice 
from all samples was then frozen and subsequently analysed with qPCR 
testing at Sugar Research Australia (SRA) laboratories. The entire block 
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Fig. 1. Visual representation of the field sampling for both block types where 
the red marker indicates a sampling location.

is classified as RSD Positive if any sample within that block returned 
as RSD positive, and only labelled RSD Negative if all samples return 
a negative result. A visualisation of the field sampling method for the 
two block types is shown in Fig.  1.

To establish reliable ground truth data for model training and 
validation, RSD negative samples were sourced exclusively from HCPSL 
seed cane blocks that returned negative qPCR test results, while RSD 
positive samples were sourced from grower blocks that returned pos-
itive qPCR test results. The more intensive sampling protocols imple-
mented by HCPSL staff to meet strict disease control requirements led 
to different sampling densities between the two block types. However, 
this does not introduce bias into the dataset. The study labels data at 
a block level and consequently does not analyse within block variation 
which could be influenced by different sampling densities. Additionally, 
RSD Negative samples were only drawn from HCPSL seed blocks with 
the higher sampling density to increase confidence that these blocks 
were truly absent of RSD. This conservative approach to labelling 
negative samples is appropriate given the asymptomatic and contagious 
nature of RSD, where undetected infections pose a risk of mislabelling. 
In contrast, RSD positive samples were drawn only from grower blocks 
where qPCR testing confirmed disease presence. While these blocks 
were sampled less intensively, this does not compromise the validity 
of the positive labels, as only confirmed cases were included. It is 
possible that some infected blocks were missed due to lower sampling 
density and therefore excluded from the dataset entirely. Overall, the 
differing sampling strategies were intentionally structured to minimise 
label noise and enhance the reliability of both positive and negative 
class assignments.

A shapefile corresponding to the sampled blocks with the sug-
arcane variety and RSD status determined in the laboratory testing 
was produced by HCPSL GIS officer Rod Nielson. However, due to a 
nondisclosure agreement with the farmers, the shapefile and precise 
maps of the sampled areas cannot be published.

2.3. Multispectral satellite image acquisition and data labelling

This study utilised the European Space Agency’s (ESA) Sentinel-2 
satellite series, which offers freely available products for the wave-
lengths necessary to calculate the vegetation indices listed in Table 
3. ‘‘Level-2A’’ products are provided for all required bands at a 20 m 
resolution and have had atmospheric correction applied by ESA with 
the Sen2Cor process [30]. To streamline data processing, a Python 
script was developed as a pipeline to extract all spectral bands from the 
‘‘Level-2A’’ satellite image data products provided by Sentinel-2 via the 
‘‘Sentinel Hub Process API’’.
3 
Fig. 2. Sentinel-2 multispectral bands for an example block, with each panel 
showing a different band. Pixel values have been normalised to highlight 
within-field variation.

Table 2
Ground truth pixel observations at a 20 m resolution for RSD detection.
 Variety RSD positive RSD negative Total 
 Q200 145 389 534  
 Q208 869 649 1518 
 Q240 766 573 1339 
 Q253 886 1769 2655 
 SRA14 88 89 177  
 2754 3469 6223 

The multispectral data used in the study were captured by Sentinel-
2 on 27th February 2022, as it had the least cloud coverage during 
the sampling period. Since RSD is transmitted through contaminated 
tools during planting or harvesting, and the study period was during 
the plant growth period, we assumed that the infection status remained 
unchanged during the study period. Only one day of image data was 
used in this study.

The Sentinel-2 data processing pipeline used the QGIS Python API 
to transform the coordinate reference system (CRS) of the Sentinel-2 
products to match the CRS of the ground-truth shapefile representing 
the farms of interest. The ground-truth data was then used to extract 
the 76 sampled blocks from the Sentinel-2 imagery, ensuring that each 
pixel within the block geometries was labelled with both disease status 
and variety. Fig.  2 shows an example block across Sentinel-2 bands, 
highlighting within-field variation captured in the multispectral data. 
Each labelled pixel within the shapefile geometries was subsequently 
utilised as a separate observation. Table  2 summarises the number of 
ground-truth pixel observations at 20 m resolution for each sugarcane 
variety.

The distributions of reflectance values across Sentinel-2 bands vary 
with both disease status and variety. Fig.  3 illustrates the spectral re-
sponse of each variety. For example, in variety Q240, RSD-positive pix-
els generally exhibit lower reflectance in the red-edge and near-infrared 
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Fig. 3. Reflectance distributions across Sentinel-2 bands for five sugarcane varieties and an overall panel. Outliers are omitted for clarity. Healthy and diseased 
crops are colour-coded (green = healthy, orange = diseased).
regions (bands 6–8) compared with RSD-negative pixels, whereas va-
rieties such as SRA14 and Q253 show higher median reflectance for 
RSD-positive pixels.

