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Abstract
Timely crop monitoring and yield prediction are essential in guiding management

decision making. The aim of the study was to estimate the agronomic traits of paddy

rice (Oryza sativa L.) using unmanned aerial vehicle (UAV)-multispectral imag-

ing. A randomized complete block design field experiment with a split–split plot

arrangement was set up in the Ruzizi plain, Democratic Republic of Congo (DRC).

Spectral imaging data were collected at rice tillering and panicle initiation stages.

Predictive analysis of rice agronomic traits was performed using linear and decision

tree-based machine learning techniques. Paddy rice trait predictions were critically

sensitive to the timing of image acquisition but not largely affected by the model.

The most accurate predictions were made at rice panicle initiation stage, with R2 val-

ues of 0.62, 0.65, and 0.75 for yield, aboveground biomass, and plant nitrogen (N)

uptake, respectively. The visible atmospherically resistant index (VARI), modified

chlorophyll absorption in reflective index, and ratio vegetation index, along with near

Abbreviations: AGB, aboveground biomass; AWD, alternate wetting and drying; BC, biochar; DAT, days after transplanting; DRC, Democratic Republic of

Congo; ERT, extremely randomized trees; MCBC, manure-charged biochar; MLR, multiple linear regression; PF, permanent flooding; PNU, plant nitrogen

uptake; RF, random forest; SVM, support vector machine; UAV, unmanned aerial vehicle.
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infrared and green bands, played a critical role in predicting paddy rice N uptake and

yield. The same spectral features associated with crop height and canopy data were

essential for predicting paddy rice aboveground biomass. UAV-multispectral data

were able to assess agricultural intensification strategies at field/landscape scale irre-

spective of soil types, watering regimes, and cultivars. Special consideration should

be attributed to VARI, as it enables economical prediction of paddy rice traits. The

UAV technologies are therefore reliable tools for monitoring rice production and can

be applied in agricultural extension in the DRC.

1 INTRODUCTION

Rice (Oryza sativa L.) is the second most important cereal

crop in the Democratic Republic of Congo (DRC), after maize

(Zea mays L.) (Bulambo et al., 2023). The Ruzizi plain, a

vast lowland area in South Kivu province covering 80,000 ha,

is one of the most important rice-producing regions in the

country (Walangululu et al., 2012). The production, however,

does not meet local demand, potentially due to poor soil and

water management practices carried out by farmers (Vwima &

Rushigira, 2020). For example, most farmers apply fertilizer

at low or suboptimal rates due to high costs (Balasubrama-

nian et al., 2007; Suvi et al., 2020). In addition, most rice

fields are flooded, which greatly reduces the efficiency with

which nutrients, particularly nitrogen (N), are used by the crop

(Mboyerwa et al., 2022).

Crop monitoring is therefore needed to support manage-

ment decisions such as fertilizer application and to close the

rice yield gap. This is particularly crucial at the vegetative

phase—specifically at tillering and panicle initiation stages,

during which N fertilizer top dressing is commonly done by

rice farmers in the Ruzizi plain (Walangululu et al., 2012)—in

order to provide timely information about the spatial distri-

bution of plant nitrogen uptake (PNU) or growth/vigor in

the field and design feasible N fertilizer application strate-

gies (L. Wang et al., 2021). Traditional crop diagnostic

methods involve destructive biomass sampling and labora-

tory analysis. These methods are costly, labor-intensive, and

time-consuming, making them less suitable for timely and

site-specific management decisions (Osco et al., 2020; Peng

et al., 2022). Remote sensing technology, however, has the

potential to non-destructively assess important plant agro-

nomic traits such as aboveground biomass (AGB), yield, and

N status with high spatial precision and at variable scales

(Lussem et al., 2022).

While remotely sensed images were initially acquired via

satellites and aircraft (Hassler & Baysal-Gurel, 2019), either

with low spatiotemporal resolution or at great expense (X.

Li et al., 2022), remote sensing by unmanned aerial vehi-

cles (UAVs) has developed over the last decade into a rapid,

real-time, high-resolution, and non-destructive means of field

monitoring (Peng et al., 2022). When equipped with multi-

or hyperspectral sensor systems, or by reconstructing spectral

patterns from Red-Green-Blue (RGB) images, UAV tech-

nology is thus a promising approach for monitoring crop

growth status and nutrient content, as well as yield prediction

(Osco et al., 2020; Zhao et al., 2022). Concurrent advances

in data processing software allow for increasingly automated

development of image products (Zha et al., 2020). In partic-

ular, machine learning (ML) methods can discover hidden

information in data, making them popular in complex and

data-intensive fields, such as remote sensing and precision

agriculture (Lussem et al., 2022; Qiu et al., 2016). While

many researchers have achieved satisfactory predictions of

agronomic traits using ML models (Liu et al., 2023; L. Wang

et al., 2021), the accuracy of the models used varies depend-

ing on the geographical location and the timing of imaging

along the cropping cycle (Han et al., 2020; Rehman et al.,

2022). Furthermore, as the importance of predicting features

varies depending on the subject being investigated, it is com-

mon practice to evaluate different approaches or combinations

of input data when working with agricultural remote sensing

(Weiss et al., 2020).

Despite its potential, studies on the use of UAV in agri-

culture and the application of ML to UAV-collected data

are still limited in Sub-Saharan Africa. In addition, because

it is difficult to propose universal models or general meth-

ods for retrieving crop phenotypic traits that allow for high

accuracy crop monitoring using UAV-based remote sensing,

field and region-based phenotyping studies using UAV-based

remote sensing remain necessary. However, to our knowl-

edge, no study has investigated the potential of UAV imaging

and ML techniques to predict paddy traits under contrasting

irrigation regimes (alternate wetting and drying [AWD] vs.

continuous flood irrigation), different nutrient management

practices (no fertilization, mineral fertilizer (NPK), com-

bined biochar [BC], and fertilizer application), and different

varieties, in order to develop sensor-based recommendations

that can improve rice production in eastern DRC. The sug-

gested nutrient and water management practices are crucial
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in the rice-producing areas of the Ruzizi plain region, which

is known for its Phaeozems soils with low nutrient lev-

els (Birindwa et al., 2023) and where water availability is

no longer permanently assured due to extended dry seasons

caused by climate variability (Espoir et al., 2021). Studies

have shown that the combined application of BC and NPKs

can improve the nutrient use efficiency, especially N, in rice-

based systems (MacCarthy et al., 2020; Oladele et al., 2019).

