www.nature.com/scientificreports

scientific reports

OPEN

W) Check for updates

Combining biophysical parameters
with thermal and RGB indices
using machine learning models

for predicting yield in yellow rust
affected wheat crop

RN Singh?, P. Krishnan'*, Vaibhav K. Singh3, Sonam Sah? & B. Das*

Evaluating crop health and forecasting yields in the early stages are crucial for effective crop and
market management during periods of biotic stress for both farmers and policymakers. Field
experiments were conducted during 2017-18 and 2018-19 with objective to evaluate the effect of
yellow rust on various biophysical parameters of 24 wheat cultivars, with varying levels of resistance
to yellow rust and to develop machine learning (ML) models with improved accuracy for predicting
yield by integrating thermal and RGB indices with crucial plant biophysical parameters. Results
revealed that as the level of rust increased, so did the canopy temperature and there was a significant
decrease in crop photosynthesis, transpiration, stomatal conductance, leaf area index, membrane
stability index, relative leaf water content, and normalized difference vegetation index due to rust,
and the reductions were directly correlated with levels of rust severity. The yield reduction in moderate
resistant, low resistant and susceptible cultivars as compared to resistant cultivars, varied from
15.9-16.9%, 28.6-34.4% and 59-61.1%, respectively. The ML models were able to provide relatively
accurate early yield estimates, with the accuracy increasing as the harvest approached. The yield
prediction performance of the different ML models varied with the stage of the crop growth. Based
on the validation output of different ML models, Cubist, PLS, and SpikeSlab models were found to

be effective in predicting the wheat yield at an early stage (55-60 days after sowing) of crop growth.
The KNN, Cubist, SLR, RF, SpikeSlab, XGB, GPR and PLS models were proved to be more useful in
predicting the crop yield at the middle stage (70 days after sowing) of the crop, while RF, SpikeSlab,
KNN, Cubist, ELNET, GPR, SLR, XGB and MARS models were found good to predict the crop yield at
late stage (80 days after sowing). The study quantified the impact of different levels of rust severity
on crop biophysical parameters and demonstrated the usefulness of remote sensing and biophysical
parameters data integration using machine-learning models for early yield prediction under biotically
stressed conditions.

Wheat, scientifically known as Triticum aestivum L., is a highly significant staple crop with immense global eco-
nomic value. Wheat holds the distinction of being the largest cultivated crop worldwide, occupying approximately
225 million hectares of land with a total production of around 772.64 million metric tons and a productivity
rate of 3.25 tons per hectare'. Wheat plays a crucial role in providing an affordable source of protein (20%) and
calories (19%) through consumption to majority of the world population?. Given its status as a staple food and its
ability to cater to the needs of a large population, particularly those in poverty, wheat carries special importance
in ensuring global food security. With the projected increase in the world’s population, the demand for wheat is
expected to rise by 60% by 2050°. India, being the second largest wheat producer globally, contributes approxi-
mately 13.5% pf the global wheat production'. According to an estimate 10-16% of world wheat produce is lost
due to pest and diseases®. Yellow rust, also called stripe rust of wheat is considered most economically important
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disease of wheat and threat to world food security®. The yellow rust infection most commonly occurs on the
wheat leaves, which reduces the light interception and photosynthesis resulting lower yields. Understanding and
quantifying the changes in plant biophysical parameters in reponse to different levels of plant disease severity is
essential for the effective management of resources.

Wang et al.° studied the alterations in leaf area, photosynthetic rate, stomatal conductance, transpiration
rate of oat to understand the plant response towards leaf blight disease. Francesconi and Balestra’ studied the
changes in photosynthesis and stomatal conductance to describe wheat response for fusarium head blight dis-
ease. In order to comprehend how plants react to stressors, the relative leaf water content (RWC) is a significant
parameter. Several researchers have employed RWC to examine how plants respond to various plant diseases,
such as vascular wilt of tomato®, fusarium canker in almond’, root rot of pea'®, and sharp eyespot and fusarium
head blight of wheat'!. Membrane stability index (MSI) is a widely used physiological index to evaluate plant
stress under biotic and abiotic stressors'!. The leaf area index (LAI) is another fundamental variable that has
a strong correlation with crop photosynthesis and the accumulation of dry matter in crops and hence it is an
important parameter for tracking the growth status of crops and predicting their yield'>'*. Several researchers
have used LAI as a key indicator for monitoring the growth conditions of crop like maize', wheat'®, rice'® etc.
The Normalized difference vegetation index (NDVI) is a highly effective indicator of photosynthetically active
biomass and is proficient at precisely discerning shifts in crop conditions'”. It is also one of the most frequently
utilized vegetation index and finds broad application in identifying nutrient deficiencies, indirect photosynthesis
estimation, and the detection of both biotic and abiotic stress conditions'®. Additionally, the NDVT is the most
commonly employed vegetative index for identifying diseased tissue'®. Several researcher have used NDVI for
monitoring and evaluating impacts of yellow rust on wheat crop>?**..

Though researchers have explored various biophysical parameters of wheat under diseased conditions, a
notable gap in these assessments is that they are predominantly focused on distinguishing only between diseased
and non-diseased conditions. To enhance wheat yield and economic returns, a crucial step is to comprehend how
plant biophysical parameters are affected by varying degrees of disease severity. Applying a uniform approach
to combat yellow rust frequently leads to excessive chemical use, diminishing farmers’ profits and causing envi-
ronmental harm®. To best of our knowledge none of studies till date quantified plant biophysical responses in
wheat cultivars under different levels of rust severity and hence there is a notable scarcity of research examining
the effects of different yellow rust severity levels on diverse wheat cultivars under field conditions.

Predicting crop yield is another crucial task in the current scenario for policymakers and farmers in order to
ensure food security and sustainability. Nevertheless, this task poses significant challenges due to the complex
interrelationships among soil, plant, and environmental factors that impact crop yield*. The major limitations
of traditional techniques of yield prediction such as crop growth models and statistical methods lies in their
inability to effectively account for the constantly changing biotic and abiotic factors that affect crop production.
Furthermore, these conventional models necessitate a substantial amount of data relating to soil, climate, crop,
and management practices, as well as significant user proficiency and expertise to fine-tune the model*. The
progress made in machine learning (ML) has introduced a novel and enhanced approach to overcome the above
limitations in yield prediction of agricultural crops®. Several researchers used machine learning as well as deep
learning approaches to predict yield in crops like wheat*>?, pigeon pea®, maize?, oil palm? etc. under varying
environmental conditions. However, researchers focusing on machine learning for yield prediction primarily rely
on remote sensing data, which offers limited accuracy in early yield prediction. Augmenting remote sensing data
with actual plant biophysical information has the potential to enhance the accuracy of early yield prediction. An
evident research gap exists in the integrated utilization of plant biophysical data and image-based information for
yield prediction. No prior study has undertaken the combination of thermal and visible image-derived indices
with biophysical parameters to forecast wheat yield under biotic stress conditions.

With this background, the current study is planned to (a) investigate and quantify the effect of yellow rust
on the biophysical parameters of wheat cultivars under different levels of yellow rust severity (b) coupling plant
biophysical parameters data with image-based visible and thermal indices using ML models for improving yield
prediction under biotically stressed conditions and (c) comparing the ability of different ML models to predict
wheat yield under biotically stressed conditions.

Materials and methods

Thermal and visible images were collected for two years at different crop growth stages, along with biophysical
parameters of the crop, including the LAI, RWC, MSI, photosynthesis, stomatal conductance, transpiration,
and intercellular CO, concentration. These measurements were taken alongside the NDVI. To compare the
impact of yellow rust on different cultivar categories, we used a one-way ANOVA with a post hoc Tukey test at
a significance level of 5%. The crop yields were predicted using ML models at 3 different growth stages by using
image based indices and biophysical parameters as model inputs. The performances of ML models were evaluated
using coefficient of determination (R?), d-index, root mean square error (RMSE), normalized root mean square
error (n-RMSE) and mean bias error (MBE). Standardized ranking performance index (sRPI) derived from R?,
d-index, RMSE and MBE of calibration and validation was utilized to finally rank models for their ability of
yield prediction. A flow chart describing the methodology is presented in Fig. 1 and detailed methodology is
elaborated in the subsequent sections.

Study site, treatment details and recording yellow rust severity

Field experiments were conducted over a two-year period (2017-2018 and 2018-2019) at the Indian Agricultural
Research Institute’s research farm in New Delhi, which has a semi-arid climate with hot, dry summers and dry
winters. The crop was grown from the middle of November to the first week of April. The soil at the experimental
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Figure 1. Flow chart describing overview of the methodology. WYR Wheat yellow rust, ML models Machine
learning models, DAS Days after sowing, sRPI Standardized ranking performance index.

site is non-calcareous and slightly alkaline, classified as Indo-Gangetic alluvium (Typic Haplustepts). Twenty-
four different wheat cultivars with varying levels of resistance and susceptibility were planted in plots measuring
2.5x2.5 m with a row spacing of 25 cm. The planting occurred on November 24th in the first year and November
25th in the second year. In order to create an artificial epiphytotic in field conditions, a mixture of six virulent
and most predominant pathotypes of P. striiformis tritici were used as urediospore inoculum. Disease severity
was recorded on a weekly basis after when susceptible checks reached 25-30% severity according to the modified
Cobb’s scale®, and the final disease severity (FDS) was taken for yellow rust on March 8th during the first year
and March 4th during the second year. The cultivars were divided and classified into four different categories viz.
High (Highly resistant, < 20% FDS), Moderate (moderately resistant, 20-40% FDS), Low (low resistant, 40-60%
FDS) and Susceptible (>60% FDS) based on FDS as described by Singh et al.>".