2.4. Vegetation indices

The causal bacteria of RSD infects the xylem vessels responsible 
for water transport in sugarcane, reducing water absorption and re-
sulting in vegetation stress [1,2]. To detect these internal symptoms, 
vegetation indices were selected that measure key indicators of plant 
health, as shown in Table  3. Several indices were chosen to assess 
vegetation moisture content [21,31], with the intention highlighting 
reduced water uptake caused by RSD infection of the xylem. Others 
focus on assessing symptoms of plant stress [26,32,33], indicated by 
changes in photosynthetic activity or chlorophyll levels. In addition 
to vegetation indices, previous research has demonstrated that the 
raw Sentinel-2’s bands in the Short-wave Infrared Region (SWIR) are 
sensitive to moisture absorption in vegetation [34–36], while bands in 
the Near-Infrared (NIR) region have been previously used as indicators 
of vegetation stress [37], making both potential predictors for RSD. 
Together, the indices and bands provide a comprehensive net to capture 
the expected physiological impacts of RSD on sugarcane.

To optimise class separation, strategic modifications of vegetation 
indices were explored. The alteration of existing indices was guided by 
first identifying statistically significant bands for diagnosing RSD with 
an independent t-test (significance level = 0.05) for each variety and 
spectral band, with Bonferroni’s correction applied to adjust for type I 
error. Although statistically significant bands varied between varieties, 
bands B08 A and B12 were consistent across most varieties, supporting 
the connection between vegetation moisture and stress as key indicators 
for diagnosing RSD. With the identification of statistically significant 
bands, opportunities arise to modify key vegetation indices to enhance 
class separation. Among the most relevant indices are the Disease 
Water Stress Indices (DWSIs), which have proven effective in detecting 
sugarcane disease through satellite-based remote sensing [26]. The 
DWSIs were designed to target water absorption at R1660 (Sentinel-2’s 
B11). Incorporating both B11 and B12, given their vegetation moisture 
absorption sensitivity [34–36] and B12’s statistical significance, led 
to modified versions of these indices for Sentinel-2, DWSI 6 and 7. 
Additionally, DWSI 7 was further modified to include the red-edge 
band, B5, as the red-edge region is sensitive to stress-related changes 
in vegetation and has previously been effective for vegetation classi-
fication [38,39]. This modification resulted in the creation of DWSI 8, 
4 
Fig. 4. Nine vegetation indices for a sample block that are historically signif-
icant for vegetation monitoring or were found to be important for detecting 
RSD. Pixel values have been normalised to highlight within-field variation.

designed to better capture stress-related signals in vegetation as a result 
of RSD.

The spectral bands of the satellite image captured on the 27th 
February 2022 were utilised to compute the 19 vegetation indices listed 
in Table  3 with the QGIS Python API for each pixel in the dataset. A 
visualisation of several key vegetation indices for an example block 
is shown in Fig.  4, illustrating patterns relevant to sugarcane disease 
detection.
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Table 3
Vegetation indices utilised in this study for RSD detection.
 Reference Vegetation index Formula  
 Rouse et al. [33] Normalised Difference Vegetation Index (NDVI) 𝑁𝐼𝑅−𝑅𝐸𝐷

𝑁𝐼𝑅+𝑅𝐸𝐷
 

 Kaufman and Tanre [40] Atmospherically Resistant Vegetation Index (ARVI) 𝑁𝐼𝑅−(𝑅𝐸𝐷−𝐵𝐿𝑈𝐸)
𝑁𝐼𝑅+(𝑅𝐸𝐷−𝐵𝐿𝑈𝐸)

 
 Genc et al. [41] Simple ratio index (SRI) 𝑁𝐼𝑅

𝑅𝐸𝐷
 

 Merzlyak et al. [32] Plant Senescence Reflectance index (PSRI) 𝑅680−𝑅500

𝑅750
 

 [42] Ratio Vegetation Index (RVI) 𝑅𝐸𝐷
𝑁𝐼𝑅

 
 McFeeters [43] Normalised difference Water index (NDWI) 𝐺𝑅𝐸𝐸𝑁−𝑁𝐼𝑅

𝐺𝑅𝐸𝐸𝑁+𝑁𝐼𝑅
 

 Gao [31] Normalised Difference Moisture Index (NDMI) 𝑁𝐼𝑅−𝑆𝑊 𝐼𝑅
𝑁𝐼𝑅+𝑆𝑊 𝐼𝑅

 
 Tucker [44] Normalised Green Red Difference Index (NGRDI) 𝐺𝑅𝐸𝐸𝑁−𝑅𝐸𝐷

𝐺𝑅𝐸𝐸𝑁+𝑅𝐸𝐷
 

 Gitelson et al. [45] Visible Atmospherically Resistant Index (VARI) 𝐺𝑅𝐸𝐸𝑁−𝑅𝐸𝐷
𝐺𝑅𝐸𝐸𝑁+𝑅𝐸𝐷−𝐵𝐿𝑈𝐸