Additionally, implementing AWD irrigation techniques can

reduce overall water consumption while still providing the

necessary amount of water to the rice crop during crucial

growth stages, thus avoiding any negative effects on yield and

grain quality (Ramos-Fernández et al., 2024).

Therefore, the research questions associated to this study

were as follows: (1) What is the most effective timing for

UAV-spectral imaging during the rice vegetative phase to esti-

mate AGB and PNU, as well as to predict the yield of rice in

the Ruzizi plain? (2) What ML models and UAV-imaging fea-

tures provide the most accurate estimation/prediction for rice

traits in the Ruzizi plain? (3) Can UAV-multispectral imaging

features effectively differentiate paddy rice fields managed

with varying levels of water and nutrient availability?

The objectives of this study were: (1) assess the most effec-

tive time at vegetative phase for estimating AGB and PNU

and predicting yield of rice in the Ruzizi plain, Eastern DRC,

using UAV-spectral imaging data and ML techniques; (2)

determine the most relevant spectral and structural features

and models for paddy rice trait estimations/predictions; and

(3) evaluate the potential of the features in detecting differ-

ences in management practices varying in water and nutrient

availabilities.

2 MATERIALS AND METHODS

2.1 Study sites

Field experiments were replicated at two rice-producing sites,

namely, Kiringye (2.895˚ S, 28.999˚ E, 904 m a.s.l), and

Lubarika (2.818˚ S, 28.963˚ E, 910 m a.s.l.) in the Ruzizi

plain, South Kivu province, DRC (Figure 1). The experiments

were carried out between February and May 2022. Both Kir-

ingye and Lubarika soils have a loamy sand texture and bulk

densities of 1.45 g cm−3 and 1.32 g cm−3 at a depth of 0–

20 cm, respectively. The pH values recorded at the Lubarika

and Kiringye sites were similar, with values of 6.41 and 6.61,

respectively. However, the Kiringye soils had higher aver-

age concentrations of total organic carbon (2.2%), total N

(0.11%), available phosphorus (30.12 mg kg−1), and cation

exchange capacity (26.3 cmol kg−1) than the Lubarika soils

(0.95%, 0.1%, 26.3 mg kg−1, and 13 cmol kg−1, respectively;

Table S1). The cumulative precipitation recorded during the

four-month experimental period was 339 mm in Lubarika and

Core Ideas
∙ Unmanned aerial vehicle (UAV)-multispectral data

were able to assess agricultural intensification

strategies at field/landscape scale.

∙ Rice trait predictions were critically sensitive to the

timing of image acquisition but not largely affected

by the model.

∙ More accurate predictions were obtained at rice

panicle initiation stage than at the tillering stage.

∙ The UAV technologies are reliable tools for moni-

toring paddy rice production and can be applied in

agricultural extension in the Democratic Republic

of Congo.

410 mm in Kiringye. The mean temperatures observed during

this period were 24.9˚C and 25.1˚C in Kiringye and Lubarika,

respectively.

2.2 UAV image acquisition and
pre-processing

Data collection took place at the active tillering (30 days after

transplanting [DAT]) and panicle initiation (60 DAT) stages

of rice. Flights were performed with a Phantom 3 professional

UAV (DJI) equipped with a multispectral camera (RedEdge-

M; Micasense). The camera has five spectral bands: blue

(475 nm), green (560 nm), red (668 nm), red-edge (717 nm),

and near infrared (NIR) (840 nm). The altitude of the UAV

flights was set at 15 m above the ground and the speed at

1 m s−1 to ensure both high spatial resolution and image over-

lap. The obtained ground sampling distance averaged 1.25 cm

pixel−1. Prior to each flight, the camera was calibrated using

a grey plate with reflectance values of 0.62, 0.63, 0.62, 0.62,

and 0.58 for blue, green, red, red-edge, and NIR bands, respec-

tively. The UAV missions were conducted between 10:00 a.m.

and 03:00 p.m. (local time) under windless and clear-sky

conditions. The two experimental sites were imaged on two

consecutive days.

Autopilot software was used for mission control and image

acquisition. After data acquisition, the Pix4d Mapper soft-

ware (version 4.3.31; Pix4d S.A.) was used to combine the

images and generate the mosaic images, digital elevation

model (DEM), digital surface model (DSM), and reflectance

maps of the experimental areas. During this process, five

to six ground control points, taken with a real-time kine-

matic global navigation satellite system (RTK GNSS) (Reach

RS+; EMLID), were used to orthorectify and georeference

the mosaic. A total of five UAV reflectance orthoimages per
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4 of 16 MUHINDO ET AL.

F I G U R E 1 (A) Ruzizi plain, South Kivu province, Democratic Republic of Congo (DRC); Kiringye and Lubarika experimental sites are

marked with black stars. (B) Experimental design at the Kiringye site. Treatments: T0: Unfertilized control, T1: Biochar (BC), T2: Manure-charged

biochar (MCBC), T3: mineral fertilizer (NPK), T4: NPK + BC, T5: NPK + MCBC. AWD: alternate wetting and drying; PF, permanent flooding

irrigation. Yellow: TAI cultivar, Blue: AR2017105 cultivar; see text for details.

crop stage were obtained for each site. The plot boundaries

were digitized and used as regions of interest for selecting

and averaging reflectance values to relate to ground truth

data.

