
 
  1 

Asian Journal of Agriculture and Biology 

https://doi.org/10.35495/ajab.2025.297 

 
 

Generating near-infrared imagery of field rice using only UAV visible-light RGB 

camera 
 

Geng Wei1,2, Mulan Zou1,2, Shuyue Wang3, Bo Liu1,2* 

1School of Surveying and Geoinformation Engineering, East China University of Technology, Nanchang, 330013, China 
2Jiangxi Key Laboratory of Watershed Ecological Process and Information (Platform No. 2023SSY01051), East China 

University of Technology, Nanchang, 330013, China 
3Nanjing Real Estate Registration, Nanjing, 210001, China 

 
*Corresponding author’s email: liubo@ecut.edu.cn 

Received: 05 November 2025 / Revised: 01 March 2026 / Accepted: 09 March 2026 / Published Online: 14 March 2026 

 

Abstract 
 

Generating Near-Infrared (NIR) imagery from RGB spectrum offers a low-cost alternative to dedicated 

multispectral sensors. To investigate whether NIR imagery can be generated from standard visible-light RGB 

camera, visible-light RGB and multispectral NIR images over a rice field were captured by an unmanned aerial 

vehicle (UAV). Color space features (including HSV and CIELAB) and texture features (TF) were incorporated, 

and optimal model inputs were identified through feature screening method. Subsequently, four distinct models 

were developed for NIR image generation. Results showed that performance of generating NIR images improves 

substantially when HSV, CIELAB, and TF were included, and further gains were obtained after input feature 

selection. Pix2Pix achieved the best performance on the test dataset, with the highest determination coefficient 

(R²) of 0.78 and the lowest normalized Root Mean Square Error (nRMSE) of 6.41%, and the generated NIR 

images reached the highest Structural Similarity (SSIM) of 0.85 and Peak Signal-to-Noise Ratio (PSNR) of 28.48 

dB. Moreover, feature importance analysis highlighted V, a, b, red-band contrast, green-band mean and variance 

as key predictors for NIR image generation. This study demonstrates a practical, low-cost approach to produce 

NIR imagery from standard visible-light RGB cameras, potentially reducing reliance on dedicated multispectral 

sensors. 
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Introduction 
 

Faced with a growing global population and 

increasingly variable climate, Precision Agriculture 

(PA) has become essential for safeguarding food 

security (Crookston, 2006). Spectral data of crops — 

particularly near-infrared (NIR) information — 

provide a vital window into plant health and dynamics, 

and Unmanned Aerial Vehicle (UAV) offers a 

flexible, high-resolution platform for acquiring such 

data (Sophie et al., 2017). However, a practical trade-

off of sensors exists: visible-light (RGB) cameras are 

inexpensive and offer high spatial resolution but lack 

direct sensitivity to chlorophyll, whereas multispectral 

(MS) sensors capture chlorophyll-sensitive NIR bands 

and thus support more robust vegetation indices (Zhou 

et al., 2022; Su et al., 2024). Higher cost and 

operational complexity, however, often put MS 

sensors beyond the reach of many farmers and 

smallholders. 

This accessibility gap has driven research into 

methods for generating NIR information from RGB 

sensors. First approach is hardware modifications, 

such as specialized filter arrays or internal filter 

removal, proved technically niche and risky for the 

equipment (Lu et al., 2009; Rabatel et al., 2011). A 

simpler, data-centric path exploits statistical 

correlations between RGB and NIR bands, though 

early demonstrations based on limited data and linear 

models suggested limited generalizability (Kohei et 

al., 2016). More recently, Machine learning (ML) 

techniques offer a pragmatic balance between 

improved accuracy and manageable computational 

cost (de Lima et al., 2019; Lucas et al., 2020; Lavinia 

et al., 2024). Deep learning (DL), particularly models 

based on conditional Generative Adversarial 

Networks (cGAN) like Pix2Pix, pushes performance 

further at the expense of greater complexity and 

resource demands (Davidson et al., 2022; Farooque et 

al., 2023), and several enhanced GAN variants have 

also been proposed (Suárez et al., 2021; Zhang et al., 

2022; Zhao et al., 2024) to generate NIR imagery 

through RGB sensors.  