 
 Datt [46] Simple Ratio 860/550 𝑅800

𝑅550
 

 Apan et al. [21,26] Disease-Water Stress Index 1 (DWSI-1) 𝑅800
𝑅1660

 
 Apan et al. [21,26] Disease-Water Stress Index 2 (DWSI-2) 𝑅1660

𝑅550
 

 Apan et al. [21,26] Disease-Water Stress Index 3 (DWSI-3) 𝑅1660
𝑅680

 
 Apan et al. [21,26] Disease-Water Stress Index 4 (DWSI-4) 𝑅550

𝑅680
 

 Apan et al. [21,26] Disease-Water Stress Index 5 (DWSI-5) 𝑅800+𝑅550
𝑅1660+𝑅680

 
 Rouse et al. [33] Green Blue NDVI (GBNDVI) 𝑁𝐼𝑅−(𝐵𝑙𝑢𝑒+𝐺𝑟𝑒𝑒𝑛)

𝑁𝐼𝑅+𝐵𝑙𝑢𝑒+𝐺𝑟𝑒𝑒𝑛
 

 This Study Disease-Water Stress Index 6 (DWSI-6) 𝐵12+𝐵11
𝐵8𝐴

 
 This Study Disease-Water Stress Index 7 (DWSI-7) 𝐵12+𝐵11

𝐵4
 

 This Study Disease-Water Stress Index 8 (DWSI-8) 𝐵12+𝐵11
𝐵4+𝐵5

 
Notes: NIR = Near Infrared Band; RED = Red Band; GREEN = Green Band; BLUE = Blue Band; SWIR = Shortwave Infrared 
Band. 𝑅𝑥 refers to reflectance at wavelength x nm. Sentinel-2 spectral bands: B2 = Blue (490 nm), B3 = Green (560 nm), B4 
= Red (665 nm), B5 = Red Edge 1 (705 nm), B8 = NIR (842 nm), B8A = Narrow NIR (865 nm), B11 = SWIR 1 (1610 nm), 
B12 = SWIR 2 (2190 nm).
2.5. Machine learning algorithm development

In this study, we compared five machine learning algorithms to 
predict the RSD status of a pixel. These are Random Forest (RF), Logis-
tic Regression (LR), Quadratic Discriminant Analysis (QDA), Gradient 
Boosting (GB) and Radial Basis Function Support Vector Machine (SVM-
RBF). Tree-based methods, such as RF and GB, were included due to 
their previous success in similar remote sensing studies. These models 
are particularly effective for handling high-dimensional data, non-
linearity, and interactions among features, making them well-suited 
for RSD detection. SVM-RBF kernel was included due to its ability 
to effectively model complex non-linear relationships, which are often 
present in multispectral data. LR was included due to its simplicity and 
interpretability. LR is useful for assessing whether the problem could 
be adequately solved with linear methods without resorting to more 
complex models. QDA was tested as it is capable of modelling quadratic 
decision boundaries, which can be useful for capturing more complex 
class separations that may exist in the data.

Given that the sugarcane variety can be potentially unknown to 
the users, two sets of models were developed, one for when the sug-
arcane variety is known and the other when its unknown. The final 
dataset seen in Table  2 is largely unbalance, therefore, the dataset was 
down-sampled to achieve equal class distribution, to mitigate potential 
bias.

The dataset was partitioned into 80% for training and 20% for test-
ing. Standard scaling was applied to the entire dataset, with the scaling 
parameters fitted exclusively on the training set. Hyperparameters were 
tuned using 10-fold cross-Validation with ‘‘Halving Grid Search’’ on 
the 80% training set. HalvingGridSearchCV is a resource-efficient ver-
sion of GridSearchCV from the scikit-learn library for hyperparameter 
tuning. HalvingGridSearchCV is an implementation of the successive 
halving algorithm, introduced by Jamieson and Talwalkar [47], which 
starts with many candidate parameter combinations and progressively 
eliminates the least promising ones, allocating more resources as the 
5 
number of iterations increases [48].  Hyperparameter tuning was per-
formed with the default arguments of HalvingGridSearchCV, meaning 
the elimination factor (factor = 3), resources (resource = ’n_samples’), 
and maximum resources (max_resources = ’auto’) were used as defined 
in the scikit-learn documentation. Table  4 provides a summary of the 
search space explored.