2.3 Experimental set-up

The rice cultivars used in the study were TAI and AR2017105.

The cultivar TAI is commonly used by farmers in the Ruzizi

plain and the cultivar AR2017105 is a new cultivar intro-

duced in 2021 by the provincial ministry of agriculture in the

Ruzizi plain (Table S2) (IPA, 2021; IRRI, 2012). Both culti-

vars have a cropping cycle of about 120 days. TAI cultivar is

63.5% taller, has longer panicles and fewer tillers (12) than

AR2017105 cultivar (15 tillers). Seeds were derived from

the provincial Ministry of Agriculture. Their germination was

done in a seedbed. Fifty-six similar sized rice seedlings were

planted in each plot, 14 days after germination. To create

a large range of agronomic conditions, mimicking potential

management effects on N and water availability, we set up

experiments at both sites (Figure 1B). A randomized complete

block design with a split–split plot arrangement, and three

replications was used. The main plots consisted of two water

management schemes: AWD cycles or permanent flooding

(PF). The subplots were cultivars (TAI and AR2017105) and

fertilization, the sub-subplots. Water was applied continu-

ously throughout the season in PF plots. AWD plots were
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reflooded when the water level dropped to 15 cm below the

soil surface (Mote & Velchala, 2021). During panicle initia-

tion and flowering, AWD plots were kept flooded for 4 weeks.

Perforated tubes were installed in the center of all AWD plots

to monitor water levels (Mote & Velchala, 2021). Fertilization

levels consisted of unfertilized control (Ctrl; T0), rice husk BC

(T1), manure-charged biochar (MCBC; T2), NPK (T3), NPK

+ BC (T4), and NPK + MCBC (T5).

The two types of (BC and MCBC) were applied at a rate

of 5 t ha−1 and NPK was applied at a rate of 102 kg N

ha−1, 25 kg P2O5 ha−1 and 51 kg K2O ha−1. BC production

procedures, characteristics and nutrient content are given in

Supporting Information S1, Table S3. Full rates of BC were

uniformly spread over the plots and then incorporated into the

soil to a depth of 20 cm 2 weeks before transplanting. NPKs

were applied after seedling transplanting. Half of the urea was

applied at the time of transplanting (0 DAT; day after trans-

planting), 25% at active tillering (30 DAT) and 25% at panicle

initiation (60 DAT). Phosphorus and potassium were applied

as triple superphosphate and muriate of potash, respectively at

full rates during transplanting. The fertilization treatments are

considered to create a gradient of N availability, from the least

N availability hypothesized under control conditions (T0) to

excess plant N availability in the treatment combining mineral

fertilization with MCBC (NPK + MCBC; T5).

To control water movement and to minimize nutrient leach-

ing from neighboring plots, 30 cm high and 30 cm wide dikes

were built around each plot at each experimental site. In total,

72 experimental plots were established at each site. The size

of each plot was 2.8 m2 (1.4 m × 2 m).

2.4 Field data collection and plant nitrogen
content analysis

After spectral data collection, three plant samples consist-

ing of stems, leaves and on-setting grains, were randomly

selected from each plot and excised at the base for AGB

measurement (Yu et al., 2013). The sampled plants from

each plot were mixed, brush-cleaned, chopped and oven-

dried at 70˚C for 48 h, and then weighed to an accuracy

of ± 0.1 mg. The samples were thereafter ground for mea-

surement of plant nitrogen concentration (PNC). Analysis of

PNC was done using a LECO-CN analyzer (Leco Corp.),

at laboratories of the University of Natural Resources and

Life Sciences, Vienna, Austria. PNU was calculated by mul-

tiplying PNC by AGB (Zha et al., 2021). Grain yield was

measured at rice physiological maturity (120 DAT) from 30

plants in each plot, excluding border plants. The yield was

determined at 1.3 g kg−1 grain moisture content, measured

using a digital moisture meter (LDS-1G grain moisture meter,

SKZ industrial).

2.5 Data analysis

2.5.1 Model and input data approaches

Four different modeling strategies were compared. These

were two linear-based models [multiple linear regression

(MLR) and support vector machine (SVM)] and two deci-

sion tree-based models (random forest [RF] and extremely

randomized trees [ERT]) (Geurts et al., 2006; Peng et al.,

2022; Uyanık & Güler, 2013). To build empirical models

for predicting yield, biomass, and N uptake, the input data

used were raw reflectance data, vegetation indices (VIs), and

crop features, including the height and canopy cover. VIs

were computed using all five bands of the multispectral cam-

era. A total of 10 VIs were selected, which are detailed in

Table S4. These included the normalized difference vegeta-

tion index (NDVI), the normalized difference red-edge index

(NDRE), green NDVI (GNDVI), chlorophyll index-red-edge

(CIRE), blue NDVI, ratio vegetation index (RVI), optimized

soil adjusted vegetation index, green red vegetation index,

modified chlorophyll absorption in reflective index (MCARI),

and visible atmospherically resistant index (VARI) (Brewer

et al., 2022; Dimyati et al., 2023; Stavrakoudis et al., 2019).

The canopy cover and height features were generated from

DEM and DSM obtained after image pre-processing in Pix4d

software (Yang et al., 2017). The crop height was generated

as the difference between DSM and DEM, while the crop

cover was obtained by threshold-based image segmentation

using the NDVI combined with Otsu’s automatic threshold-

ing method (Xu et al., 2011). This method helped to find the

optimal threshold separating vegetation (rice), soil, and water

regions with maximum interclass variance. Crop cover within

a plot was calculated as the percentage of pixels classified as

vegetation within that plot (1.25 cm × 1.25 cm spatial reso-

lution). All the spectral and crop features were extracted and

aggregated at plot level to make up the final dataset with 72

entries for each site.