Measurement of biophysical parameters

LATI: Plant Canopy Analyzer (LAI-2000, Li-COR Ltd, Nebraska, USA) was utilized to determine the LAI of the
plants. To obtain the LAI of the plot, three internal subsamples were taken for each plot for each cultivar and the
results were averaged®. The observations were taken at 1700 h IST, when the diffused radiation was maximum,
with a quarter view cap on the sensor to exclude the operator and the other part of the hemispherical view. A
detailed protocol for LAI measurement is given in Liu et al.?3. In the 2017-18, measurements were taken at 55,
70, 80, 95, and 110 days after sowing (DAS), while during the 2018-19, LAI readings were recorded at 60, 70,
80, 92, and 105 DAS.

NDVI: NDVI data was collected using a handheld NDVI sensor (Green-Seeker™, N-Tech Industries, Inc.,
USA) between 1300 and 1400 h IST to minimize sun angle effects*. The Green-Seeker sensor estimates the
NDVTI values using of reflectance data in the red and near infrared regions of the electromagnetic spectrum. The
sensor was swept over the middle section of the wheat plots of each cultivar and three readings were taken. The
average NDVI value was then calculated for each wheat cultivar. In the 2017-18, measurements were taken at
55, 70, 80, and 95 DAS, while during the 2018-19 the NDVI readings were recorded at 60, 70, 80 and 92 DAS.

RWC: The RWC was determined using the method described by Barrs and Weatherley*. The second leaflet
from top of the plants were collected carefully to avoid any damage. To prevent loss of any moisture from the
leaves, the samples were kept in icebox and the fresh weight (F) of the leaves were taken as quickly as possible.
Subsequently, the leaves were saturated by adding enough water and kept for 6 h for attaining a constant weight
by absorbing water and the weight of the saturated leaf or the turgid weight (S) was recorded. Then the leaves
were dried in hot air oven at 65 °C until constant dry weight (D) was obtained. Subsequently, using the F, D and S,
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RWC was calculated with the following formula: RWC = (F — D)/(S — D) x 100. To get the average RWC value
of a wheat cultivar, three internal replications were taken and averaged. In 2017-18, RWC measurements were
taken at 55, 70, 80, and 95 DAS, while during 2018-19 the RWC readings were recorded at 60, 70, 80 and 92 DAS.

MSI: The measurement of MSI was conducted by taking 0.2 g of cut leaf samples and placing them in test
tubes containing 20 ml of double-distilled water. These test tubes were then incubated at 30 °C overnight, and
the electrical conductivity (EC) reading of the water containing the leaf samples was recorded as C,. Subse-
quently, the test tubes were subjected to boiling in a water bath at 100 °C for 15 min, followed by cooling to
room temperature. The EC was again recorded for the solution containing the leaf samples as C,*. The MSI
was then calculated using the equation : MSI (%) =(1-(C,/C,)) x 100. As in the previous cases, three internal
replications were taken for each cultivar and the values were averaged to obtain the average MSI values. In the
2017-18, MSI measurements were taken at 55, 70, 80, and 95 DAS, while during the 2018-19 the MSI readings
were recorded at 60, 70, 80 and 92 DAS.

Leaf photosynthesis, stomatal conductance, transpiration and intercellular CO, concentration: Leaf photo-
synthesis rate, stomatal conductance, transpiration rate and intercellular CO, concentration were measured
using Infrared Gas Analyzer (IRGA, model LI-6400XT, Li-COR Ltd, Nebraska, USA). Mature leaflets of wheat
were analyzed using an Infrared Gas Analyzer (IRGA, LI-6400XT, Li-COR Ltd, USA) under a constant light of
1000 pmol m s. The IRGA was set to operate in closed method to measure leaf photosynthesis rate, stomatal
conductance, transpiration rate, and intercellular CO, concentration®’. Three observations were taken for each
cultivar on the uppermost completely extended leaves during the optimum period of photosynthetic active
radiation from 1000 to 1230 h IST. The observations were recorded at 55, 70, 80, and 95 DAS in 2017-18, while
during 2018-19 the readings were recorded at 60, 70, 80 and 92 DAS.

Yield: When the crops reached maturity, a manual harvest of 1 square meter was conducted. The grains were
separated from the rest of the plant through threshing and beating and the yield was calculated based on the
dry weight.

Image acquisition and derived parameters

The thermal and visible images were acquired simultaneously using the Testo (890-1) handheld camera. This
camera is equipped with thermal detector of resolution of 640 x 480 pixels and a high-quality wide-angle lens
that covers a field of view of 42°x 32°. With a thermal sensitivity of less than 40 mK at 86 °F, the camera can
detect even subtle temperature variations. It has a minimum focusing distance of 0.1 m. The camera’s geometric
resolution is 1.13 mrad when the emissivity is set at 0.95, and it operates within a spectral range of 8-14 pm.
The temperature estimation capability of the camera ranges from —20 to 100 °C, with an accuracy of +2%. The
thermal and visible images were taken each year at four different dates between stem elongation to flowering
period of the crop viz. 55, 70, 80 and 95 DAS in 2017-18 and 60, 70, 80 and 92 DAS in 2018-19. Images were
captured from a nadir view angle at peak daytime temperatures and low wind conditions between 1330 and
1430 h IST*. Thermal and visible images were taken at three different locations in each plot from 1 m above the
crop canopy, during various stages of crop growth. In the 2017-18, the images were taken at 55, 70, 80, and 95
DAS, while during the 2018-19 the images were captured at 60, 70, 80 and 92 DAS.

Canopy temperature: The average temperature of the canopy at various crop growth stages was derived using
the thermal images. Testo IR soft analysis software was used to calculate the average temperature of the canopy
by averaging the temperature values of each pixel in the image®.

Visible and thermal indices: Visible indices were calculated by extracting RGB tristimulus values using R
software version 4.1.2. The RGB values were normalized in order to minimize the impact of illumination and
variations in color*’. Thermal indices were computed by utilizing temperature values extracted from the pixel
data of thermal images using Testo IR software, in conjunction with the concurrent measurement of wet and dry
leaf temperatures taken while capturing the thermal image*"*>. We generated 45 visible and 3 thermal indices
for each of the three stages for yield prediction. These indices along with their respective formulas are provided
in Supplementary Table 1.

ML models for predicting yield

The biophysical parameters and the image based indices of first three dates of observations of each year were
used to develop 12 ML models, which include Elastic Net (ELNET), Support Vector Machine (SVM), Gaussian
Process Regression (GPR), Generalized Linear Model (GLM), Spike and Slab Regression (SpikeSlab), Multivari-
ate Adaptive Regression Spline (MARS), Partial Least Square Regression (PLS), Random Forest (RF), K-Nearest
Neighbours (KNN), Stepwise Linear Regression (SLR), eXtreme Gradient Boosting (XGB), and Cubist. Details
on the ML models used in this study is also described in Singh et al.*2. For yield prediction, we utilized dataset
generated from collecting data of 24 cultivars at three growth stages resulting 48 data points for calibration and
validation at each stage. The predictor variables for yield included RGB and thermal image indices, LAI, RWC,
NDVI, MSI, photosynthesis rate, stomatal conductance, transpiration rate, intercellular CO, concentration and
image derived canopy temperature. Out of the total data at available at each stage, 70% of the data points were
used in calibration and the remaining 30% were used for validation. The parameters of the ML models were
fine-tuned and adjusted through tenfold cross-validation with five repetitions, employing the caret’ package*
in R software version 4.1.2*%. To evaluate the predictive capability of the models several statistical parameters
including the R?, d-index, MBE, RMSE and n-RMSE were calculated. n-RMSE (%) values within the range of
0-10% are considered “excellent”, those between 10-20% are classified as “good”, values from 20-30% fall into
the “fair” category, and any values exceeding 30% are deemed “poor”*+°, To rank the models by combining the
results of calibration and validation of multiple statistical criteria, standardized Ranking Performance Index
(sRPI) was calculated”’. The sRPI ranges between 0 and 1, where the worst-performing model gets 0, while the
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best model gets value of 1. The yield predictions were made at three different stages before crop harvest viz, Stage
1: 55-60 DAS, Stage 2: 70 DAS, and Stage 3: 80 DAS.

Ethical approval

The planting material used in this study was procured from the Division of Plant Pathology, ICAR-Indian
Agricultural Research Institute, New Delhi, India. We confirm that the current study complies with relevant
institutional, national, and international guidelines and legislation for experimental research and field studies
on plants (either cultivated or wild), including the collection of plant materials.

Results

FDS in wheat cultivars

The FDS in twelve wheat cultivars ( PDW 314, WH 1124, DBW 90, HD 3086, PDW 291, HS 507, VL 907, VL
829, HI 1563, HD 3043, PBW 644 and, Raj 4083) remained below 20% which are categorized as highly resistant
cultivars. Six wheat cultivars (HPW 349, HD 2932, WH 1105, DBW 88, HS 375 and HD 3059) have FDS between
21 and 40% and these are categorized as moderate resistant cultivars. Similarly, three cultivars (HPW 251, HD
2967 and PBW 590) have FDS between 41 and 60%, and are categorized as low resistance cultivars. Finally, in
three cultivars (HS 240, PBW 343 and A-9-30-1) the FDS was more than 80% during both years and they are
categorized as susceptible cultivars (Supplementary Table 2).

Variations in wheat biophysical parameters under different levels of yellow rust severity

As rust severity levels increase, there is a consistent decrease in all biophysical parameters, such as LAI, NDVI,
MSI, RWC, leaf photosynthesis rate, stomatal conductance, transpiration rate, and yield, with the exception of
canopy temperature. At all growth stages, the average values of these parameters were highest for cultivars cat-
egorized as high resistant, followed by moderate resistant and low resistant, while the least values were observed
in susceptible cultivars. The mean values of biophysical parameters of each group of cultivars is presented in
Table 1. The graphical representations were also provided in Supplementary Figs. 1, 2, 3,4, 5, 6, 7, 8 and 9. The
individual parameters were discussed briefly in the following sections.