A common limitation in much of those works is that 

the RGB inputs are derived from multispectral sensors 

rather than from standard visible-light sensors. In 

practice, models are frequently trained by narrow-

band RGB inputs extracted from MS sensors, and later 

applied to broad-band RGB images captured by 

visible-light sensors to produce so-called “visible-light 

based” NIR outputs. Although such models report 

promising results, this pipeline may risk a spectral 

domain mismatch: standard visible-light sensors lack 

the narrow-band spectral resolution of MS sensors, so 

the statistical relationship (from RGB to NIR) learned 

on MS-derived RGB may not hold for RGB captured 

by real visible-light sensors. Consequently, model 

performance and robustness in practical deployments 

may be overestimated when using MS-derived RGB 

information as inputs. The impact of this training–

application mismatch on synthesis quality and 

generalization has received limited attention and 

therefore warrants focused investigation. 

In this study, we acquired spectral images of field rice 

across key growth stages using a UAV, and we 

emphasize that the RGB images captured from 

standard visible-light camera rather than multispectral 

sensors were set as inputs to generate NIR images. The 

concrete aims were to: 

(1) evaluate the performance of NIR generation 

through only visible-light RGB information and the 

necessity of introducing additional variables as inputs; 

(2) identify the optimal input variables for each growth 

stage of field rice through a variable-selection method, 

and test whether feature screening could improve NIR 

generation performance; 

(3) build and compare four candidate models, and 

determine the optimal model using different 

evaluation metrics; 

(4) apply an interpretable variable-importance method 

to visualize and quantify the contribution of different 

predictors to NIR generation. 

 

Material and Methods 
 

Study area 
Field experiments were conducted in Xinjizhen, 

Yizheng City, Jiangsu Province (119.3027°E, 

32.3206°N). The rice cultivar used was Ningxiang 9. 

According to data from the local meteorological 

bureau (covering 2000–2020), the annual precipitation 

is approximately 1040 mm, the average annual 

temperature is 15.4°C, and the annual sunshine 

duration is about 2100 hours. We selected a 

rectangular plot (approximately 110 × 80 meters) for 

all measurements (Figure 1). This plot exhibits typical 

characteristics of surrounding farmland: mechanized 

operations, centralized seedling cultivation, precision 

irrigation, and green pest control, making it a 

convenient and representative sample site for this 

study. 
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Figure-1. Study area. 

 

Data collection 
The rice spectral data were acquired with a DJI Mavic 

3 Multispectral (Shenzhen, China). The UAV was 

equipped with a 20-megapixel visible camera and four 

5-megapixel multispectral cameras (green, red, red-

edge and near-infrared); the NIR sensor had a central 

wavelength of 860 nm ± 26 nm. Flight campaigns were 

carried out around noon (between 11 a.m. and 1 p.m.) 

from July to September 2025 on clear or partly cloudy 

days with low wind speeds (below 1.5 m/s). Missions 

flew at a 50 m altitude, with a horizontal speed of 5 

m/s and a forward overlap of 75% between successive 

images. The rice growth stage corresponding to each 

flight mission is listed in Table 1. 

 

Table-1. UAV flight mission and rice growth stage. 

 

Flight date Growth stage 

July 26, 2025  Tillering  

August 19, 2025  Jointing  

September 9, 2025 Heading  

 

RGB images were resampled using bilinear 

interpolation to maintain spatial resolution consistent 

with NIR imagery (2.5 cm/pixel). Manual verification 

was undertaken to ensure pixel-to-pixel alignment 

between RGB and NIR images. Multispectral 

calibration plates (with spectral reflectance values of 

25%, 50%, and 75%) and DJI TERRA (Shenzhen, 

China) software were employed to calibrate the UAV-

captured images. The Digital Number (DN) values in 

the raw images were corrected to Reflectance values 

(%). 

 

Color space model and texture feature 
To enhance the generation performance of NIR 

spectra, two color space models and eight texture 

features were incorporated into our study. 

HSV model was designed to reflect the way people 

intuitively perceive and describe color (Smith, 1978). 