The model’s performance was evaluated by bootstrapping the un-
seen test set with 5000 bootstrap samples, generating distributions for 
the chosen performance metrics, accuracy, precision, and recall [49]. 
Accuracy provides an overall measure of correct predictions, while 
precision and recall offer insights into the model’s ability to correctly 
identify positive cases and avoid false positives, respectively. In the 
context of large-scale disease detection, evaluating false positives and 
false negatives is critical to ensuring an appropriate balance is achieved. 
High false positive rates could lead to unnecessary interventions by 
agronomists, wasting time, diverting resources, and reducing the eco-
nomic benefit of the system. After model evaluation, each machine 
learning algorithm was trained with 10-fold cross-validation on the en-
tire dataset, to find the most appropriate hyperparameters for the entire 
dataset, after the performance has been determined. A visualisation of 
this machine learning workflow is shown in Fig.  5.

The Gini importance of the final RF and GB models was extracted 
to identify the most important vegetation indices and Sentinel-2 multi-
spectral bands for RSD detection. Additionally, to indicate important 
features for RSD detection, independent t-tests (significance level = 
0.05) were performed for each vegetation index, applying Bonferroni’s 
correction to adjust for type I error. Although the results are included 
in Fig.  7 and Tables  5–7, this approach does not account for correla-
tions among the indices or interactions between them. Therefore, the 
findings should be interpreted with caution.

To assess the significance of the ML algorithms’ ability to detect 
RSD, a permutation test was conducted. The pixel labels were shuf-
fled, and the models were retrained using the previously determined 
hyperparameters. This process was repeated 1000 times to generate a 
null distribution of accuracy, reflecting model performance when there 
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Fig. 5. Visual guide to the machine learning workflow. The dataset was split into training and testing sets. The training set underwent 10-fold cross-validation 
to select the best model. Model performance was then assessed by bootstrapping the test set 5000 times, followed by permutation testing.
Table 4
Summary of hyperparameters search space utilised in halving grid search. 
 Model Parameter Search space  
 SVM C 0.1, 1, 10, 100, 1000, 10000, 

100000, 1000000
 

 gamma 0.001, 0.01, 0.1, 1, 10, 100  
 RF n_estimators 50, 100, 200, 500, 1000, 1500  
 max_depth None, 10, 15, 20, 30  
 
GB

n_estimators 50, 100, 200, 500, 1000, 1500  
 learning_rate 0.01, 0.1, 0.2, 0.3  
 max_depth 3, 5, 7, 10  
 
LR

penalty ’l1’, ‘l2’  
 solver ’liblinear’, ’saga’  
 gamma 0.001, 0.01, 0.1, 1, 10, 100  
 QDA N/A N/A  

is no true association between the features and disease status. By com-
paring the original performance distribution to the null distribution, 
the statistical significance of the observed model performance can be 
evaluated.

2.6. Software, libraries & experimental environment

This study was conducted with several software tools and libraries 
for data processing, analysis, and model development. QGIS 3.36.0 was 
employed for examining satellite imagery and utilising its Python API to 
calculate vegetation indices, perform spatial joins, and extract tabular 
data from the spatial layers. Visual Studio Code version 1.89.1 was 
utilised as the programming IDE. Python 3.9.18 and a list of its libraries 
were utilised, including the following: matplotlib 3.7.2, seaborn 0.12.2, 
numpy 1.24.3, pandas 2.0.3, scikit-learn 1.3.0 and scipy 1.11.1.

All experiments were conducted on a system running Microsoft 
Windows 11 Home. The hardware configuration included an Intel(R) 
Core (TM) i7-8700 CPU operating at 3.20 GHz with 6 cores and 12 
logical processors, supported by 16 GB of installed physical memory.

3. Results

The classification and permutation testing results (Fig.  6) reveal a 
clear separation between the null distribution and the model accuracy 
distribution for all machine learning algorithms and varieties, with the 
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exception of SRA14. This demonstrates that the models significantly 
outperformed random chance. In contrast, the overlap of distributions 
for SRA14 across all models suggests that its performance was not sub-
stantially different from what would be expected by chance, indicating 
a weaker predictive power compared to models for the other varieties.