LAI: The LAI of the wheat cultivars decreases as the level of yellow rust severity increases and differs sig-
nificantly at all growth stages in both years. The category wise highest average values of LAI achieved in high,
moderate, low and susceptible cultivars were 5.57, 4.64, 3.93 and 3.09, respectively, at 95 DAS in 2017-18,
whereas in 2018-19 the maximum values of LAI for high, moderate, low and susceptible category cultivars
were 5.01, 4.47, 3.76 and 2.95, respectively at 92 DAS in 2018-19. The trend of LAI variation in the order of
High > Moderate > Low > Susceptible remained consistent in both years across all growth stages. Considering
the average of reductions as compared to resistant category in both years, the LAI at 55-60 DAS decreased by
15.52%, 23.99%, and 33.30% for moderate, low, and susceptible category cultivars, respectively. Similarly, at 70
DAS, these reductions averaged 13.51%, 22.57%, and 34.73%, and by 80 DAS, they were 11.93%, 24.23%, and
37.49%, respectively. Moving forward to 92-95 DAS, the average LAI reductions were 14.02%, 27.14%, and
42.84%, while at 105-110 DAS, the reductions were around 30.35%, 45.12%, and 65.82% for moderate, low, and
susceptible category cultivars, respectively (Table 1).

NDVT: The NDVI of the wheat cultivars also decreases as the level of yellow rust severity increases and differs
significantly at all growth stages in both years. The maximum values of NDVT achieved in high, moderate, low
and susceptible category cultivars were 0.93,0.85, 0.74 and 0.61, respectively, at 70 DAS in 2017-18, whereas
in 2018-19 the maximum values of NDVT for high, moderate, low and susceptible category cultivars were
0.85, 0.76, 0.69 and 0.65, respectively at 70 DAS. The trend of NDVT variation in the order of High >Moder-
ate > Low > Susceptible in both years was same at all growth stages. Considering the average of reductions as
compared to resistant category in both years, the NDVI at 55-60 DAS decreased by 10.47%, 13.22%, and 19.63%
for moderate, low, and susceptible category cultivars, respectively. Likewise, at 70 DAS, these reductions aver-
aged 9.84%, 24.66%, and 39.82%, and by 80 DAS, they amounted to 12.46%, 26.92%, and 38.13%. Progressing to
92-95 DAS, the average NDVI reductions were 21.80%, 40.79%, and 46.86% for moderate, low, and susceptible
category cultivars, respectively (Table 1).

MSI: The MSI of the wheat cultivars also decreases as the level of yellow rust severity increases and differs sig-
nificantly at all growth stages in both years. The MSI values were higher during disease initiation and decreased
gradually with the progress of the yellow rust and crop maturity. The maximum values of MSI achieved in high,
moderate, low and susceptible category cultivars were 75.94, 69.94, 66.91, and 64.45%, respectively, at 55 DAS
in 2017-18. In the second year (2018-19), the maximum values of MSI for high and moderate category cultivars
were 79.72 and 72.76%, respectively at 60 DAS, while for low and susceptible category cultivars the maximum
values of MSI were 67.50 and 61.56%, respectively at 70 DAS. The trend of MSI variation in both years was same
at all growth stages viz. High > Moderate > Low > Susceptible. In both years, when comparing with the resistant
category cultivars, the MSI also displayed significant reductions across various growth stages.

Considering the average of reductions in both years, at 55-60 DAS, the MSI declined by 8.63%, 14.24%, and
21.18% for moderate, low, and susceptible category cultivars, respectively. Similarly, at 70 DAS, these reductions
averaged 7.95%, 14.12%, and 23.84%, and by 80 DAS, the reductions were 15.37%, 32.14%, and 54.11%, respec-
tively. Progressing to 92-95 DAS, the average MSI reductions were 36.78%, 54.58%, and 74.47% for moderate,
low, and susceptible category cultivars, respectively (Table 1).

Photosynthesis rate: The photosynthesis rate in the wheat cultivars was found to be decreasing with increas-
ing level of yellow rust severity and differs significantly at all growth stages in both years. During 2017-18,
the maximum values of photosynthesis rate achieved in high resistant cultivars was 19.89 pmol CO, m2 s™!
at 95 DAS, while for moderate, low and susceptible category cultivars the maximum values of photosynthesis
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2017-18 2018-19
Cultivar Categories based on FDS Cultivar Categories based on FDS
DAS High Moderate Low Susceptible | DAS High Moderate Low Susceptible
LAI
55 2.902 2.43b 2.18° 2.04° 60 2.352 2.00%° 1.80%° 1.48°
70 4.20° 3.62° 3.43bc 2.85¢ 70 3.632 3.16° 2.66°¢ 2.28¢
80 5.00° 4.46° 3.76¢ 3.00¢ 80 4.20° 3.65° 3.21b¢ 2.73¢
95 5.582 4.61° 3.94¢ 3.09¢ 92 5.012 4.47° 3.77¢ 2.954
110 2.862 1.95 1.51b¢ 1.09¢ 105 3.052 2.18° 1.74° 0.92¢
MSI (%)
55 | 75.952 69.942 66.91° 64.46° 60 | 79.722 72.26° 66.500¢ 58.01¢
70 | 74.032 68.68% 62.19¢ 53.52¢ 70 | 76.92° 70.25° 67.500¢ 61.56¢
80 64.72° 56.31° 40.30¢ 27.19¢ 80 66.41°2 54.63° 48.79° 33.05¢
95 58.96° 34.71° 24.60° 13.49¢ 92 64.132 43.34 31.49¢ 18.07¢
NDVI
55 0.60° 0.53° 0.49b¢ 0.45¢ 60 0.762 0.692° 0.692° 0.65°
70 0.92? 0.85° 0.74¢ 0.61¢ 70 0.86° 0.76° 0.60¢ 0.48¢
80 0.782 0.70° 0.62¢ 0.56¢ 80 0.832 0.71° 0.55¢ 0.43¢
95 0.562 0.47° 0.38¢ 0.33¢ 92 0.542 0.40° 0.28¢ 0.25¢
RWC (%)
55 72.382 70.302 67.42% 61.80° 60 76.012 72.80% 71.42% 67.63°
70 | 84.05° 76.32° 69.68¢ 61.62¢ 70 | 89.96% 81.32° 75.11b¢ 67.87¢
80 77.24° 69.64° 63.04¢ 55.434 80 85.642 77.14° 70.04¢ 59.744
95 73.01° 66.23° 57.92¢ 47.95¢ 92 79.012 70.13° 63.58¢ 54.60¢
Photosynthesis rate (umol CO, m2s?)
55 14.952 11.86° 9.82b¢ 7.96¢ 60 16.122 13.16° 10.72¢ 8.66¢
70 | 18.61° 15.39b 12.97° 9.16¢ 70 | 17.992 14.68° 11.00¢ 8.83¢
80 | 19.15° 16.73° 14.12° 10.58¢ 80 | 21.20° 19.47° 16.27¢ 13.434
95 19.892 15.40° 12.13¢ 8.70¢ 92 18.852 15.05° 12.70¢ 9.49¢
Stomatal Conductance (mol H,0 m2s1)
55 0.302 0.25° 0.22° 0.22° 60 0.362 0.31% 0.25% 0.21¢
70 0.382 0.34b 0.28¢ 0.24¢ 70 0.472 0.39b 0.36° 0.32b
80 0.46° 0.41° 0.35¢ 0.26¢ 80 0.612 0.44° 0.35¢ 0.23¢
95 0.452 0.37° 0.30¢ 0.21¢ 92 0.542 0.41° 0.31¢ 0.21¢
Transpiration rate (mmol H,0 m2s?)
55 4.212 3.44b 2.84b¢ 2.13¢ 60 4.022 3.35b 2.87° 1.91¢
70 4.612 3.97° 3.29¢ 2.69¢ 70 4.612 3.93b 3.24b¢ 2.48¢
80 5.982 5.09° 4.43b¢ 3.68¢ 80 5.412 4.54° 3.68° 2.71¢
95 7.052 5.93° 5.17¢ 4.19¢ 92 6.532 5.30° 3.99¢ 2.944
Intercellular CO, concentration (umol CO, mol?)
55 | 274.922 282.172 280.00° 289.332 60 | 286.67°2 301.832 325.33° 322.672
70 | 286.49° | 311.63% 321.642 339.312 70 | 309.17° 340.502 345.00%° 341.00%
80 | 310.57° | 330.78> | 353.77* 374.02? 80 | 321.88° | 317.50° | 357.00% 381.332
95 | 361.67% | 353.832 362.332 380.332 92 | 319.25° | 293.75® | 325.00% 359.67°
Canopy temperature (°C)

55 17.12° 17.70° 18.10% 19.30° 60 17.32¢ 17.80b¢ 18.70% 19.23
70 18.15¢ 18.58b¢ 19.27% 20.41° 70 17.23¢ 18.25° 18.70% 19.50°
80 19.86¢ 20.80¢ 22.73° 24.30° 80 17.45¢ 18.43° 19.30%° 20.47°2
95 | 22.54¢ 23.27b¢ 24.23° 26.772 92 | 18.68° 18.88b¢ 19.97° 21.772

Table 1. Effect of different levels of wheat yellow rust severity on different categories of wheat cultivars. *Letters
indicates statistically significant differences between groups, with shared letters implying similarity and different
letters indicating dissimilarity in means.

rate were 16.72, 14.11 and 10.58 umol CO, m™ s7}, respectively at 80 DAS. In 2018-19, the maximum values
of photosynthesis rate for high, moderate, low and susceptible category cultivars were 21.20, 19.46, 16.26 and
13.43 pumol CO, m™ 57}, respectively at 80 DAS. The trend of photosynthesis rate in both years was same at all

Scientific Reports|  (2023) 13:18814 |

https://doi.org/10.1038/s41598-023-45682-3

nature portfolio



www.nature.com/scientificreports/

growth stages viz., High > Moderate > Low > Susceptible. Considering the average of reductions as compared to
resistant category in both years the photosynthesis rate at 55-60 DAS decreased by 19.49%, 33.90%, and 46.54%
for moderate, low, and susceptible category cultivars, respectively. Likewise, at 70 DAS, these reductions aver-
aged 17.87%, 34.60%, and 50.84%, and by 80 DAS, they amounted to 10.42%, 24.78%, and 40.68%. Progressing
to 92-95 DAS, the average photosynthesis rate reductions were 21.37%, 35.82%, and 52.97% for moderate, low,
and susceptible category cultivars, respectively (Table 1).