It comprises three components — hue (H), saturation 

(S) and value (V). H indicates the type of color, S 

measures color purity or vividness and V denotes 

brightness. Due to its ability to better separate 

luminance and chrominance components, HSV is 

widely used in vegetation coverage and vegetation 

segmentation (Yan et al., 2019). By separating 

luminance from chromaticity, CIELAB more closely 

approximates the human eye's perception of color 

differences (Mojtaba et al., 2025). The three axes of 

CIELAB are Lightness (L), a (green–magenta axis) 

and b (the blue–yellow axis). Compared to YCbCr and 

YUV, which are used for video signal transmission 

and compression, CIELAB performs better in material 
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classification (Bello-Cerezo et al., 2016). In this study, 

HSV and CIELAB images were derived from the RGB 

images acquired by the UAV's standard visible-light 

camera. 

Texture features (TF) capture crucial visual 

information in an image, representing the spatial 

arrangement of objects and their interaction with the 

environment. Gray-Level Co-occurrence Matrix 

(GLCM), proposed by Haralick et al. (1973), is one of 

the most widely used methods. A total of eight texture 

features were calculated across the three bands of 

RGB images: Angular Second Moment (ASM), 

Contrast (Con), Correlation (Cor), Dissimilarity (Dis), 

Entropy (Ent), Homogeneity (Hom), Mean, and 

Variance (Var). These resulted in 24 combined texture 

features (the suffixes ‘_R’, ‘_G’ and ‘_B’ denote the 

red, green and blue bands, respectively; for example, 

‘Mean_R’ represents the red-band Mean, ‘Dis_G’ 

represents the green-band Dissimilarity and ‘Ent_B’ 

represents the blue-band Entropy). GLCM parameters 

adopted in this study include a window size of 3 pixels, 

a direction set to 0° and a stride of 1, thereby 

maximally preserving the spatial resolution and 

maintaining the same dimensions as the original image 

(Liu et al., 2023). 

 

 

Table-2. Texture features used in this paper. 

 

Texture Feature Description Formula (Liang et al., 2022) 

Angular Second 

Moment 

Sum of Squares of 

Matrix Elements 
ASM =  ∑ (𝑃𝑖,𝑗)2

𝐺

𝑖,𝑗=1

 

Contrast 

The degree of 

distribution of matrix 

values deviates from the 

main diagonal 

Con =  ∑ (𝑖 − 𝑗)2

𝐺

𝑖,𝑗=1

𝑃𝑖,𝑗 

Correlation 

The degree of linear 

dependence between the 

row elements and 

column elements of a 

matrix 

Cor =  ∑
(𝑖, 𝑗)𝑃𝑖,𝑗 − 𝜇𝑥𝜇𝑦

𝜎𝑥𝜎𝑦

𝐺

𝑖,𝑗=1

 

Dissimilarity 

The expected value of 

the absolute difference 

in grayscale values 

within the matrix 

Dis =  ∑ 𝑃𝑖,𝑗|𝑖 − 𝑗|

𝐺

𝑖,𝑗=1

 

Entropy 

Complexity and 

randomness of the 

matrix 

Ent =  − ∑ 𝑃𝑖,𝑗log (𝑃𝑖,𝑗)

𝐺

𝑖,𝑗=1

 

Homogeneity 

The degree of 

concentration of matrix 

values near the main 

diagonal 

Hom =  ∑
𝑃𝑖,𝑗

1 + (𝑖 − 𝑗)2

𝐺

𝑖,𝑗=1

 

Mean 
Arithmetic mean of 

pixel grayscale values 
Mean =  ∑ 𝑖𝑃𝑖,𝑗

𝐺

𝑖,𝑗=1

 

Variance Variance of pixels Var =  ∑ (𝑖 − 𝑢)2𝑃𝑖,𝑗

𝐺

𝑖,𝑗=1

 

Note: p (i, j) represents the value of the (i, j) th entry in GLCM; µx and µy represent the mean value of x and y rows; σx and 

σy represent standard deviations of x and y rows. 
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Variable selection 
Using only one predictor is often too simplistic for 

crop prediction tasks, but throwing in every available 

variable risks overfitting (Cheng et al., 2025). To 

isolate the variables with the strongest predictive 

power, Recursive Feature Elimination with cross-

validation (RFECV)—which evaluates model 

performance across folds and automatically identifies 

the optimal number of features—was adopted (Wu et 

al., 2022). In this study, we ran RFECV with 10-fold 

cross-validation and used mean squared error (MSE) 

as the selection metric. Partial Least Squares 

Regression (PLSR) was selected as the base estimator 

to reduce potential multicollinearity among the 33 

input variables. 