In this study, four approaches to input data combination

were tested to assess the sensitivity and minimum input

requirements for robust plant trait prediction: (i) use of spec-

tral bands alone, (ii) VIs alone, (iii) combined spectral bands

with VIs, and (iv) other crop-related features such as the

DSM-derived crop cover and height.

To ensure the robustness of the trained model, multi-

collinearity within the input data were addressed by recur-

sively eliminating features using the variance inflation factor

(VIF). In this study, a VIF cut-off value of 20 (O’Brien,

2007) was set for the iterative removal of multicollinear fea-

tures. At each iteration, the feature with the highest VIF value

was removed until no feature had a VIF >20. This approach

ensured that the best set of variables (i.e., with minimal

collinearity) was retained for further processing.
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After feature selection, the selected features were used

for model training. For the SVM, RF, and ERT models, the

hyperparameters were optimized prior to model training using

a randomized grid search approach using the Python ML

library scikit-learn. For the SVM model, different C-values

and kernels were included in the grid, and in the case of the

radial basis function kernel, different gamma values were also

included in the grid for testing. For the RF and ERT mod-

els, the optimized hyperparameters included the criterion, the

number of trees in the forest, and the minimum number of

samples per leaf. It is worth noting that this entire process was

performed on the training set only, while the test set remained

completely unseen throughout the training process, follow-

ing a repeated stratified k-fold cross-validation approach as

described in the “model evaluation section.”

2.5.2 Model evaluation

The performance of each model was assessed using the R2

score, the root mean square error (RMSE) score, and the

root mean square percentage error (RMSPE) score. All three

scores were calculated on the left-apart fold, following a

repeated stratified 10-fold cross-validation strategy with three

repeats (Vanwinckelen & Blockeel, 2012). This is equiva-

lent to performing a 90%–10% train-test split 30 times, that

is, dividing our 72-plot sample size into 64–65 samples for

training the model and 7–8 samples for testing the model.

The stratification ensured that the training and testing datasets

had equal proportions of low, medium, and high values of

the target variable. Following this approach, each model was

evaluated 30 times on unseen data, and the mean and stan-

dard deviation across the 30 evaluations were reported. It

is worth noting that each model evaluation internally imple-

mented a standard scaler to ensure that all input features had

a zero mean and unit variance. The models with the highest

R2 and lowest RMSE and RMSPE were selected as the best

models.

After model evaluation, the best model for each target

variable and for each flight was retained to compute feature

importance. For decision tree-based methods, feature impor-

tance was obtained by a permutation-based approach, which

involved shuffling a single feature’s values and measuring the

resulting decrease in the model score (Hapfelmeier & Ulm,

2013). For linear-based estimators, feature importance was

assessed by the absolute value of the respective coefficient

after standardizing the features to have unit variance. In both

cases, feature importance was transformed into percentages

to ensure that they summed up to 100. Seven variables,

including blue and red bands, GNDVI, CIRE, and MCARI,

and height and canopy cover features were retained at the

tillering stage, while eight variables, including reflectance

at blue, green, and NIR bands, RVI, MCARI, and VARI

indices, and height and canopy cover features, were selected

at panicle initiation stage.

The best combination (model + input feature) for a given

parameter was also used to generate observed versus predicted

plots for each site. The dataset was stratified into three folds

(Vanwinckelen & Blockeel, 2012), and the predictions for

each fold were obtained from a model trained on the remain-

ing twofolds. Finally, the N distribution maps were generated

based on the predicted PNU using the model, which demon-

strated the highest R2 and lowest RMSE and RMSPE. Due

to the higher accuracy of paddy rice trait predictions during

the panicle initiation stage, attention was solely drawn to the

feature importance and prediction maps from this stage in the

results section.

2.5.3 Statistical analysis

Python 3.9 was used to compute R2, RMSE, and RMSPE

for model evaluation, determine feature importance, generate

predicted versus observed graphs, create correlation matri-

ces between response variables and prediction features, and

generate the N uptake distribution maps (Adão et al., 2017).

Concerning the correlation analysis, an r absolute value of 0–

0.19 was regarded as very weak, 0.2–0.39 as weak, 0.40–0.59

as moderate, 0.6–0.79 as strong, and 0.8–1 as a very strong

correlation. To analyze the effect of watering regimes, culti-

var, and fertilization on spectral indices, a three-way analysis

of variance was performed using the R software package ver-

sion 4.3.3 and R-studio (Espoir et al., 2021). Each time an

effect was significant at the p< 0.05 level, the honestly signifi-

cant difference the Tukey test was used for post hoc analysis. R

software was also used to calculate the AGB, the PNU, and the

yield descriptive statistics, including the means, the standard

errors, and the coefficients of variation.

3 RESULTS

3.1 Measured PNU, AGB, and yield

Nitrogen uptake by rice in Lubarika and Kiringye varied from

108.30 to 242.95 kg N ha−1 and 57.70 to 154.14 kg N ha−1

at the tillering stage, and from 218.98 to 444.54 kg N ha−1

and 142.55 to 259.09 kg N ha−1 at the panicle initiation stage,

respectively. AGB ranged from 4.14 to 7.33 Mg ha−1 and

3.11 to 6.90 Mg ha−1 at the tillering stage, and from 8.13

to 13.43 Mg ha−1 and 7.93 to 12.48 Mg ha−1 at the panicle

initiation stage at Lubarika and Kiringye, respectively. Rice

grain yield at physiological maturity varied from 4.77 to 8.46

Mg ha−1 in Lubarika and from 4.31 to 7.72 Mg ha−1 in Kir-

ingye. At both sites, the highest PNU, AGB, and yield were

observed in plots treated with NPK fertilizer, either alone or in
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MUHINDO ET AL. 7 of 16

T A B L E 1 Measured (means ± SE) aboveground biomass (AGB), plant nitrogen uptake (PNU), and yield of rice at the tillering stage and the

panicle initiation stage at Ruzizi plains, Democratic Republic of Congo (DRC), field sites Lubarika and Kiringye, respectively.