Stomatal conductance: The stomatal conductance in the wheat cultivars was found to be decreasing with
increasing level of yellow rust severity. At initial stage of observations (55-70 DAS), the adjacent categories were
somewhat similar statistically, however after 80 DAS all the categories were significantly different at 5% level
of significance in both years. During 2017-18, the maximum values of stomatal conductance achieved in high,
moderate, low and susceptible category cultivars were 0.456, 0.408, 0.346 and 0.262 mol H,0O m™s™, respectively
at 80 DAS. Similarly, in 2018-19, the maximum values of photosynthesis rate for high and moderate category
cultivars were 0.609 and 0.435 mol H,0 m™ s}, respectively at 80 DAS, while for low and susceptible category
the maximum values were 0.363 and 0.316 mol H,O m™2 s}, respectively at 70 DAS. The trend of stomatal con-
ductance in both years was same at all growth stages viz., High > Moderate > Low > Susceptible. The maximum
difference in stomatal conductance of high resistance and susceptible cultivars was observed at 95 DAS and at
80 DAS in 2017-18 and 2018-19, respectively (Table 1). Considering the average of reductions as compared
to resistant category in both years the stomatal conductance at 55-60 DAS decreased by 14.80%, 28.04%, and
34.60% for moderate, low, and susceptible category cultivars, respectively. Similarly, at 70 DAS, these reductions
averaged 14.96%, 25.77%, and 34.87%, and by 80 DAS, they were 19.49%, 33.28%, and 52.07%. Moving forward
to 105-110 DAS, reductions were around 21.67%, 38.95%, and 57.87% for moderate, low, and susceptible cat-
egory cultivars, respectively.

Transpiration rate: The transpiration rate in the wheat cultivars was found to be decreasing with increasing
level of yellow rust severity and differs significantly at all growth stages in both years. During 2017-18, the maxi-
mum values of transpiration rates in high, moderate, low and susceptible category cultivars were 7.045, 5.932,
5.167, and 4.193 mmol H,0 m™s7}, respectively at 95 DAS. In 2018-19, the maximum values of transpiration
rate for high, moderate, low and susceptible category cultivars were 6.527, 5.295, 3.990, and 2.943 mmol H,O
m™ 57}, respectively at 92 DAS. The trend of stomatal conductance in both years was same at all growth stages
viz., High > Moderate > Low > Susceptible. Considering the average of reductions as compared to resistant cat-
egory in both years, the transpiration rate at 55-60 DAS declined by 17.47%, 30.59%, and 50.97% for moderate,
low, and susceptible category cultivars, respectively. Similarly, at 70 DAS, these reductions averaged 14.37%,
29.13%, and 43.88%, and by 80 DAS, the reductions were 15.49%, 28.87%, and 44.15%, respectively. Progressing
to 92-95 DAS, the average reductions in transpiration rate were 17.34%, 32.76%, and 47.69% for moderate, low,
and susceptible category cultivars, respectively. (Table 1).

Intercellular CO, concentration: The intercellular CO, concentration was found to be increasing as the level of
rust severity increases. However, in most of the cases the differences are not statistically significant and the trend
is also irregular. During 2017-18, the maximum values of intercellular CO, concentration in high, moderate,
low and susceptible category cultivars were 361, 353, 362 and 380 pmol CO, mol™, respectively at 95 DAS. In
2018-19, the maximum values of intercellular CO, concentration for high, low and susceptible category cultivars
were 321, 357 and 381 pmol CO, mol™!, respectively at 80 DAS, while for moderate resistant cultivar group the
intercellular CO, concentration had maximum value of 340 pmol CO, mol™" at 70 DAS. Considering the aver-
age of reductions as compared to resistant category in both years the intercellular CO, concentrations at 55-60
DAS increased by 3.96%, 7.67%, and 8.90% for moderate, low, and susceptible category cultivars, respectively.
Likewise, at 70 DAS, these increments averaged 9.46%, 11.93%, and 14.37%, and by 80 DAS, they amounted to
2.57%, 12.41%, and 19.45% for moderate, low, and susceptible category cultivars, respectively. (Table 1).

RWC: The RWC of the wheat cultivars decreases as the level of yellow rust severity increases and differs
significantly at all growth stages in both years. In 2017-18, the maximum values of RWC observed in high,
moderate and low category cultivars were 84.50, 76.32, and 69.68%, respectively, at 70DAS, while in the sus-
ceptible category cultivars the maximum RWC was 61.80%, which was observed on 55 DAS. In the second year
(2018-19) the maximum values of RWC for high, moderate, low and susceptible category cultivars were 89.55,
81.31,75.11 and 67.86%, respectively at 70 DAS. The trend of RWC variation in both years was same at all growth
stages viz. High > Moderate > Low > Susceptible. Considering the average of reductions as compared to resist-
ant category in both years the RWC at 55-60 DAS decreased by 3.56%, 6.45%, and 12.82% for moderate, low,
and susceptible category cultivars, respectively. Likewise, at 70 DAS, these reductions averaged 9.40%, 16.80%,
and 25.62%, and by 80 DAS, they amounted to 9.88%, 18.3%, and 29.23%, respectively. Progressing to 92-95
DAS, the average RWC reductions were 10.27%, 20.1%, and 32.61% for moderate, low, and susceptible category
cultivars, respectively (Table 1).

Variations in average canopy temperature of wheat under different levels of yellow rust
severity

The average canopy temperature increases with yellow rust severity levels and differs significantly among cul-
tivars of all categories in both years. In both years, the trend of average canopy temperature in high, moderate,
low and susceptible category cultivars was same at all growth stages viz., High < Moderate < Low < Susceptible.
The maximum difference in average canopy temperature of high resistance and susceptible cultivars was 4.4 °C
at 80 DAS and 3.1 °C at 92 DAS in 2017-18 and 2018-19, respectively. Considering the average of reductions
as compared to resistant category in both years the average canopy temperature at 55-60 DAS, was higher by
3.1%, 6.87%, and 11.91% for moderate, low, and susceptible category cultivars, respectively. Similarly, at 70 DAS,
the canopy temperature were higher by 4.14%, 7.33%, and 12.8%, while at 80 DAS they registered an increase
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Figure 2. Yield variations in wheat cultivars under different levels of wheat yellow rust. Letters indicates
statistically significant differences between groups, with shared letters implying similarity and different letters
indicating dissimilarity in means.

of 5.19%, 12.54%, and 19.83%, respectively. Progressing to 92-95 DAS, the average canopy temperatures were
higher by 2.17%, 7.21%, and 17.65% for moderate, low, and susceptible category cultivars, respectively (Table 1).

Variations in wheat yield under different levels of yellow rust severity

The average group wise yield data indicated that the wheat yellow rust caused significant reduction in crop
yield. In 2017-18, the average yields of high, moderate and low category cultivars were 5.25, 4.36, 3.75 and
2.04 t/ha, respectively. The yield of moderate resistant and low resistant category cultivars was statistically at
par. However, significant differences are observed in rest of the cases. The yield reduction in the moderate, low
and susceptible category cultivars were 16.96, 28.57, and 61.14%, respectively as compared to the high resistant
cultivars. In 2018-19, the average yields of high, moderate and low category cultivars were 5.54, 4.66, 3.63 and
2.27 t/ha, respectively. The yield of all four-category cultivars were significantly different. The yield reduction in
the moderate, low and susceptible category cultivars were 15.94, 34.42, and 59.09%, respectively as compared
to the high resistant cultivars (Fig. 2).

Performances of ML models to predict yield under different levels of yellow rust severity

Yield prediction using stage 1 data (55-60 DAS)

Using the data collected at 55 DAS in 2017-18 and at 60 DAS in 2018-19, some of the ML models were able to
predict the wheat yield with acceptable accuracies (Table 2 and Fig. 3a,b). The calibration output indicated that

Calibration Validation
Models R? MBE | RMSE (q/ha) | n-RMSE (%) |d-index |R? MBE | RMSE (q/ha) | n-RMSE (%) | d-index
ELNET 043 | -0.61 |7.91 16.91 0.66 0.44 1.52 | 10.59 24.41 0.67
RF 0.85 | -0.36 |4.85 10.37 0.91 0.59 |-0.13 9.21 21.25 0.77
GPR 0.83 | -0.10 | 4091 10.49 0.91 0.40 1.59 |10.49 24.20 0.71
MARS 0.21 1.51 |9.51 20.32 0.69 039 | -2.26 |11.96 27.58 0.79
PLS 0.12 0.00 |9.40 20.09 0.45 0.64 0.11 8.28 19.09 0.84
SVM 063 |-271 |6.75 14.43 0.84 0.54 | -4.66 |10.36 23.90 0.82
SpikeSlab 044 |-0.61 |7.86 16.80 0.67 0.62 |-0.11 8.56 19.73 0.82
GLM 0.97 0.00 |1.77 3.78 0.99 0.26 2.15 |16.30 37.58 0.67
SLR 041 |-0.61 |7.85 16.78 0.78 0.46 0.41 |10.40 23.97 0.82
KNN 049 |-0.10 |7.22 15.44 0.78 0.71 3.11 9.97 22.98 0.70
XGB 0.96 0.63 |2.76 5.89 0.98 0.55 | -5.11 |10.33 23.82 0.78
Cubist 0.92 0.87 |3.54 7.57 0.96 0.65 |-0.07 8.14 18.76 0.84

Table 2. Performance of different ML models for prediction of crop yield after calibration and validation
using different biophysical parameters along with RGB and thermal image derived indices at 55-60 DAS.
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(a) Calibration of ML models to predict wheat yield data at 55 - 60 DAS (Stage 1)
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Figure 3. Performances of ML models to predict wheat yield under different yellow rust severity levels at 55-60
DAS after (a) calibration and (b) validation.

among the different ML models, the GLM model was found to be more accurate in prediction of the crop yield
with the highest coefficient of determination (R?) of 0.97, the maximum model agreement index (d-index) of 0.99
and the lowest RMSE of 1.77 q/ha. Based on the n-RMSE value (3.78%), the prediction accuracy of this model
comes under the category of excellent prediction (0-10%). The PLS model was found to be the poorest among
all in terms of crop yield prediction with the lowest coefficient of determination (R?) of 0.12, the least model
agreement index (d-index) of 0.45, and a maximum RMSE of 9.40 g/ha. Based on the n-RMSE value (20.09%),
the prediction accuracy of this model comes under the category of fair prediction (20-30%). Considering the
prediction accuracy indicator (n-RMSE), the models GLM, XGB, and Cubist come under excellent prediction
class (0-10%), ELNET, RF, GPR, SVM, SpikeSlab, SLR and KNN models come under good prediction class
(10-20%) and MARS and PLS models come under fair prediction class (20-30%).