Three machine learning algorithms demonstrated over 80% accu-
racy across all varieties for RSD detection. SVM-RBF performed the best 
overall achieving between 85.64% and 96.55% accuracy depending 
on the variety (Fig.  6). SVM-RBF achieved the highest classification 
accuracy when variety was not considered (85.64%) and for several 
specific varieties including Q208 (91.15%), Q240 (96.96%), and Q253 
(85.35%). Similarly, GB and RF demonstrated consistently high perfor-
mance across all varieties achieving 83.33% to 94.83% and 83.33% 
to 96.55% accuracy respectively, depending on the variety. All three 
models performed particularly well for Q200, Q208 and Q240 achiev-
ing between 91.15% and 96.55% accuracy depending on the specific 
variety and model. GB and RF tied for the highest median overall 
accuracy on Q208, though both models demonstrated less balanced 
performance in terms of precision and recall when compared to SVM-
RBF. Additionally, GB matched the best median overall accuracy for 
Q200. A complete table of results for all models and varieties can be 
seen in Table  5.

In contrast, LR and QDA showed varying performance depending 
on the specific variety. These two models performed particularly poorly 
for variety Q253 and underperformed compared to the other models on 
Q240. However, they excelled with other varieties. QDA, in particular, 
emerged as the top-performing model for variety SRA14, achieving 
a median overall accuracy of 88.89%. Additionally, for Q200, QDA, 
SVM-RBF, and GB all tied as the best-performing models, each yield-
ing identical classification reports with a median overall accuracy of 
96.55%.

Variety-specific models for all machine learning algorithms per-
formed as well as, or better than, the variety-agnostic models. Models 
specific to Q200, Q208 and Q240 outperformed the variety agnos-
tic model, whereas those specific to Q253 and SRA14 showed no 
significant improvement. RSD in varieties Q200 and Q240 was consis-
tently classified with higher accuracy compared to the other varieties. 
Conversely, Q253 consistently showed lower classification accuracy, 
while SRA14 exhibited significant variability in performance. Notably, 
a closer analysis of positive class precision revealed that, in 4 out of 
5 algorithms, varieties Q200 and Q208, or the variety-agnostic model, 
yielded lower precision for the positive class.
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Fig. 6. Bootstrapping distribution of accuracy, precision, and recall for different ML algorithms diagnosing RSD in several sugarcane varieties. The accuracy 
distribution is compared with a null distribution generated with permutations to indicate significance of model performance for that specific variety.
The hyperparameters and overall accuracies of the final models 
trained on the entire dataset are reported in Table  6 now that an ap-
propriate estimate of performance has been determined. The outcomes 
largely align with the previously observed accuracies, which is expected 
if the test set utilised was representative of the sample distribution. In 
this final evaluation, there were no ties for best performance across 
varieties. SVM-RBF maintained its position as the top-performing model 
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for most varieties and QDA continued to outperform other models for 
SRA14.

The feature importance for diagnosing RSD revealed some variation 
between the GB and RF classifiers, however, both generally agreed 
upon several key findings. Notably, when sugarcane variety was not 
considered, both classifiers identified DWSI-6 as the most influential 
feature, and identified DWSI-7, DWSI-2, and spectral bands 2, 5, 6, 
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Table 5
 Median classification metrics of bootstrap distributions for ML algorithms.
 Model Variety Class Precision Recall Accuracy 
 

SVM: RBF

Q200 Positive 93.33% 100% 96.55%  
 Negative 100% 93.39%  
 Q208 Positive 87.5% 95.31% 91.15%  
 Negative 95.31% 87.41%  
 Q240 Positive 97.69% 96.95% 96.96%  
 Negative 96.22% 97.14%  
 Q253 Positive 85.95% 84.97% 85.35%  
 Negative 84.86% 85.88%  
 SRA14 Positive 85.00% 89.47% 86.11%  
 Negative 88.88% 84.21%  
 Not Considered Positive 84.94% 87.06% 85.64%  
 Negative 86.45% 84.24%  
 

GB

Q200 Positive 93.33% 100.00% 96.55%  
 Negative 100.00% 93.39%  
 Q208 Positive 90.48% 92.59% 91.15%  
 Negative 92.06% 89.78%  
 Q240 Positive 96.90% 94.74% 95.22%  
 Negative 93.39% 96.12%  
 Q253 Positive 85.96% 83.59% 84.51%  
 Negative 83.23% 85.63%  
 SRA14 Positive 90.00% 81.25% 83.33%  
 Negative 76.92% 87.5%  
 Not Considered Positive 81.67% 88.03% 84.73%  
 Negative 88.05% 81.71%  
 