Lubarika Kiringye
AGB
(Mg ha−1)

PNU
(kg N ha−1)

Yield
(Mg ha−1)

AGB
(Mg ha−1)

PNU
(kg N ha−1)

Yield
(Mg ha−1)

Tillering stage (30 DAT)
Fertilization types Control 4.14 ± 0.36 112.26 ± 12.25 4.97 ± 0.39 3.11 ± 0.30 57.81 ± 8.61 4.31 ± 0.31

BC 4.34 ± 0.44 108.30 ± 11.01 4.77 ± 0.49 3.21 ± 0.35 57.70 ± 7.01 4.52 ± 0.25

MCBC 4.18 ± 0.46 117.85 ± 16.60 4.99 ± 0.38 3.35 ± 0.37 64.98 ± 7.86 4.75 ± 0.21

NPK 6.88 ± 0.57 221.45 ± 20.08 7.20 ± 0.35 6.25 ± 0.42 128.33 ± 9.24 6.84 ± 0.35

NPK + BC 7.33 ± 0.43 242.95 ± 17.98 8.46 ± 0.55 6.90 ± 0.38 154.14 ± 11.05 7.16 ± 0.29

NPK + MCBC 7.22 ± 0.33 240.56 ± 18.20 8.10 ± 0.39 6.65 ± 0.61 140.02 ± 16.15 7.72 ± 0.24

Cultivars AR2017105 5.17 ± 0.36 157.73 ± 13.85 6.89 ± 0.36 4.08 ± 0.35 81.90 ± 7.90 6.21 ± 0.29

TAI 6.19 ± 0.31 190.06 ± 13.30 5.94 ± 0.33 5.74 ± 0.35 119.09 ± 9.09 5.55 ± 0.27

Watering regimes AWD 5.76 ± 0.38 185.75 ± 15.09 6.65 ± 0.34 5.27 ± 0.39 107.93 ± 9.51 5.73 ± 0.25

PF 5.60 ± 0.32 162.05 ± 12.19 6.19 ± 0.37 4.55 ± 0.36 93.06 ± 8.44 6.04 ± 0.31

Panicle initiation stage (60 DAT)
Fertilization types Control 8.13 ± 0.56 218.98 ± 19.06 4.97 ± 0.39 7.93 ± 0.62 147.19 ± 12.8 4.31 ± 0.31

BC 8.82 ± 0.77 221.07 ± 20.01 4.77 ± 0.49 8.00 ± 0.49 142.55 ± 11.30 4.52 ± 0.25

MCBC 8.75 ± 0.74 243.73 ± 27.61 4.99 ± 0.38 8.45 ± 0.46 163.75 ± 12.56 4.75 ± 0.21

NPK 12.74 ± 0.65 407.90 ± 22.48 7.20 ± 0.35 11.52 ± 0.41 236.42 ± 10.52 6.84 ± 0.35

NPK + BC 13.36 ± 0.53 440.56 ± 25.42 8.46 ± 0.55 12.40 ± 0.43 277.26 ± 16.41 7.16 ± 0.29

NPK + MCBC 13.43 ± 0.39 444.54 ± 24.24 8.10 ± 0.39 12.48 ± 0.58 259.09 ± 18.01 7.72 ± 0.24

Cultivars AR2017105 10.21 ± 0.57 307.40 ± 21.78 6.89 ± 0.36 9.28 ± 0.47 183.73 ± 11.70 6.21 ± 0.29

TAI 11.53 ± 0.45 351.52 ± 20.98 5.94 ± 0.33 10.98 ± 0.37 225.03 ± 11.48 5.55 ± 0.27

Watering regimes AWD 10.68 ± 0.53 341.97 ± 22.86 6.65 ± 0.34 10.86 ± 0.44 219.64 ± 12.87 5.73 ± 0.25

PF 11.06 ± 0.51 316.96 ± 20.27 6.19 ± 0.37 9.40 ± 0.41 189.11 ± 10.68 6.04 ± 0.31

Note: Six fertilization types, two rice cultivars, and two watering regimes were accessed.

Abbreviations: AWD, alternate wetting and drying; BC, biochar; Control, unfertilized control; DAT, days after transplanting; MCBC, manure-charged biochar; NPK +
BC, mineral fertilizer + biochar; NPK + MCBC, mineral fertilizer + manure-charged biochar; NPK, mineral fertilizer; PF, permanent flooding; SE, standard error.

combination with BC, compared to plots treated with BC

alone or left unfertilized. Additionally, the PNU and AGB

were generally higher under AWD compared to PF, with TAI

cultivar compared AR2017105, and at panicle initiation than

at the tillering stage (Table 1).

3.2 Estimation of AGB, PNU, and yield

Validation data showed that predictions of AGB, PNU, and

yield were more accurate when imaging was conducted at

the panicle initiation stage than at the tillering stage. The R2

values for PNU, yield, and AGB varied from 0.72 to 0.75,

0.55 to 0.62, and 0.53 to 0.64, respectively, during the pan-

icle initiation stage, while at the tillering stage, the values

ranged from -0.07 to 0.23 for PNU, 0.18 to 0.43 for yield,

and -0.08 to 0.24 for AGB (Table 2). The SVM had the high-

est accuracy for estimating AGB (R2 = 0.65, RMSE = 1.70

Mg ha−1, RMSPE = 19.4%), whereas MLR was the most

effective model for yield estimation (R2 = 0.62, RMSE = 1.18

Mg ha−1, RMSPE = 21.8%). All models showed comparable

accuracy in predicting PNU, with the highest R2 value at 0.75

and the lowest RMSE and RMSPE at 88.69 kg N ha−1 and

23%, respectively (Figure 2; Table S5). Comparing the vali-

dation results with the calibration results, it appears that the

model was not adequately validated for RF and ERT, suggest-

ing an issue with overfitting (Table 2, Tables S5 and S6).