The validation output of different ML models in terms of the prediction of crop yields is presented in Table 2.
Based on the model prediction error indicator (n-RMSE), the Cubist (18.76%), PLS (19.09%), and SpikeSlab
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(19.73%) models are categorized under the excellent prediction class (0-10%). The RMSE of these models
ranged from 8.14 to 8.56 q/ha and the model agreement index (d-index) ranged from 0.82 to 0.84. Further, the
GLM model was found to be the poorest among all with the highest percent of model prediction error (n-RMSE)
of 37.58% and RMSE of 16.30 q/ha comes under the poor prediction category (n-RMSE >30%). The rest of the
models were categorized as fair prediction classes (n-RMSE between 20 and 30%).

Yield prediction using stage 2 data (70 DAS)

Using the data collected at 70 DAS in 2017-18 and 2018-19, the ML models were able to predict the wheat
yield with higher accuracies as compared to the yield predictions using stage 1 (55-60 DAS) data. The model
calibration output using stage 2 data was presented in Table 3 and depicted in Fig. 4a,b. The calibration output
indicated that, among the different ML models, the GLM model was found to be more accurate in prediction of
the crop yield with the highest coefficient of determination (R?) of 1.00, the maximum model agreement index
(d-index) of 1.00 and the lowest RMSE of 0.59 q/ha. Based on the n-RMSE value (1.27%), the prediction accuracy
of this model comes under the category of excellent prediction (0-10%). The MARS model was found to be the
poorest among all in terms of crop yield prediction with the lowest coefficient of determination (R?) of 0.37, and
a maximum RMSE of 7.95 g/ha. Considering the prediction accuracy indicator (n-RMSE), the models GLM,
XGB, RE and Cubist come under the excellent prediction class (0-10%) and the rest of the models come under
the good prediction class (10-20%).

The validation output of different ML models in terms of the prediction of crop yields using the stage 2 data
set is presented in Table 3. Based on the model prediction error indicator (n-RMSE), the RE, GPR, SpikeSlab, SLR,
KNN and XGB models are categorized under the excellent prediction class (0-10%). The RMSE of these models
ranged from 7.52 to 8.12 q/ha and the model agreement index (d-index) ranged from 0.86 to 0.91. Further, the
models SVM and GLM were found to be the poorest among all with the highest percent of model prediction
error (n-RMSE) of 42.33% and 36.79% and RMSE of 18.36 q/ha and 15.96 q/ha, respectively. The rest of the
models were categorized as fair prediction class (n-RMSE between 20 and 30%).

Yield prediction using stage 3 data (80 DAS)
Using the data collected at 80 DAS in 2017-18 and 2018-19, the prediction accuracies of ML models were further
improved as compared to the yield predictions made using data of 55-60 and 70 DAS. The model calibration
output using stage 3 data was presented in Table 4 and depicted in Fig. 5a,b. The calibration output using stage 3
crop data revealed that, among the different ML models, the GLM model consistently proved to be more accurate
in prediction of the crop yield with the highest coefficient of determination (R?) of 0.99, the maximum model
agreement index (d-index) of 1.00 and the lowest RMSE of 1.22 q/ha. Based on the n-RMSE value (2.62%), the
prediction accuracy of this model comes under the category of excellent prediction (0-10%). Considering the pre-
diction accuracy indicator (n-RMSE), the models GLM, ELNET, RE SVM,XGB, and Cubist can be categorized as
the excellent prediction class (0-10%) and the rest of the models come under the good prediction class (10-20%).
The validation output of different ML models in terms of the prediction of crop yields using the stage 3 data
set is presented in Table 4. Based on the model prediction error indicator (n-RMSE), the RE, ELNT, GPR, GPR,
MARS, SpikeSlab, SLR, KNN, XGB, and Cubist models are categorized under the good prediction class (10-20%).
The RMSE of these models ranged from 5.31 to 8.51 q/ha and the model agreement index (d-index) ranged from
0.83 to 0.95. Further, the model GLM was found to be the poorest among all with the highest percent of model
prediction error (n-RMSE) of 35.49% and RMSE of 15.39 g/ha. The models PLS and SVM were categorized as
fair prediction class (n-RMSE between 20 and 30%). The detailed ranks of all the model at different stages using
the validation sRPI values are presented in Fig. 6.

Calibration Validation
Models R? MBE | RMSE (q/ha) | n-RMSE (%) | d-index |R? MBE | RMSE (q/ha) | n-RMSE (%) | d-index
ELNET 047 | -0.61 |7.68 16.42 0.69 0.71 1.47 |10.35 23.87 0.62
RF 0.93 0.01 |3.13 6.69 0.97 0.69 1.11 7.59 17.51 0.88
GPR 0.75 | -0.26 |5.46 11.66 0.89 0.74 1.26 8.03 18.50 0.84
MARS 0.37 0.00 |7.95 16.98 0.74 0.39 | -1.66 |10.61 24.46 0.76
PLS 0.58 | -0.58 |6.56 14.01 0.86 0.55 0.76 9.37 21.59 0.86
SVM 072 | -3.02 |6.23 13.31 0.87 0.15 | -2.34 |18.36 42.33 0.58
SpikeSlab 045 | -0.61 |7.45 15.92 0.78 071 |-146 7.52 17.33 0.88
GLM 1.00 0.00 |0.59 1.27 1.00 0.29 1.63 | 15.96 36.79 0.70
SLR 048 |-0.61 |7.29 15.57 0.82 0.73 | -1.04 7.67 17.68 0.86
KNN 0.58 0.73 | 6.61 14.14 0.83 0.75 0.62 6.72 15.50 0.91
XGB 0.97 0.01 |2.16 4.61 0.99 0.63 0.38 8.12 18.72 0.88
Cubist 0.95 0.36 |3.43 7.33 0.96 0.71 0.92 7.51 17.31 0.88

Table 3. Performance of different ML models in prediction of wheat yield after calibration and validation
using different biophysical parameters along with RGB and thermal image derived indices at 70 DAS.
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(3) Calibration of ML models to predict wheat yield data at 70 DAS (Stage 2)
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(b) Validation of ML models to predict wheat yield data at 70 DAS (Stage 2)
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Figure 4. Performances of ML models to predict wheat yield under different yellow rust severity levels at 70
DAS after (a) calibration and (b) validation.

Discussion

This research set out to investigate the effects of different intensities of wheat yellow rust on crop biophysical
parameters, and to estimate yield through the integration of thermal and visual imaging with machine learning
algorithms. Wheat yellow rust has a significant negative influences on crop growth and physiology, and these
negative impacts are in direct proportion to the degree of rust severity. As the disease severity increased, the
biophysical parameters such as photosynthesis rate, transpiration rate, stomatal conductance, LAI, MSI and RWC
were significantly reduced. The discussion has been structured into subsections to improve the understanding
of the findings.

Photosynthesis, transpiration, stomatal conductance and intercellular CO,
Stressful environmental conditions have long been known to cause significant harm to the photosynthetic pig-
ments of plants*®. In wheat, the yellow rust fungus causes damage to the plant by growing in the leaves and
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Calibration Validation
Models R? MBE | RMSE (q/ha) | n-RMSE (%) | d-index | R? MBE | RMSE (q/ha) | n-RMSE (%) | d-index
ELNET 0.81 | -0.18 |4.41 9.43 0.94 0.72 | -0.18 6.98 16.09 0.92
RF 094 |-0.10 |3.84 8.21 0.95 0.87 | -1.82 531 12.23 0.95
GPR 0.85 0.01 |5.60 11.97 0.86 0.79 | -0.03 7.27 16.77 0.87
MARS 0.37 | -0.30 |7.96 17.01 0.75 0.62 | -2.26 8.51 19.62 0.86
PLS 0.70 0.00 |5.47 11.70 0.91 0.52 1.23 9.27 21.38 0.80
SVM 0.84 | -145 |432 9.23 0.94 0.58 |-3.44 9.80 22.60 0.86
SpikeSlab 0.75 | -0.30 |5.10 10.90 0.91 0.81 0.24 6.56 15.12 0.91
GLM 0.99 035 |1.22 2.62 1.00 035 | -6.68 |15.39 35.49 0.73
SLR 0.66 |-0.30 |5.90 12.60 0.90 0.72 0.26 7.19 16.59 0.89
KNN 072 | -0.36 |593 12.66 0.85 0.79 |-0.41 6.34 14.62 0.92
XGB 0.97 0.02 |1.87 4.00 0.99 0.66 1.70 8.38 19.31 0.83
Cubist 096 |-0.37 |2.36 5.03 0.98 0.76 |-0.01 6.80 15.68 0.91

Table 4. Performance of different ML models for prediction of crop yield after calibration and validation
using different biophysical parameters along with RGB and thermal image derived indices at 80 DAS.

producing spores that erupt through the leaf surface®, which reduces the effective green leaf area of the crop
resulting in reduced photosynthesis rate in the plants. The reduced photosynthesis due to yellow rust is also attrib-
uted to the reduced chlorophyll content in the crop>**!. Abdulbagiyeva et al.>? also studied the effect of yellow
rust in six bread wheat cultivars of Peninsula, they reported that the yellow rust resulted significant reduction in
the photosynthesis rate, mainly due to reduction in the net assimilating area of the plant. The reduced stomatal
conductance in wheat might be attributed to the damaged stomata due to the eruption of pathogen through the
stomata®’. According to findings of Smith et al. %%, the transpiration rate of wheat affected by yellow rust of wheat
decreased by 10%. Their study also noted an initial surge in the transpiration rate due to the disruption of the
leaf epidermis by the rust pathogen, which hindered stomatal closure, however, as the disease progresses the
effect is reversed owing to the decrease in effectively transpiring leaf area.