RF

Q200 Positive 93.33% 96.43% 94.83%  
 Negative 96.77% 93.94%  
 Q208 Positive 88.98% 93.94% 91.15%  
 Negative 93.66% 88.57%  
 Q240 Positive 94.57% 93.13% 93.04%  
 Negative 91.43% 93.13%  
 Q253 Positive 82.01% 83.43% 82.82%  
 Negative 83.82% 82.42%  
 SRA14 Positive 85.00% 85.00% 83.33%  
 Negative 83.33% 83.33%  
 Not Considered Positive 80.58% 88.67% 84.59%  
 Negative 88.92% 80.99%  
 

QDA

Q200 Positive 93.33% 100.00% 96.55%  
 Negative 100.00% 93.39%  
 Q208 Positive 87.59% 88.89% 87.69%  
 Negative 88.00% 86.61%  
 Q240 Positive 76.38% 93.39% 83.91%  
 Negative 93.33% 76.19%  
 Q253 Positive 92.18% 70.54% 76.90%  
 Negative 61.80% 88.89%  
 SRA14 Positive 100.00% 83.33% 88.89%  
 Negative 76.92% 100.00%  
 Not Considered Positive 87.79% 66.74% 71.01%  
 Negative 52.99% 80.17%  
 

LR

Q200 Positive 93.33% 93.10% 93.10%  
 Negative 93.55% 93.55%  
 Q208 Positive 81.69% 87.60% 84.23%  
 Negative 87.29% 81.20%  
 Q240 Positive 95.39% 95.35% 94.78%  
 Negative 94.29% 94.29%  
 Q253 Positive 70.12% 74.37% 72.96%  
 Negative 75.90% 71.88%  
 SRA14 Positive 95.00% 82.61% 86.11%  
 Negative 77.27% 93.33%  
 Not Considered Positive 65.33% 72.03% 68.90%  
 Negative 72.73% 66.13%  
8 
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Table 6
 Optimal hyper-parameters and mean classification accuracy for different 
machine learning algorithms and varieties determined with 10-fold cross-
validation across the entire dataset. ’lr’ = ’learning rate’, ’md’ = ’max depth’.
 Model Variety Optimal hyper-parameters Accuracy 
 

SVM

Q200 ’C’: 1000, ’gamma’: 0.001 99.17%  
 Q208 ’C’: 1000, ’gamma’: 0.01 90.14%  
 Q240 ’C’: 10, ’gamma’: 0.1 96.72%  
 Q253 ’C’: 10, ’gamma’: 1 85.39%  
 SRA14 ’C’: 1000, ’gamma’: 0.01 89.02%  
 Not Considered ’C’: 10, ’gamma’: 0.1 84.59%  
 

GB

Q200 ’lr’: 0.1, ’md’: 3, ’estimators’: 200 95.00%  
 Q208 ’lr’: 0.2, ’md’: 3, ’estimators’: 500 88.68%  
 Q240 ’lr’: 0.3, ’md’: 3, ’estimators’: 1000 95.17%  
 Q253 ’lr’: 0.1, ’md’: 5, ’estimators’: 500 82.46%  
 SRA14 ’lr’: 0.3, ’md’: 3, ’estimators’: 500 87.04%  
 Not Considered ’lr’: 0.1, ’md’: 5, ’estimators’: 1500 84.17%  
 

RF

Q200 ’md’: None, ’estimators’: 200 95.83%  
 Q208 ’md’: 30, ’estimators’: 1000 89.75%  
 Q240 ’md’: 30, ’estimators’: 200 94.81%  
 Q253 ’md’: 20, ’estimators’: 1000 85.19%  
 SRA14 ’md’: None, ’estimators’: 200 88.79%  
 Not Considered ’md’: 20, ’estimators’: 200 84.26%  
 

QDA

Q200 N/A 97.24%  
 Q208 N/A 89.13%  
 Q240 N/A 87.09%  
 Q253 N/A 76.58%  
 SRA14 N/A 92.71%  
 Not Considered N/A 69.46%  
 