3.3 Correlation analysis and feature
importance

3.3.1 Correlation between prediction
features and response variables

At the rice tillering stage, both AGB and PNU showed

very weak to weak correlations with individual bands, weak

to moderate correlations with VIs, and moderate correla-

tions with textural features (i.e., crop height and canopy)

(Figure 3A). At the panicle initiation stage, AGB displayed
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MUHINDO ET AL. 9 of 16

F I G U R E 2 Relationships between predicted and observed aboveground biomass (AGB), plant nitrogen uptake (PNU), and yield of rice at the

tillering (A, top row) and panicle initiation stages (B, bottom row), using the best model from Table 2. Model performance parameters are given. ET,

extra trees; MLR, multiple linear regression; RF, random forest; RMSE, root mean square error; RMSPE, root mean square percentage error; SVM,

support vector machine.

F I G U R E 3 Correlation matrix of response variables and prediction features (see text and Table S4 for details on vegetation indices, incl.

abbreviations) at the tillering stage (A) and panicle initiation stage (B); AGB, aboveground biomass; BNDVI, blue NDVI; CIRE, chlorophyll

index-red-edge; GNDVI, green NDVI; GRVI, green red vegetation index; MCARI, modified chlorophyll absorption in reflective index; NDRE,

normalized difference red-edge index; NDVI, normalized difference vegetation index; NIR, near infrared; RVI, ratio vegetation index; OSAVI,

optimized soil adjusted vegetation index; PNC, plant nitrogen concentration; PNU, plant nitrogen uptake; RVI, ratio vegetation index; VARI, visible

atmospherically resistant index.
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10 of 16 MUHINDO ET AL.

strong correlations with most VIs, moderate correlations with

textural features, and moderate but negative correlations with

reflectance of most individual bands, except for the NIR band.

PNU showed very weak to strong correlation with most sin-

gle bands, moderate to very strong correlations with most

VIs, and weak correlations with textural metrics (Figure 3B).

Yield, at the tillering stage, displayed very weak to moderate

correlations with single bands, moderate to strong correla-

tions with VIs, and weak to strong correlations with textural

features, whereas at panicle initiation stage, it showed strong

correlations with most VIs, moderate correlations with textu-

ral metrics, and very weak to moderate negative correlations

with single bands, except for the NIR band. Furthermore, the

predictor variables show a high degree of multicollinearity

(Figure 3).

3.3.2 Feature importance

The results showed that VARI, RVI, and MCARI had the

greatest impact on predicting PNU with importance scores of

41.2%, 25.9%, and 10.1%, respectively. For yield prediction,

VARI, NIR band, MCARI, and RVI were the top four con-

tributing features with importance scores of 27.3%, 20.6%,

19.1%, and 17.2%, respectively. For AGB prediction, impor-

tant features included spectral information such as NIR band

(22.1%), green band (15.9%), MCARI (15.1%), and VARI

(12.3%), and crop height (13.4%) and canopy cover (11.1%)

(Figure 4).

3.4 Influence of management practices on
paddy rice traits, VIs, and N uptake
distribution maps

3.4.1 Influence of management practices on
paddy rice traits and VIs

The paddy rice traits consisted of the AGB, the PNU, and

the yield, while the three spectral variables most sensitive

to paddy rice N uptake (Figure 4), that is, VARI, RVI, and

MCARI, were selected to assess their robustness in detect-

ing agricultural management practices. The results showed

that fertilization had a significant impact (p < 0.05) on the

three indices and paddy rice traits at panicle initiation stage

(Table 3). The VARI, RVI, and MCARI values were higher

in plots where NPK was applied, either with or without BC,

as opposed to areas where BC was applied alone or where no

fertilizer was applied. Similar trends were observed for the

paddy rice traits. However, no significant difference in index

values was observed between cultivars and watering regimes

(Table 3). Likewise, no significant differences in paddy rice

traits were observed between cultivars and watering regimes,

except for AGB, where TAI exhibited a greater AGB than

AR2017105.

F I G U R E 4 Feature importance at panicle initiation stage (days

after transplanting [DAT] 60) for aboveground biomass (AGB) (A),

plant nitrogen uptake (PNU) (B), and yield (C) of rice. MCARI,

modified chlorophyll absorption in reflective index; NIR, near infrared;

RVI, ratio vegetation index; VARI, visible atmospherically resistant

index.

3.4.2 N uptake distribution maps

The N uptake distribution maps in Kiringye (Figure 5) were

generated based on the predicted PNU at the panicle initiation

stage, using the ERT model, which had the highest accuracy

(Figure 2). Most of the plots that received NPK (T3), NPK

+ BC (T4), and NPK + MCBC (T5) recorded the highest

predicted PNU (Figure 5).

4 DISCUSSION

4.1 Paddy rice agronomic traits predictions

The best predictions were obtained at the panicle initiation

stage when compared to the tillering stage for yield, AGB, and

PNU (Table 2). Our results confirm previous studies that pan-

icle initiation is the best time to collect rice canopy reflectance

data (Harrell et al., 2011; Kanke et al., 2016; Stavrakoudis

et al., 2019; Varinderpal-Singh et al., 2022). Measurements
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MUHINDO ET AL. 11 of 16

T A B L E 3 Paddy rice traits (aboveground biomass [AGB], plant nitrogen uptake [PNU], and yield) and vegetation indices (visible

atmospherically resistant index [VARI], ratio vegetation index [RVI], and modified chlorophyll absorption in reflective index [MCARI]) as

influenced by fertilization, cultivar, and watering regimes.