 

Model construction 
Four models were employed in this study to build 

‘RGB to NIR’ conversion: Random Forest (RF), 

Support Vector Machine (SVM), Artificial Neural 

Network (ANN), and Pix2Pix. 

RF was introduced by Breiman (2001) and is an 

ensemble learning method based on decision trees. It 

consists of many independently constructed trees that 

vote (classification) or average (regression) to make 

predictions. SVM is a supervised learning technique 

applicable to classification and to regression (Support 

Vector Regression, SVR). By mapping input data into 

a higher-dimensional feature space via a kernel 

function, SVR often achieves strong generalization 

and can also mitigate multicollinearity (Cheng et al., 

2017). ANN is inspired by biological neural systems 

and is capable of learning hierarchical features to solve 

nonlinear problems efficiently (Salvador et al., 2025). 

Here we tuned ANN hyperparameters by random 

search combined with 5-fold cross-validation. GAN, 

as proposed by Goodfellow et al. (2014), primarily 

consist of a generator (G) and a discriminator (D). The 

generator learns to produce synthetic data that mimics 

real data, while the discriminator learns to distinguish 

between real and synthetic samples (Aggarwal et al., 

2021). Pix2Pix is a prominent cGAN-based model 

specifically designed for image-to-image translation 

tasks (Isola et al., 2017). A summary of the 

hyperparameters for the four models is presented in 

Table 3. 

 

Table-3. Hyperparameters summary of 4 models. 

 

Model Key parameters setting 

RF n_estimators = 100/200/500 

SVR 
Radial Basis Function kernel (C = 10, ε = 0.1 and gamma = scale) with a 5-fold CV 

to tune the hyperparameters 

ANN 

Number of hidden layers: 2–4 

Neurons per layer: 64/128/256 

 Dropout rate: 0/0.2/0.4 

 Learning rate: 0.01/0.005/0.001 

Activation function: ReLU/SELU 

Batch size: 16/32/64 

Epochs: 50/100/ 200 

Random search: 5-fold CV 

Pix2Pix 
Generator 

Architecture: U-Net with 8 downsampling and 8 upsampling 

blocks 

Convolution (downsampling): 4×4, stride 2, Instance 

Normalization (except first block), LeakyReLU (slope=0.2) 

Transposed convolution (upsampling): 4×4, stride 2, Instance 

Normalization, ReLU 

Dropout: Optionally applied to first few decoder layers 

Skip connections: Between corresponding encoder and decoder 

layers 

Input/Output range: Scaled to [−1, 1]; final layer uses tanh 

activation 

Discriminator Architecture: 70×70 PatchGAN 
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Convolutional layers : 5 layers 

Layer 1: Conv + LeakyReLU (slope=0.2) 

Layers 2–5: Conv + Instance Normalization + LeakyReLU 

Output: Patch-wise prediction map (Sigmoid applied depending on 

loss function) 

Training 

 Optimizer: Adam (β₁ = 0.5, β₂ = 0.999) 

Initial learning rate: 2 × 10⁻⁴ 

Epochs: 200 (first 100 fixed LR, last 100 linear decay to 0) 

Input 

Processing 

Tiling strategy: 270 patches (18 × 15 grid) 

Patch size: 256 × 256 pixels 

Overlap strategy: 25% overlap, stride = 128 (used in both 

extraction and inference) 
Note: All models were executed on a workstation equipped with an Intel Core i9-14900K CPU, an NVIDIA GeForce RTX 

4090 GPU, and 64 GB of RAM. For evaluation, the dataset was randomly split, with 70% of the samples allocated for training 

and the remaining 30% held out as an independent test set. 

 

Evaluation metrics 
To evaluate how well the models generate NIR 

imagery, we used multiple complementary metrics: 

Pixel-wise accuracy is quantified by the coefficient of 

determination (R²) and normalized Root Mean Square 

Error (nRMSE), which measure how well predicted 

values match reference values in terms of variance 

explained and average error magnitude, respectively; 

Image quality is assessed using Structural Similarity 

(SSIM) and Peak Signal-to-Noise Ratio (PSNR): 

SSIM captures local structural and perceptual 

similarity (luminance, contrast, structure) while 

PSNR, derived from mean squared error, summarizes 

the overall signal-to-noise level of reconstructions 

(reported in dB). The formulas of 4 metrics are given 

below: 