The intercellular CO, concentration went up in the susceptible cultivars due to reduced stomatal conduct-
ance, which is slightly compensated by the reduced photosynthesis with disease progress, resulting higher or
equivalent concentrations in some cases where no significant differences in adjacent categories cultivars were
observed. However, numerically the intercellular CO, concentration of the susceptible cultivars always remained
significantly higher than the resistant cultivars. Mandal et al.*, in their research revealed that psyllium’s downy
mildew decreased plant photosynthesis and stomatal conductance, while increasing the intercellular CO, con-
centration. Additionally, Zhao et al.*® also observed a similar increase in intercellular CO, concentration in
sugarcane leaves affected by orange rust.

Canopy temperature
As per our findings, yellow rust disease severity is linked with an increased canopy temperature and a negative
correlation with the transpiration rate. Smith et al.>* noted a temperature rise of 0.2-1.0 °C in foliage due to
yellow rust lesions ten days after infection. This temperature increase was caused by rupturing of the epidermis,
which prevented stomatal closure. Likewise, Wang et al.>® observed a similar trend in cucumber plants affected
by wilt pathogen, where reduced stomatal conductance and transpiration led to an increase in temperature.
Our findings of temperature increase with reduced transpiration and stomatal conductance are supported
by other researchers, such as Lindenthal et al.>” and Oerke et al.*®. In addition, several studies have reported
similar trends of higher canopy temperature after pathogen infection, which were used to identify diseases in
various crops. For example, verticillium in Olive®, powdery mildew of tomato®, head blight of wheat®!, downy
mildew of grapes® etc.

LAl and NDVI

The LAI followed trend of decreasing values with increasing disease severity, which is due to the poor crop growth
and canopy development due to yellow rust infection®'. The LAl is key parameter linked with photosynthesis and
transpiration rate of the canopy®® and as we have already mentioned the reduction of these basic physiological
parameters of the crop due to the disease incidence, it was expected to observe LAI reduction with increasing
disease severity. The reduced photosynthesis and green leaf area are responsible for poor and stunted growth of
the crop. This reduces the leaf area per unit ground area which is captured in the LAI measurements, that showed
a continuous decline with increasing levels of disease severity. The yellow rust reduces the green leaf area of the
crop, induces chlorosis and necrosis. These changes in plants induces foliar shrinkage and senescence which
results in poor LAI of the crop under diseased conditions®. The NDVI also showed a decreasing value as the
disease severity increases. The NDVI measures the reflectance of the crop in NIR and Red wavelengths and the
yellowing of crops tend to reduce the NDVI®. Su et al.® discovered that the yellow rust of wheat increases the
Red and decreases the NIR reflectance, due to chlorophyll reduction, which makes NDVT as a useful index for
monitoring yellow rust in wheat. Several researchers have reported reduced NDVT due to yellow rust and used
it for monitoring rust field using aerial images of the field*.
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(a) Calibration of ML models to predict wheat yield data at 80 DAS (Stage 3)
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(b) Validation of ML models to predict wheat yield data at 80 DAS (Stage 3)
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Figure 5. Performances of ML models to predict wheat yield under different yellow rust severity levels at 80
DAS after (a) calibration and (b) validation.

MSI and RWC

The MSI is linked with cell membrane damage due to stress that results in change in membrane permeability and
leakage of electrolytes®”. Recently, researchers have reported increased electrolyte leakage due to yellow rust in
wheat cultivars, which might have resulted in low MSI of the crops with increasing disease severity®!. The wheat
yellow rust pathogen directly damages the cell while erupting from the leaf to the surface, which might have
attributed to low MSI of wheat cultivars. Sabir et al.*® also reported reduced MSI of wheat cultivars due to yellow
rust. The RWC showed decreasing trends as the disease severity increases. Chen et al.*! in their study reported
a lower value of RWC in yellow rust susceptible cultivar as compared to the resistant wheat cultivars, however
the differences were not statistically significant in their study.
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Figure 6. Stage wise ranking of ML models using the validation sRPI values for predicting wheat yield under
different yellow rust severity level.

Crop yield

The crop yield was significantly reduced with increasing disease severity. The yield reduction is attributed to
several factors. The reduced green leaf area has reduced the total photosynthesis, light interception as well as its
use efficiency, which is one of the primary reasons behind the reduced crop yield®. The yellow rust on wheat
reduces the sugar supply to the developing seed resulting in smaller seeds. The flag leaf and the upper second
leaf are considered most important for producing sugars for the developing grain and as soon as these are
affected from the rust, the yield of wheat crop falls substantially®. The yield loss due to the yellow rust infection
is attributed to the reduced kernels per spike and low-test weight”’, which is due to the serious destruction of
the photosynthetic function of the leaves affecting the assimilation of the products”. Smith et al.>* reported a
yield reduction of 46-51% due to yellow rust of wheat. Park et al.”* reported a yield loss of 15-25% in plants
with some level of resistance to yellow rust, whereas in susceptible cultivars the yield loss reported was 45-50%.
Jindal et al.” assessed the losses due to yellow rust in some common wheat varieties of India, out of which few
are also part of our study, and reported a loss ranging from 4.2-68.3%. All the above findings on wheat yield loss
due to yellow rust is in line with our findings.

Yield prediction using ML models
The ML models used in our study were able to make good predictions of yield under yellow rust affected condi-
tions using the image indices and biophysical parameters as training dataset.

As evident from our results, following the rust infections, cell membranes become more damaged, resulting
in water loss, causing dehydration, and wilting in plants. This situation also leads to the closure of stomata, alter-
ing heat loss from the leaf surface and affecting leaf surface temperature. When crop diseases begin, the shifts
in heat radiation due to increased plant water loss, stomata closure, and heightened respiration can be observed
in thermal image derived canopy temperature. These alterations along with changes in plant pigmentation due
to yellow rust*>7+7> were effectively captured by RGB and thermal image indices. The variations in the values of
these indices were utilized to quantify crop yield through machine learning models. In comparison to similar
studies, our results show better values for R?, d-index, RMSE, n-RMSE and MBE. This may be due to the inclusion
of biophysical parameters of the crop that are strongly correlated with plant health. We also observed that, while
prediction accuracy improves as we move closer to harvesting, the initial predictions made during first stage are
more crucial for decision making, despite having acceptable but lower accuracies, compared to the predictions
made closer to harvesting. The validation output of different models indicated that Cubist, PLS, and SpikeSlab
models were found to be the effective models to predict the wheat yield at an early stage of the crop. The KNN,
Cubist, SLR, RE, SpikeSlab, XGB, GPR and PLS models proved to be more useful in predicting crop yield at mid-
dle stage of the crop. Further, this research also demonstrated that at late stage of the crop, the RF, SpikeSlab,
KNN, Cubist, ELNET, GPR, SLR, XGB and MARS models were found good to predict the crop yield. As there are
no comparable studies to ours, we have instead compared our research to similar work on yield prediction that
used machine learning. Ruan et al.2¢ recently employed several ML algorithms, such as ELNET, SVM, KNN, RE,
and XGB, in combination with proximal sensing and weather data to predict wheat yield. Their findings indicate
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that RF and XGB were the top two models for predicting wheat yield, with R? of over 0.70 and RMSE ranging
from 0.75-0.85 t/ha. Li et al.”® used remote sensing-based vegetation indices to predict wheat yield in China
with reasonable accuracy using RF and SVM. Han et al.”” tested KNN, SVM, GPR, ANN and DT (decision tree)
methods for predicting wheat yield in China. Their results suggested that the models were able to predict yield
with good accuracy with R?>0.75 and n-RMSE value less than 10%. SVM, GPR and RF were top three models
for yield prediction in their study. Fei et al.”® used UAV based multi-sensor data to predict wheat yield using
ML algorithms. They tested Cubist, SVM, DNN, ridge regression and RF methods with RGB, multispectral and
thermal camera data. Results of their study revealed that the model performance improves using muti-sensor
data as compared to the single sensor. Using single sensor data, they achieved R? values of 0.527-0.670, while in
the ensemble approach the R? up to 0.692 were observed. This falls in line with results of our study, though we
do not test the single sensor approach, however from the literature we observed that using the thermal and vis-
ible images with actual biophysical parameters of the crop improved the prediction accuracy considerably. Kang
et al.” tested the Lasso, SVM, RF XGB and CNN models to predict maize yield in United States. They found that
the XGB outperforms all the models in terms of accuracy and stability. Going forward, the prediction of yield
could be expanded to include satellite-level data, and the inclusion of additional agroclimatic and soil variables
could enhance the accuracy of the results by utilizing machine learning and deep learning models.