Factor AGB PNU Yield RVI VARI MCARI
Fertilizer type Control 8.03 ± 0.45b 183.08 ± 10.49b 4.64 ± 0.24c 10.69 ± 0.47b 0.55 ± 0.01b 0.40 ± 0.02b

BC 8.41 ± 0.46b 181.81 ± 11.73b 4.64 ± 0.24c 9.99 ± 0.28b 0.54 ± 0.01b 0.39 ± 0.02b

MCBC 8.60 ± 0.44b 203.74 ± 16.00b 4.87 ± 0.18c 10.37 ± 0.47b 0.55 ± 0.01b 0.40 ± 0.02b

NPK 12.13 ± 0.44a 322.16 ± 13.07a 7.02 ± 0.29b 18.53 ± 0.48a 0.67 ± 0.01a 0.51 ± 0.02a

NPK + BC 12.88 ± 0.35a 358.91 ± 17.57a 7.81 ± 0.33ab 17.47 ± 0.81a 0.67 ± 0.01a 0.50 ± 0.02a

NPK + MCBC 12.96 ± 0.37a 351.82 ± 16.35a 7.91 ± 0.28a 17.80 ± 0.55a 0.67 ± 0.01a 0.51 ± 0.02a

Cultivars AR2017105 9.75 ± 0.47b 245.56 ± 15.57a 6.55 ± 0.28a 13.68 ± 0.63a 0.61 ± 0.01a 0.45 ± 0.01a

TAI 11.25 ± 0.36a 288.27 ± 14.66a 5.75 ± 0.28a 14.60 ± 0.76a 0.61 ± 0.01a 0.45 ± 0.01a

Watering regimes AWD 10.77 ± 0.46a 280.80 ± 16.67a 6.19 ± 0.27a 14.75 ± 0.70a 0.63 ± 0.01a 0.49 ± 0.01a

PF 10.23 ± 0.41a 253.03 ± 13.94a 6.11 ± 0.30a 13.53 ± 0.69a 0.58 ± 0.01a 0.41 ± 0.01a

Note: Means ± SE in the same column and the same factor followed by different letters are statistically different (Tukey test, p < 0.05).

Abbreviations: AWD, alternate wetting and drying; BC, biochar; Control, unfertilized control, MCBC, manure-charged biochar; NPK + BC, mineral fertilizer + biochar;

NPK + MCBC, mineral fertilizer + manure-charged biochar; NPK, mineral fertilizer; PF, permanent flooding.

F I G U R E 5 Plant nitrogen uptake (PNU) distribution within experimental plots in Kiringye, at panicle initiation stage (days after transplanting

[DAT] 60); T0: unfertilized control, T1: rice husk biochar, T2: manure-charged biochar, T3: NPK, T4: NPK + BC, T5: NPK + MCBC; PF:

permanent flooding, AWD: alternate wetting and drying.
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taken before panicle initiation are often affected by water and

soil in the background, while those taken after panicle ini-

tiation are either saturated or obscured by the emergence of

panicles, which interferes with the spectral signal (Rehman

et al., 2022).

The results also showed that the predictions of paddy rice

traits in the Ruzizi plains were not greatly affected by the

choice of model. Most studies using ML techniques for crop

trait prediction report better performance of decision tree-

based algorithms (i.e., RF or ERT) compared to linear-based

algorithms (i.e., SVM or MLR) (Lussem et al., 2022; Yin

et al., 2023; Zha et al., 2020). However, a strong generaliza-

tion ability and comparable accuracy have been recognized

for linear-based ML techniques such as SVM, especially when

dealing with small databases or when training data are limited

(Kok et al., 2021; Mountrakis et al., 2011), as is the case for

this research. This may explain the relatively similar results

obtained by the investigated models.

When comparing the three rice agronomic traits studied,

higher prediction accuracy was obtained for PNU compared

to AGB and yield (Table 2; Figure 2). A possible explanation

for this is that UAV-spectral data were collected at 30 and 60

DAT, while harvest occurred around 120 DAT. This leaves

nearly three-quarters to half of the growing season open to a

variety of factors (biological, climatic, etc.) that can influence

further development until harvest (Rehman et al., 2022). For

example, in this study, local pests such as frogs and birds may

have reduced some panicles or disrupted grain filling in some

plants. This could potentially affect the predicted yields in the

affected areas.

4.2 Feature importance analysis

Spectral (NIR band, green band, VARI, and MCARI) and

textural (plant height and canopy cover) features were both

critical for predicting AGB, with spectral and textural data

accounting for 65.4% and 24.5%, respectively (Figure 4).

These findings are consistent with previous research showing

that combining textural and spectral information improved the

accuracy of rice biomass estimation compared to using spec-

tral information alone (Cen et al., 2019; Maimaitijiang et al.,

2019; Zheng et al., 2018). As plant N content is highly corre-

lated with chlorophyll content, chlorophyll-sensitive VIs such

as MCARI, RVI, and NIR and green bands are expected to

improve the predictive capabilities of models for N-related

traits like AGB and PNU (Stavrakoudis et al., 2019). In accor-

dance, our analysis revealed that VARI, RVI, and MCARI

contributed 76.8% to the prediction of PNU. Previous research

has further shown that red-edge-based indices (e.g., MCARI),

as well as NIR and red-edge reflectance, can effectively mit-

igate the effects of background noise and provide excellent

predictive capabilities for chlorophyll content, thereby aiding

in the accurate determination of N quantity (Colovic et al.,

2022; Daughtry et al., 2000; Moreno-García et al., 2018).

Dimyati et al. (2023) have also documented high correlation

and similar effectiveness between the VARI, an RGB-based

index, and NDVI in the monitoring the growth status and

greenness of rice.

For yield prediction, VARI, MCARI, and RVI, as well as

the NIR band, were the top four contributing features, with

84.2% contribution. These findings are in line with those

of Zhou et al. (2017), who reported that VIs composed of

reflectance within red-edge bands (e.g., MCARI in the case

of this study) and NIR bands (e.g., RVI) were effective in

predicting yield and biomass. This was also found by Per-

ros et al. (2021) in a study on spatial analysis of agronomic

data and UAV imagery for rice yield estimation. Zhou et al.