 

𝐑𝟐 = 𝟏 −
∑ (𝒙𝒊 − 𝒚𝒊)𝟐𝒏

𝒊=𝟏

∑ (𝒙𝒊 − 𝒙̅)𝟐𝒏
𝒊=𝟏

(1) 

 

𝐧𝐑𝐌𝐒𝐄 =
√𝟏

𝒏
∑ (𝒙𝒊 − 𝒚𝒊)𝟐𝒏

𝒊=𝟏

𝒙𝒎𝒂𝒙 − 𝒙𝒎𝒊𝒏
× 𝟏𝟎𝟎% (2)

 

𝐒𝐒𝐈𝐌 =
(𝟐𝝁𝒙𝝁𝒚 + 𝑪𝟏)(𝟐𝝈𝒙𝒚 + 𝑪𝟐)

(𝝁𝒙
𝟐 + 𝝁𝒚

𝟐 + 𝑪𝟏)(𝝈𝒙
𝟐 + 𝝈𝒚

𝟐 + 𝑪𝟐)
(3) 

 

𝐌𝐒𝐄 =
𝒊

𝒏
∑(𝒙𝒊 − 𝒚𝒊)𝟐

𝒏

𝒊=𝟏

(4) 

 

𝐏𝐒𝐍𝐑 = 𝟐𝟎𝑳𝒐𝒈𝟏𝟎(
𝑴𝑨𝑿𝒇

√𝑴𝑺𝑬
) (5) 

 

where xi is the observed value for sample i, yi r is the 

model prediction for that sample, and xmax and xmin are 

the maximum and minimum observed values, 

respectively; μx and μy denote the means of x and y 

respectively, σx and σy are their standard deviations, 

and σxy is the covariance; C₁ and C₂ are small constants 

included to stabilize the denominator; Log₁₀ denotes 

the base‑10 logarithm and MAXf is the maximum 

possible signal value in the reference image and MSE 

is the mean squared error between the images.  

Figure 2 summarizes the overall workflow of this 

study, covering data collection, model development 

and result evaluation. 
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Figure-2. Workflow overview. 

 

Results 

 

Generating NIR images using only visible-light 

RGB spectra 
First, NIR images were generated using only visible-

light RGB images of rice fields at three growth stages 

as input. Table 4 shows the performance of different 

models on the test dataset. Pix2Pix model performed 

best in comparison, followed by ANN model, while 

RF and SVR showed comparable performance to each 

other. However, the overall performance of all four 

models was mediocre, with the highest R² of 0.56 and 

the lowest nRMSE of 9.20%. Therefore, using only 

visible-light RGB images as input for generating NIR 

images results in poor performance and necessitates 

considering additional input variables to enhance 

model accuracy. 

 

Table-4. Test dataset validation results for models trained solely on visible-light RGB datasets. 

 

Model 
Evaluation 

Metrics 
Tillering Jointing Heading 

RF 
R2 0.48 0.46 0.45 

nRMSE(%) 10.04 10.68 10.92 

SVR 
R2 0.47 0.44 0.46 

nRMSE(%) 10.23 10.41 10.43 

ANN 
R2 0.52 0.49 0.50 

nRMSE(%) 9.81 9.97 9.86 

Pix2Pix 
R2 0.56 0.54 0.52 

nRMSE(%) 9.20 9.30 9.62 

 

Variable selection results via RFECV 
To identify the input variables that contribute most to 

predicting the target variable (NIR), a 10-fold RFECV 

method was used to screen all input features 

independently across different rice growth stages. 

Figure 3 shows the MSE results for varying numbers 

of input variables at each growth stage, with the 

retained variables listed in Table 5. RFECV retained 

20–24 variables from all input features. The variables 

retained across all three growth stages were: H, V, a, 

b, Con_R, Con_G, Cor_G, Cor_B, Mean_R, Mean_G, 

Mean_B, Var_R, Var_G and Var_B. Variables 

retained in two of the three growth stages included: L, 

Con_B, Cor_R, Dis_B, Hom_G and Hom_B. Among 
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the visible-light RGB spectral bands, only G and B 

were retained—each in only one growth stage (at the 

tillering and jointing stages, respectively). Therefore, 

according to RFECV, the raw visible-light RGB bands 

were considered "unimportant variables" compared to 

the derived color space and texture features. 