Conclusions

This study investigated the influence of yellow rust on the biophysical parameters of wheat cultivars with varying
degrees of rust resistance. Using thermal and RGB image indices in combination with biophysical parameters,
ML models were constructed to estimate yield under diseased conditions. The biophysical parameters, including
photosynthesis rate, transpiration rate, stomatal conductance, LAI, MSI and RWC were dropped significantly due
to rust, and the reductions were directly correlated with levels of rust severity. The yield reduction in moderate
resistant, low resistant and susceptible cultivars as compared to resistant cultivars, varied from 15.9 to 16.9%,
28.6 to 34.4% and 59.0 to 61.1%, respectively. The ML models were able to predict the yield of rust-affected
wheat crop before harvest with reasonable accuracy. The Cubist, PLS, and SpikeSlab models were found to be
effective models for predicting the wheat yield at an early stage of crop growth (55-60 DAS). The KNN, Cubist,
SLR, RE SpikeSlab, XGB, GPR and PLS models were proved to be more useful in predicting crop yield at middle
stage of crop growth (70 DAS) and at late stage of crop growth (80 DAS) RE SpikeSlab, KNN, Cubist, ELNET,
GPR, SLR, XGB and MARS models were found good to predict the crop yield. This study quantifies the changes
in biophysical parameters in wheat cultivars with different rust resistant levels and suggests the potential of ML
models developed using biophysical parameters and image-based indices to assess the crop yield, which can be
used for sustainable management of resources.
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Data supporting the findings of this study are available from the corresponding author on reasonable request.

Received: 15 June 2023; Accepted: 23 October 2023
Published online: 01 November 2023

References
1. FAO. World Food and Agriculture - Statistical Yearbook 2020. World Food and Agriculture - Statistical Yearbook 2020 (FAO, 2020).
doi: https://doi.org/10.4060/cb1329en.
2. Ramadas, S., Kiran Kumar, T. M. & Pratap Singh, G. Wheat production in India: Trends and prospects. in Recent Advances in Grain
Crops Research (IntechOpen, 2020). doi:https://doi.org/10.5772/intechopen.86341.
3. Su,J. et al. Spatio-temporal monitoring of wheat yellow rust using UAV multispectral imagery. Comput. Electron. Agric. 167, 105035
(2019).
4. Oerke, E.-C. Crop losses to pests. J. Agric. Sci. 144, 31-43 (2006).
5. Chen, X. Pathogens which threaten food security: Puccinia striiformis, the wheat stripe rust pathogen. Food Secur. 12, 239-251.
https://doi.org/10.1007/s12571-020-01016-z (2020).
6. Wang, J. et al. Photosynthetic responses of oat to leaf blight disease caused by Pantoea agglomerans. J. Plant Pathol. 104, 721-733
(2022).
7. Francesconi, S. & Balestra, G. M. The modulation of stomatal conductance and photosynthetic parameters is involved in Fusarium
head blight resistance in wheat. PLoS One 15, €0235482 (2020).
8. Carmona, S. L. et al. Protection of tomato plants against Fusarium oxysporum f. sp. lycopersici induced by chitosan. Rev. Colomb.
Ciencias Horticolas 15, €12822 (2021).
9. Stack, A. J., Madra, M., Gordon, T. R. & Bostock, R. M. Seasonal variation in host susceptibility to fusarium canker in young
almond trees. Plant Dis. 104, 772-779 (2020).
10. Riaz, R. et al. Vegetable associated Bacillus spp. suppress the pea (Pisum sativum L.) root rot caused by Fusarium solani. Biol.
Control 158, 104610 (2021).
11. Li, L., Guo, N., Feng, Y., Duan, M. & Li, C. Effect of Piriformospora indica-induced systemic resistance and basal immunity against
Rhizoctonia cerealis and Fusarium graminearum in wheat. Front. Plant Sci. 13, 836940 (2022).
12. Xie, Y. et al. Assimilation of the leaf area index and vegetation temperature condition index for winter wheat yield estimation using
Landsat imagery and the CERES-Wheat model. Agric. For. Meteorol. 246, 194-206 (2017).
13. Lambert, M.-],, Traoré, P. C. S., Blaes, X., Baret, P. & Defourny, P. Estimating smallholder crops production at village level from
Sentinel-2 time series in Mali’s cotton belt. Remote Sens. Environ. 216, 647-657 (2018).
14. Wang, L. et al. Monitoring maize growth conditions by training a BP neural network with remotely sensed vegetation temperature
condition index and leaf area index. Comput. Electron. Agric. 160, 82-90 (2019).
15. Tan, C.-W. et al. Quantitative monitoring of leaf area index in wheat of different plant types by integrating NDVI and Beer-Lambert
law. Sci. Rep. 10, 1-10 (2020).
16. Ali, A. M. et al. Integrated method for rice cultivation monitoring using Sentinel-2 data and Leaf Area Index. Egypt. J. Remote
Sens. Sp. Sci. 24, 431-441 (2021).

Scientific Reports |

(2023) 13:18814 | https://doi.org/10.1038/s41598-023-45682-3 nature portfolio


https://doi.org/10.4060/cb1329en
https://doi.org/10.5772/intechopen.86341
https://doi.org/10.1007/s12571-020-01016-z

www.nature.com/scientificreports/

17.

18.

19.
20.

21.

22.
23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

47.

48.
49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

Novikova, I. I, Popova, E. V, Kolesnikov, L. E., Priyatkin, N. S. & Kolesnikova, Y. R. Biological effectiveness of polyfunctional
biopreparations in soft wheat cultivation and assessment of crop quality based on NDVI index. in BIO Web of Conferences vol. 18
21 (EDP Sciences, 2020).

Gao, B.-C. & Li, R.-R. Correction of sunglint effects in high spatial resolution hyperspectral imagery using SWIR or NIR bands
and taking account of spectral variation of refractive index of water. Adv. Environ. Eng. Res. 2, 1-15 (2021).

Gago, J. et al. UAVs challenge to assess water stress for sustainable agriculture. Agric. water Manag. 153, 9-19 (2015).

Jing, X. et al. Quantifying the effects of stripe rust disease on wheat canopy spectrum based on eliminating non-physiological
stresses. Crop J. 10, 1284-1291 (2022).

Nguyen, C., Sagan, V., Skobalski, J. & Severo, J. . Early detection of wheat yellow rust disease and its impact on terminal yield with
multi-spectral UAV-imagery. Remote Sens. 15, 3301 (2023).

Khaki, S. & Wang, L. Crop yield prediction using deep neural networks. Front. Plant Sci. 10, 621 (2019).

Shahhosseini, M., Hu, G., Huber, I. & Archontoulis, S. V. Coupling machine learning and crop modeling improves crop yield
prediction in the US Corn Belt. Sci. Rep. 11, 1606 (2021).

Washburn, J. D., Burch, M. B. & Franco, J. A. V. Predictive breeding for maize: Making use of molecular phenotypes, machine
learning, and physiological crop models. Crop Sci. 60, 622-638 (2020).

Wang, Y., Shi, W. & Wen, T. Prediction of winter wheat yield and dry matter in North China Plain using machine learning algo-
rithms for optimal water and nitrogen application. Agric. Water Manag. 277, 108140 (2023).

Ruan, G. et al. Improving wheat yield prediction integrating proximal sensing and weather data with machine learning. Comput.
Electron. Agric. 195, 106852 (2022).

Sridhara, S. et al. Evaluation of machine learning approaches for prediction of pigeon pea yield based on weather parameters in
India. Int. J. Biometeorol. 67, 165-180 (2023).

Kuradusenge, M. et al. Crop yield prediction using machine learning models: Case of Irish potato and maize. Agriculture 13, 225
(2023).

Khan, N. et al. Prediction of oil palm yield using machine learning in the perspective of fluctuating weather and soil moisture
conditions: Evaluation of a generic workflow. Plants 11, 1697 (2022).

Peterson, R. F, Campbell, A. B. & Hannah, A. E. A diagrammatic scale for estimating rust intensity on leaves and stems of cereals.
Can. J. Res. 26¢, 496-500 (1948).

Singh, V. K., Sameriya, K. K., Rai, A. & Yadav, M. Screening & phenotyping seedling and adult plant resistance to rusts in wheat.
Pathophenotyping Genome Guid. Charact. Rust fungi Infect. Wheat other Cereal. Train. Man. 57, 57-64 (2020).

Singh, R. et al. Interactive effect of elevated tropospheric ozone and carbon dioxide on radiation utilisation, growth and yield of
chickpea (Cicer arietinum L.). Int. J. Biometeorol. https://doi.org/10.1007/s00484-021-02150-9 (2021).

Liu, Y, Liu, R. & Chen, J. M. Retrospective retrieval of long-term consistent global leaf area index (1981-2011) from combined
AVHRR and MODIS data. J. Geophys. Res. Biogeosci. https://doi.org/10.1029/2012]JG002084 (2012).

Rouse Jr, J. W,, Haas, R. H., Schell, J. A. & Deering, D. W. Monitoring vegetation systems in the great plain with ERTS. in Third Earth
Resources Technology Satellite-1 Symposium: The Proceedings of a Symposium Held by Goddard Space Flight Center at Washington,
DC on vol. 351, pp. 309 (1974).

Barrs, H. D. & Weatherley, P. E. A re-examination of the relative turgidity technique for estimating water deficits in leaves. Aust.
J. Biol. Sci. 15, 413-428 (1962).

Sairam, R. K. Effect of moisture-stress on physiological activities of two contrasting wheat genotypes. Indian J. Exp. Biol. 32, 594
(1994).

Bhatia, A. et al. Effect of elevated ozone and carbon dioxide interaction on growth, yield, nutrient content and wilt disease severity
in chickpea grown in Northern India. Heliyon 7, 06049 (2021).

Singh, R. N., Krishnan, P, Singh, V. K. & Banerjee, K. Application of thermal and visible imaging to estimate stripe rust disease
in wheat using supervised image classification methods. Ecol. Inform. https://doi.org/10.1016/j.ecoinf.2022.101774 (2022).
Singh, R. N, Krishnan, P, Singh, V. K. & Das, B. Estimation of yellow rust severity in wheat using visible and thermal imaging
coupled with machine learning models. Geocarto Int. 38, 2160831 (2023).