(2017) further found that the features and indices that showed

strong relationships with leaf area index and biomass (e.g.,

VARI in the case of this study) also performed well in yield

prediction.

The results on feature importance confirm the importance

of VIs composed of NIR and red-edge bands in the predic-

tion traits and support the necessity to consider crop textural

information, particularly when predicting rice AGB in the

Ruzizi plains and similar cropping systems (Cen et al., 2019;

Stavrakoudis et al., 2019). In addition, the VARI, an RGB-

based VI can be highlighted as a convenient, available, and

efficient indicator for monitoring rice paddy fields (Dimyati

et al., 2023).

4.3 VIs’ ability in assessing in-season paddy
rice management practices

To improve N management, farmers and other agricultural

stakeholders need assessments of crop N status. This requires

knowledge of the current N status of the crop and how likely

it is to react to extra N applications (F. Li et al., 2010; Rehman

et al., 2022). This study showed that VARI, MCARI, and RVI

can detect paddy rice N uptake differences within heteroge-

neous field sites reflecting different management measures.

Higher index values were recorded in areas where NPK, sup-

plemented or not with BC, was applied, in contrast to areas

treated with sole BC or where no fertilizer was applied. This

is in line with previous studies reporting a significant and pos-

itive impact of N levels on NIR and red-edge-based indices

(e.g., RVI and MCARI; [Colovic et al., 2022; Daughtry et al.,

2000; Stavrakoudis et al., 2019; Y. P. Wang et al., 2022]).

VARI was recently proposed by Dimyati et al. (2023) to be an

effective VI for paddy rice monitoring as it can detect changes

caused by biomass accumulation, is responsive to chlorophyll

levels in leaves, and can therefore be correlated with PNU.
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The results of our study showed that no significant differ-

ences in paddy rice traits and index values were obtained when

comparing permanently flooded (PF) plots with alternate

watering (AWD; Table 3). This indicates that the imple-

mentation of AWD irrigation did not induce any observable

water-related stress in the plants, which could potentially

affect the growth of paddy rice, alter its internal structure

and canopy architecture, and subsequently affect its spec-

tral reflectance properties (Y. P. Wang et al., 2022). AWD

irrigation enables rice plants’ roots to uptake water from

the perched water in the root zone or the saturated soil,

thereby preventing water stress (Bouman et al., 2007; Kumar

& Rajitha, 2019). However, in the case of severe AWD, when

water is allowed to drop below 15 cm from the soil surface, the

plant can be exposed to water stress. Supporting this, Ramos-

Fernández et al. (2024) used a UAV-based crop water stress

index (CWSI) to compare AWD irrigation at a water level of

20 cm below the soil surface with traditional PF irrigation.

They found that the CWSI values under AWD irrigation were

higher.

TAI and AR2017105 are two important cultivars in the

Ruzizi plain. TAI is one of the three commonly grown cul-

tivar, while AR2017105 is being popularized since 2021 in

different rice-producing areas of Ruzizi plain by the provin-

cial Ministry of Agriculture (Bisimwa et al., 2019; IPA, 2022).

Data collected by UAVs can be influenced by the cultivar due

to a number of plant internal and architectural factors, includ-

ing canopy size, shape, composition, and arrangement, which

affect the interactions between incident radiation and plants

(Ollinger, 2010). Therefore, to develop and apply uniform

crop monitoring strategies in the Ruzizi plains, it is important

that no significant differences in index values were obtained

between the two investigated cultivars, despite their differ-

ences in AGB (Table 3). However, it remains necessary to

determine, for a given species, whether and to what extent

the cultivar influences optical sensor measurement (de Souza

et al., 2020). Further studies expanding agricultural moni-

toring across the Ruzizi plains, covering ∼800 km2 of rice

production area, thus need to gather detailed characteristics

of the monitored cultivars and validate the models.

Overall, our results show that non-destructive measure-

ments of paddy rice spectral reflectance between the visible

and NIR bands can provide a rapid method for paddy rice

monitoring during the growing season and for N manage-

ment at rice production sites with different environmental

properties and agronomic practices.

5 CONCLUSIONS

This study employed two linear-based models and two deci-

sion tree-based models to predict paddy rice AGB, PNU, and

yield using UAV multispectral images. The results showed

that the phenological stage at which the UAV images were

collected had a greater impact on the accuracy of the paddy

rice traits prediction than the model selection. The panicle

initiation stage recorded the most accurate predictions for

yield, AGB, and PNU. Feature importance analysis revealed

that VARI, MCARI, and RVI indices, along with NIR and

green bands, played a critical role in predicting N uptake

and yield in paddy rice. The same spectral features asso-

ciated with crop height and canopy data were essential for

predicting paddy rice AGB. It was also demonstrated that non-

destructive measurements of paddy rice spectral reflectance

between the visible and NIR bands can provide a rapid method

for assessing crop trait variations caused by field manage-

ment, with an emphasis on the VARI, an RGB-based index

that could enable efficient and cost-effective monitoring. The

UAV-based multispectral data can therefore provide valuable

insights for making informed decisions on nutrient and water

management techniques, and therefore they can be used by

extension services to provide better management advice to

farmers in order to close the rice yield gap in DRC. Further

studies to scale up agricultural monitoring in the Ruzizi plains

need to gather detailed characteristics on the majority of cul-

tivars and include all two yearly cropping cycles and validate

the models. Finally, the accuracy of the paddy rice trait pre-

dictions can be improved by integrating UAV-collected data

and crop growth models that incorporate climate, soil, and

other factors—requiring the establishment of fine-grid soil

maps (incl. extension of flooding), the establishment of rep-

resentative weather stations, and, for example, regular pest

monitoring.
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