LR

Q200 ’C’: 100, ’penalty’: ’l1’, ’solver’: ’liblinear’ 93.33%  
 Q208 ’C’: 100, ’penalty’: ’l1’, ’solver’: ’liblinear’ 84.31%  
 Q240 ’C’: 100, ’penalty’: ’l1’, ’solver’: ’liblinear’ 95.24%  
 Q253 ’C’: 100, ’penalty’: ’l1’, ’solver’: ’liblinear’ 74.34%  
 SRA14 ’C’: 100, ’penalty’: ’l1’, ’solver’: ’liblinear’ 82.19%  
 Not Considered ’C’: 100, ’penalty’: ’l1’, ’solver’: ’liblinear’ 68.73%  

and 11 among the top 10 most important features. Analysing feature 
importance for RSD diagnosis with separate models for each sugarcane 
variety indicated variations between both varieties and classifiers. No 
single feature appeared in the top 10 importance rankings across all 
varieties for both classifiers. However, across a majority of instances 
DWSI-6, DWSI-3, Band 2, 5, 6, 7 and 11 were the most frequently 
occurring features in the top 10 importance. A complete description 
of feature importance can be seen in Fig.  7. The t-test to identify 
statistically significant vegetation indices generally supports similar 
findings. A summary of these statistical significances is available in 
Table  7.

4. Discussion

This study demonstrates that ML algorithms can effectively clas-
sify RSD across several varieties with freely available satellite-based 
multispectral data. Consistent with previous studies, RF, SVM, and 
GB variants demonstrated strong performance [16,22,23]. Notably, the 
SVM with RBF kernel slightly outperformed both RF and GB in this 
context. This may be attributed to the SVM’s ability to effectively 
model complex non-linear decision boundaries in high-dimensional set-
tings with limited training samples. Under these conditions tree-based 
methods may be less effective at capturing complex relationships [50]. 
Additionally, the underlying structure of the disease-related spectral 
data may be more effectively separated by a smooth, non-linear de-
cision boundary, potentially contributing to the stronger performance 
observed with SVM using a RBF kernel. While previous sugarcane 
disease detection studies have primarily focused on drone-based spec-
troscopy [20,22,23], handheld spectroscopy [15,16] or hyperspectral 
satellite data [21,26], our findings extend this knowledge by demon-
strating comparable, if not superior, effectiveness of classifying a sugar-
cane disease with multispectral satellite data. For example, Simões and 
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Table 7
 Summary of statistical significance from t-tests comparing healthy and dis-
eased samples across different sugarcane varieties. ‘.’: adjusted p-value > 0.05, 
‘*’: 0.05 >= adjusted p-value > 0.01, ‘**’: adjusted p-value <= 0.01.
 Vegetation index Q200 Q208 Q240 Q253 SRA14 
 ARVI . . ** ** .  
 DWSI1 . * ** ** .  
 DWSI2 ** . . ** .  
 DWSI3 ** ** ** . **  
 DWSI4 . . ** ** .  
 DWSI5 . . ** ** .  
 NDMI . . ** ** .  
 NDVI . . ** ** .  
 NDWI . . ** ** .  
 NGRDI . . ** ** .  
 PSRI . ** ** . .  
 RVI . . ** ** .  
 SRI . . ** ** .  
 SR . . ** ** .  
 VARI . . ** ** .  
 Green Blue NDVI . . ** ** .  
 DWSI 6 ** ** ** . *  
 DWSI 7 ** ** ** . .  
 DWSI 8 . . ** ** .  

Rios do Amaral [23] reported classification accuracies between 86% 
and 90% for orange and brown rust with multispectral drone data. 
In comparison, our study achieved accuracies ranging from 83% and 
97% accuracy for RF and SVM, depending on the variety, with freely 
available multispectral data. This demonstrates that our approach, 
utilising cost-effective large-scale satellite data, can achieve comparable 
or superior performance. Moreover, our study outperformed the only 
previous study detecting asymptomatic sugarcane disease [15]. This 
represents a significant advancement in early-stage disease detection 
and large-scale monitoring, where timely intervention is crucial for 
mitigating potential crop yield loss.

Vegetation Indices (VI) and spectral bands sensitive to vegetation 
moisture and stress, were consistently the most influential features, 
reinforcing the established understanding that RSD diminishes water 
uptake and heightens plant stress [1,3–5]. Consistent importance of the 
features DWSI-7, DWSI-6, DWSI-3, Band 5, 6 and 7, clearly reflects this. 
The trend was particularly pronounced in the variety-agnostic models, 
potentially due to the variation introduced by the different sugarcane 
varieties, forcing the model to focus on the most generalised disease 
signals common across all varieties. In contrast, feature importance 
varied among variety-specific models, reflecting the distinct biophysical 
characteristics of each variety and their unique responses to disease 
presence. The importance of DWSI-7 and DWSI-6 across the different 
models highlights that adapting existing DWSI to include the other 
statistically significant moisture absorption band contributed to the 
success of these models. Interestingly, Band 2 which is centred in the 
blue part of the visible spectrum was considered to be consistently 
important, despite RSD being considered as an asymptomatic disease 
universally by experts. While water and stress-related indices proved 
valuable, popular general health indicators like the Normalised Differ-
ence Vegetation Index (NDVI) performed poorly, potentially due to the 
asymptomatic nature of RSD.