 

 
 

Figure-3. MSE with Different Numbers of Input Variables (dashed line indicates the number of variables 

corresponding to the minimum MSE value). 

 

Table-5. Retained variables after RFECV screening during different rice growth stages. 

 

Growing Stage Number  Reserved features 

Trilling 24 

G, H, V, a, b, ASM_B, Con_R, Con_G, Con_B, Cor_R, 

Cor_G, Cor_B, Dis_R, Dis_B, Ent_R, Ent_B, Hom_R, 

Hom_B, Mean_R, Mean_G, Mean_B, Var_R, Var_G, 

Var_B 

Jointing 21 

B, H, V, L, a, b, Con_R, Con_G, Con_B, Cor_R, 

Cor_G, Cor_B, Dis_G, Ent_G, Hom_G, Mean_R, 

Mean_G, Mean_B, Var_R, Var_G, Var_B 

Heading 20 

H, S, V, L, a, b, ASM_R, Con_R, Con_G, Cor_G, 

Cor_B, Dis_B, Hom_G, Hom_B, Mean_R, Mean_G, 

Mean_B, Var_R, Var_G, Var_B 

 

Model performance before and after variable 

selection 
To assess how RFECV-based variable selection 

affected model performance, we first trained a set of 

NIR-generation models using the full variable dataset. 

The test dataset validation results are summarized in 

Table 6. Overall, adding color-space information and 

texture features produced clear improvements across 

all models. Pix2Pix achieved the best performance on 

the test dataset, with R² values of about 0.71–0.76 and 

nRMSE in the range 6.58%–7.56%. ANN ranked 

second, while SVR performed worst. When examined 

by growth stage, NIR generation was most successful 

at the tillering stage; performance declined during the 

jointing and heading stages. 
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Table-6. Validation results of models trained with full-variety dataset as input on the test dataset. 

 

Model 
Evaluation 

Metrics 
Tillering Jointing Heading 

RF 
R2 0.65 0.58 0.60 

nRMSE(%) 8.10 9.62 9.14 

SVR 
R2 0.58 0.56 0.55 

nRMSE(%) 9.73 9.81 9.93 

ANN 
R2 0.68 0.66 0.65 

nRMSE(%) 7.82 8.21 8.26 

Pix2Pix 
R2 0.76 0.71 0.72 

nRMSE(%) 6.58 7.56 7.17 

The validation results on the test dataset using the 

RFECV-selected dataset as input for each model are 

shown in Table 7. It can be seen that R² values of all 

the models increased (by 0.01 to 0.05), and nRMSE 

values decreased (by 0.17% to 1.21%). Pix2Pix model 

achieved the best performance, with R² ranging from 

0.72 to 0.78 and nRMSE from 6.41% to 7.19%. ANN 

model performed second best. Although SVR model 

showed significant improvement after variable 

selection, it remained the least effective model. 

 

Table-7. Validation results of models trained with selected-variety dataset as input on the test dataset. 

 

Model 
Evaluation 

Metrics 
Tillering Jointing Heading 

RF 
R2 0.66 0.60 0.62 

nRMSE(%) 7.74 8.73 8.35 

SVR 
R2 0.62 0.61 0.59 

nRMSE(%) 8.52 8.84 9.21 

ANN 
R2 0.70 0.67 0.69 

nRMSE(%) 7.55 7.88 7.71 

Pix2Pix 
R2 0.78 0.72 0.74 

nRMSE(%) 6.41 7.19 6.98 

 

 

Variable importance assessment 
The SHAP method was used to identify the 10 most 

important variables for NIR generation performance at  

 

different rice growth stages. The results are shown in 

Figure 4. Variables such as V, a, b, Con_R, Mean_G 

and Var_G were found to be highly important, ranking 

within the top 10 across all three growth stages.
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Figure-4. 10 most important variables for generating NIR across different growth stages. 
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Spatial distribution of generated NIR and 

difference 
Since Pix2Pix model demonstrated the best 

performance on the test dataset before and after 

variable selection, NIR spatial distribution images 

were generated using Pix2Pix model. Figure 5 shows 

the true NIR images, the generated NIR images and 

the difference images between true and generated 

images for each rice growth stage. Figure 6 presents 

the distribution curve of the errors between predicted 

and actual NIR values. It can be observed that while 

Pix2Pix model produces good overall image quality, it 

exhibits some discrepancies in accurately predicting 

the extreme high and low values in the true images. 