Cheng, H. D,, Jiang, X. H., Sun, Y. & Wang, J. Color image segmentation: advances and prospects. Pattern Recognit. 34, 2259-2281
(2001).

Banerjee, K. & Krishnan, P. Normalized Sunlit Shaded Index (NSSI) for characterizing the moisture stress in wheat crop using
classified thermal and visible images. Ecol. Indic. 110, 105947 (2020).

. Singh, R. N, Krishnan, P., Bharadwaj, C. & Das, B. Improving prediction of chickpea wilt severity using machine learning coupled

with model combination techniques under field conditions. Ecol. Inform. 73, 101933 (2023).

. Kuhn, M. et al. Package ‘caret’ R J. 223, 7 (2020).
. RCore, T. R: A language and environment for statistical computing, version 4.0. 3. Softw. Distrib. by R Found. Stat. Comput. (2020).
. Jamieson, P. D., Porter, ]. R. & Wilson, D. R. A test of the computer simulation model ARCWHEAT1 on wheat crops grown in

New Zealand. E Crop. Res. 27, 337-350 (1991).

. Mozaffari, H., Moosavi, A. A. & Dematte, J. A. M. Estimating particle-size distribution from limited soil texture data: Introducing

two new methods. Biosyst. Eng. 216, 198-217 (2022).

Aschonitis, V. G. et al. A ranking system for comparing models’ performance combining multiple statistical criteria and scenarios:
The case of reference evapotranspiration models. Environ. Model. Softw. 114, 98-111 (2019).

Ashraf, M. & Harris, P. . C. Photosynthesis under stressful environments: An overview. Photosynthetica 51, 163-190 (2013).
Bouvet, L. et al. The evolving battle between yellow rust and wheat: Implications for global food security. Theor. Appl. Genet. 135,
741-753. https://doi.org/10.1007/s00122-021-03983-z (2022).

Chang, Q. et al. The effect of Puccinia striiformis f. sp. tritici on the levels of water-soluble carbohydrates and the photosynthetic
rate in wheat leaves. Physiol. Mol. Plant Pathol. 84, 131-137 (2013).

Chen, Y.-E. et al. Influence of stripe rust infection on the photosynthetic characteristics and antioxidant system of susceptible and
resistant wheat cultivars at the adult plant stage. Front. Plant Sci. 6,779 (2015).

Abdulbagiyeva, S., Zamanov, A., Talai, J. & Allahverdiyev, T. Effect of rust disease on photosynthetic rate of wheat plant. J. Agric.
Sci. Technol. B 5, 486-490 (2015).

Smith, R. C. G., Heritage, A. D., Stapper, M. & Barrs, H. D. Effect of stripe rust (puccinia striiformis west.) and irrigation on the
yield and foliage temperature of wheat. F. Crop. Res. 14, 39-51 (1986).

Mandal, K., Saravanan, R., Maiti, S. & Kothari, L. L. Effect of downy mildew disease on photosynthesis and chlorophyll fluorescence
in Plantago ovata Forsk. J. Plant Dis. Prot. 116, 164-168 (2009).

Zhao, D., Glynn, N. C,, Glaz, B., Comstock, J. C. & Sood, S. Orange rust effects on leaf photosynthesis and related characters of
sugarcane. Plant Dis. 95, 640-647 (2011).

Wang, M. et al. Thermographic visualization of leaf response in cucumber plants infected with the soil-borne pathogen Fusarium
oxysporum f. sp. cucumerinum. Plant Physiol. Biochem. 61, 153-161 (2012).

Lindenthal, M., Steiner, U., Dehne, H.-W. & Oerke, E.-C. Effect of downy mildew development on transpiration of cucumber leaves
visualized by digital infrared thermography. Phytopathology® 95, 233-240 (2005).

Oerke, E.-C,, Steiner, U., Dehne, H.-W. & Lindenthal, M. Thermal imaging of cucumber leaves affected by downy mildew and
environmental conditions. J. Exp. Bot. 57,2121-2132 (2006).

Scientific Reports |

(2023) 13:18814 | https://doi.org/10.1038/s41598-023-45682-3 nature portfolio


https://doi.org/10.1007/s00484-021-02150-9
https://doi.org/10.1029/2012JG002084
https://doi.org/10.1016/j.ecoinf.2022.101774
https://doi.org/10.1007/s00122-021-03983-z

www.nature.com/scientificreports/

59. Calderén, R., Navas-Cortés, J. A. & Zarco-Tejada, P. . Early detection and quantification of verticillium wilt in olive using hyper-
spectral and thermal imagery over large areas. Remote Sens. 7, 5584-5610 (2015).

60. Lopez-Lopez, M., Calderén, R., Gonzilez-Dugo, V., Zarco-Tejada, P. & Fereres, E. Early detection and quantification of almond
red leaf blotch using high-resolution hyperspectral and thermal imagery. Remote Sens. 8, 276 (2016).

61. Mahlein, A.-K. et al. Comparison and combination of thermal, fluorescence, and hyperspectral imaging for monitoring Fusarium
head blight of wheat on spikelet scale. Sensors 19, 2281 (2019).

62. Cohen, B., Edan, Y,, Levi, A. & Alchanatis, V. Early detection of grapevine (Vitis vinifera) downy mildew (Peronospora) and diurnal
variations using thermal imaging. Sensors 22, 3585 (2022).

63. Duan, B. et al. Remote estimation of rice LAI based on Fourier spectrum texture from UAV image. Plant Methods 15, 124 (2019).

64. Carmona, S. L. et al. Boosting photosynthetic machinery and defense priming with chitosan application on tomato plants infected
with Fusarium oxysporum f. sp. lycopersici. bioRxiv (2020).

65. Moriondo, M., Maselli, F. & Bindi, M. A simple model of regional wheat yield based on NDVI data. Eur. J. Agron. 26, 266-274
(2007).

66. Pretorius, Z. A. et al. Application of remote sensing to identify adult plant resistance loci to stripe rust in two bread wheat mapping
populations. Precis. Agric. 18, 411-428 (2017).

67. Nijabat, A. et al. Cell membrane stability and relative cell injury in response to heat stress during early and late seedling stages of
diverse carrot (Daucus carota L.) germplasm. Hortscience 55, 1446-1452 (2020).

68. Sabir, S. et al. Protective role of foliar application of green-synthesized silver nanoparticles against wheat stripe rust disease caused
by Puccinia striiformis. Green Process. Synth. 11, 29-43 (2022).

69. He, C. et al. Study on stripe rust (Puccinia striiformis) effect on grain filling and seed morphology building of special winter wheat
germplasm Huixianhong. PLoS One 14, €0215066 (2019).

70. Prescott, J. M. et al. Wheat diseases and pests. A Guid. to F. Identif. CIMMYT Mex. 135 (1986).

71. He, C. Y. et al. Study on different typical-resistant responses of winter wheat to stripe rust at adult stage and their influences on
yield. J. Triticeae Crop. 31, 757-761 (2011).

72. Park, R., Rees, R. & Platz, G. Some effects of stripe rust infection in wheats with adult plant resistance. Aust. J. Agric. Res. 39, 555
(1988).

73. Jindal, M. M., Sharma, I. & Bains, N. S. Losses due to stripe rust caused by Puccinia striiformis in different varieties of wheat. J.
Cereal Res. 4,33-36 (2012).

74. Feng, Z. et al. Monitoring wheat powdery mildew based on hyperspectral, thermal infrared, and rgb image data fusion. Sensors
22,31 (2022).

75. Hamdane, Y. et al. Using ground and UAV vegetation indexes for the selection of fungal-resistant bread wheat varieties. Drones 7,
454 (2023).

76. Li, L. et al. Developing machine learning models with multi-source environmental data to predict wheat yield in China. Comput.
Electron. Agric. 194, 106790 (2022).

77. Han, J. et al. Prediction of winter wheat yield based on multi-source data and machine learning in China. Remote Sens. 12, 236
(2020).

78. Fei, S. et al. UAV-based multi-sensor data fusion and machine learning algorithm for yield prediction in wheat. Precis. Agric. 24,
187-212 (2023).

79. Kang, Y. et al. Comparative assessment of environmental variables and machine learning algorithms for maize yield prediction in
the US Midwest. Environ. Res. Lett. 15, 64005 (2020).

Author contributions
R.N.S. and PK. conceived the original idea. V.K.S. carried out the experiment. R.N.S., B.D. and S.S. carried out
the analysis and wrote the manuscript. All authors reviewed the manuscript.

Competing interests
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.org/
10.1038/541598-023-45682-3.

Correspondence and requests for materials should be addressed to PX.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2023

Scientific Reports |

(2023) 13:18814 | https://doi.org/10.1038/s41598-023-45682-3 nature portfolio


https://doi.org/10.1038/s41598-023-45682-3
https://doi.org/10.1038/s41598-023-45682-3
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Combining biophysical parameters with thermal and RGB indices using machine learning models for predicting yield in yellow rust affected wheat crop
	Materials and methods
	Study site, treatment details and recording yellow rust severity
	Measurement of biophysical parameters
	Image acquisition and derived parameters
	ML models for predicting yield
	Ethical approval

	Results
	FDS in wheat cultivars
	Variations in wheat biophysical parameters under different levels of yellow rust severity
	Variations in average canopy temperature of wheat under different levels of yellow rust severity
	Variations in wheat yield under different levels of yellow rust severity
	Performances of ML models to predict yield under different levels of yellow rust severity
	Yield prediction using stage 1 data (55–60 DAS)
	Yield prediction using stage 2 data (70 DAS)
	Yield prediction using stage 3 data (80 DAS)


	Discussion
	Photosynthesis, transpiration, stomatal conductance and intercellular CO2
	Canopy temperature
	LAI and NDVI
	MSI and RWC​
	Crop yield
	Yield prediction using ML models

	Conclusions
	References