Across all machine learning algorithms, variety-specific models 
were as or more effective than variety-agnostic ones. Performance of 
RSD detection varied between sugarcane varieties potentially arising 
from the physical differences between the varieties or external factors 
correlated with variety selection. Variables such as soil type, rainfall, 
and land topology may influence variety choice and introduce variabil-
ity in the observed spectral reflectance. Consequently, future studies 
should incorporate soil data, rainfall, and land topology as predictors 
to assess their impact on RSD diagnosis and determine whether these 
factors explain variation that affects class separability. Notably, variety 
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Fig. 7. Feature importance of different sugarcane varieties.
SRA14 typically exhibited lower classification rates and larger varia-
tion, compared to other varieties with model performance that was not 
significantly greater than random chance. This may be attributed to a 
smaller sample size than the other varieties (see Table  2) and perhaps 
future studies with a larger dataset will find a significant performance 
difference.

Despite the high classification accuracies achieved by the models, 
there were several limitations of the study. Positive class precision was 
consistently lower than negative class precision for models classifying 
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RSD in Q200 and Q208, indicating a higher rate of false positives 
across the algorithms. This may have arisen from the assumption that 
RSD infection in a block was uniformly distributed by labelling all 
pixels within a block with the overall disease status of that block. 
This could result in regions with little or no RSD being mislabelled as 
‘RSD Positive’, thereby affecting model training. Future studies should 
avoid this assumption where possible and implement higher-resolution 
sampling methods to evaluate local infection patterns more accurately. 
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Nevertheless, the 20 m satellite spatial resolution is sufficient for iden-
tifying infected blocks and supporting management decisions. Further 
increases in resolution are unlikely to meaningfully influence decision-
making processes for practical RSD management. However, data fusion 
approaches combining satellite and drone imagery to improve spatial 
resolution may still offer value for other sugarcane diseases or cropping 
systems. Interestingly, this observation coincides with the only two 
varieties identified by Sugar Research Australia as partially resistant 
to RSD [7,51]. Partial resistance might reduce the spread of RSD 
sufficiently to create patches of non-infected areas within otherwise 
infected blocks. However, to verify this hypothesis, further research 
with higher resolution sampling methods would be necessary.

This study focused on developing models and a prototype system for 
RSD detection within the Herbert region in February 2022. Future work 
should assess the influence of other environmental and agronomic pre-
dictors that could not be accounted for in this study to ensure broader 
applicability in the industry. This includes exploring the impacts of fac-
tors such as temperature, humidity, sunlight duration, flowering, other 
sugarcane varieties, simultaneous disease infections, and precipitation 
on the performance of classification models. Furthermore, RSD detec-
tion should be trialled at different growth stages of sugarcane using 
time-series data to improve its applicability to the industry. Given their 
proven success in previous time-series classification tasks, exploring the 
use of techniques such as recurrent neural networks or transformers for 
this application represents a promising direction for future research. 
Additionally, comparing various principal component analysis algo-
rithms could further optimise vegetation index characteristics while 
addressing and mitigating issues such as overfitting.

5. Conclusion

In this study, we demonstrated that RSD can be classified for several 
varieties with ML algorithms from freely available satellite-based spec-
troscopy data. The best-performing machine learning algorithm was 
Support Vector Machine with a Radial Basis Kernel achieving between 
85.64% and 96.55% accuracy depending on the variety. The perfor-
mance of all machine learning algorithms was found to be significantly 
better than the null distribution for all varieties except SRA14. Inline 
with current literature, the inclusion of sugarcane variety information 
and vegetation indices improved classification rates of disease. Addi-
tionally, several varieties were found to be more challenging to classify 
for RSD compared to others. These promising initial results, coupled 
with the efficiency of classifying 76 blocks within minutes as opposed to 
months, indicates the potential benefits of implementing a large-scale 
health monitoring system using satellites and machine learning. Given 
that RSD is one of the most impactful diseases in sugarcane cultivation, 
this research significantly advances sugarcane disease management, 
with substantial practical applications. Providing farmers with a more 
accurate understanding of where RSD is present enables them to alter 
harvester paths to minimise disease spread, and source alternative 
clean, disease-free seeds from other blocks, or reliable suppliers, to 
ensure healthier crop cycles. Additionally, this will allow the imple-
mentation of strict hygiene protocols on infected blocks to prevent 
the disease from contaminating others. These applications indicate the 
potential of this research to support sustainable and efficient sugarcane 
cultivation.
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