 

 

Figure-5. True NIR images, generated NIR images, and difference images for rice at different growth stages. 
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Figure-6. Distribution curve of the difference between actual and predicted NIR values. 

 

Table 8 presents the SSIM and PSNR values of the 

NIR images generated by the Pix2Pix model at 

different rice growth stages, the results are generally 

consistent with the test dataset validation performance. 

The tillering stage achieved the highest SSIM and 

PSNR values of 0.85 and 28.48 dB, respectively, while 

the jointing stage exhibited the lowest values of 0.82 

and 25.89 dB, respectively. 

 

Table-8. SSIM and PSNR of generated NIR images at different growth stages. 

 

Rice growth stage SSIM PSNR(dB) 

Tillering 0.85 28.48 

Jointing 0.82 25.89 

Heading 0.83 26.12 

  

Discussion 
 

Generating NIR images from more readily available 

RGB images offers a low-cost, high-precision 

alternative to meet NIR imaging needs. However, 

current research on generating NIR images 

predominantly uses RGB images sourced from MS 

sensors. Though multispectral RGB images can 

generate high-quality NIR images, there are 

discrepancies between visible-light and multispectral 
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RGB spectra. Consequently, NIR spectrum generation 

models trained using multispectral RGB spectra as 

input may not perform optimally when visible-light 

RGB spectra are used as input for the model. This 

paper therefore introduces visible-light RGB images 

with two color space models (HSV and CIELAB) and 

eight texture features to generate corresponding NIR 

images. 

 

Performance of visible-light RGB images in 

generating NIR images 
Visible-light and multispectral sensors differ in their 

data acquisition mechanisms, which in turn affects the 

quality of their RGB outputs for NIR reconstruction. 

Specifically, consumer-grade RGB cameras are 

characterized by their mechanical simplicity and high 

spatial resolution. However, their R, G, and B 

channels exhibit broad response curves with 

significant spectral overlap, thereby limiting their 

spectral resolution capabilities. In contrast, 

multispectral cameras employ multiple dedicated 

optics, each optimized for narrower spectral bands. As 

Telmo et al. (2017) have noted, broad-band sensors 

often lack the sensitivity required to detect subtle 

variations in crop parameters. This limitation 

highlights the complementary strengths of the two 

sensor types: while RGB imagery excels in capturing 

spatial detail, it provides limited spectral information. 

Conversely, multispectral RGB captures finer 

reflectance variations directly linked to vegetation 

health and productivity. Furthermore, multispectral 

cameras, through radiometric calibration, can 

effectively mitigate interference from variations in 

solar illumination and soil reflectance, while also 

eliminating sensor-induced and illumination-related 

artifacts (Feng et al., 2020; Juan et al., 2022). As a 

result, attempts to generate NIR imagery using only 

the visible-light spectrum are inherently constrained 

by performance limitations. Our experimental results 

corroborate this finding: NIR images generated solely 

from visible RGB data achieved a highest R² of 0.56 

and a minimum nRMSE of 9.20% on the test set. This 

significant accuracy gap underscores the necessity of 

incorporating additional input variables, such as color 

space transformations and texture features, to 

overcome the limitations of raw RGB data. 

 

Contributions of color space information and 

texture features 

To address the inherent spectral limitations of raw 

visible-light RGB data, we leveraged two 

complementary feature types: color space information 

and texture features.  

HSV color space effectively decouples color attributes 

(hue and saturation) from brightness (value), thereby 

demonstrating robustness to illumination variations 

and sensitivity to subtle color differences (Esmael et 

al., 2017). The CIELAB color space further enhances 

this by providing a perceptually uniform 

representation, which is particularly advantageous for 

tasks such as color balance correction (Khan et al., 

2018). Mechanistically, HSV can disentangle 

illumination information from color information, and 

the spectral images transformed into the CIELAB 

color space exhibit enhanced regularity and 

uniformity, enabling the extraction of NIR reflectance 

information that is strongly associated with the 

biochemical composition and water status of 

vegetation (Sun et al., 2025). As de Lima et al. (2022) 

demonstrated that utilizing these transformed color 

spaces as inputs, rather than raw RGB values, 

improved NIR reconstruction—a finding that 

corroborates our approach despite differences in 

source data (their RGB data originated from a 

hyperspectral sensor with channel wavelengths of 

611nm, 560.2nm, and 453.8nm, respectively). 

Complementing color space analysis, we incorporated 

texture features to quantify spatial patterns by 

measuring pixel variability within local windows 

(Zhang et al., 2020). Texture features offer distinct 

advantages, such as contrast is capable of extracting 

edge contour information from crops; correlation is 

effective in quantifying pixel relationships; disparity 

measures grayscale variations between pixels 

featuring edge characteristics; entropy assesses the 

complexity of grayscale distributions; homogeneity 

identifies pixel features distant from coherent edges 

through grayscale similarity analysis, whereas mean 

evaluates the uniformity of grayscale pixel 

distributions (Xu et al., 2023). These features 

collectively offer unique contributions to the 

generation of NIR, potentially enhancing its 

performance. These characteristics make texture 

features a powerful complement to spectral data, 

particularly for addressing limitations such as canopy 

saturation, as evidenced in studies on biomass 

estimation and disease detection (Arif et al., 2024; Hu 

et al., 2025). 

The critical role of both feature types was validated 

through our variable selection process. Notably, raw 
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RGB spectral bands were consistently ranked as low 

importance and subsequently excluded across all 

growth stages. In contrast, features derived from HSV, 

CIELAB, and texture analysis were consistently 

retained. This result underscores the importance of 

perceptual color information and texture features in 

constructing an effective bridge from visible-light 

RGB to NIR data. The structural and biochemical 

characteristics of rice canopies exhibit significant 

variations across different growth stages. Variable 

importance analysis results demonstrate that V, a and 

b, as well as the red-band contrast, the green-band 

mean and variance consistently rank among the top 10 

most influential variables throughout all growth 

stages. The elevated importance of color space 

features underscores that the overall color and 

brightness information of the canopy serve as 

fundamental variables for predicting NIR reflectance. 

Notably, regardless of the growth stage, the 

chlorophyll content and canopy light conditions of rice 

remain critical factors influencing NIR reflectance. 

Furthermore, the persistent significance of texture 

features including Con_R, Mean_G, and Var_G 

underscores the essential role of canopy structural 

information throughout the entire growth cycle, a 

finding consistent with the previously discussed 

viewpoint that 'texture features can alleviate spectral 

saturation'. 

 

Feature selection and model performance 
Extensive research has demonstrated that variable 

screening effectively mitigates multicollinearity and 

minimizes unnecessary redundancy, thereby 

enhancing overall model performance and reducing 

computational demands (Cheng et al., 2025). Among 

various feature selection methodologies, RFE 

distinguishes itself through its iterative approach, 

wherein it refines feature sets by repeatedly training a 

model and discarding the least impactful features until 

a predetermined number of features—or another 

stopping criterion—is achieved. When integrated with 

cross-validation, forming RFECV, this process 

evaluates feature subsets across cross-validation folds 

and identifies the optimal number and combination of 

variables without necessitating manual intervention. 

This automated approach reduces selection bias 

stemming from overfitting, rendering RFECV 

particularly appealing for interpretable, performance-

oriented feature selection. However, it is important to 

note that RFECV—especially when employing 

numerous cross-validation folds—can impose 

significant computational and training time 

requirements; thus, the choice of methodology should 

account for dataset complexity and available 

computational infrastructure. 

In this investigation, we implemented four distinct 

models for NIR image generation. Pix2Pix 

consistently demonstrated superior performance, 

while ANN ranked second in terms of effectiveness. 

SVR, however, exhibited relatively weaker 

performance. A notable trend emerged: models with 

higher performance tended to exhibit greater 

complexity and required substantially longer training 

durations, a pattern particularly pronounced in the case 

of Pix2Pix. Across all four models, the cumulative 

training time approximated 300 hours, with Pix2Pix 

accounting for over half of this duration. ANN, being 

less complex than Pix2Pix, ranked second in both 

accuracy and computational cost. In contrast, RF 

proved to be the simplest and fastest to train. Although 

SVR incorporated an initial parameter sweep 

combined with 5-fold cross-validation during tuning, 

its test performance still fell short of that of RF in our 

experimental framework. In summary, model 

performance generally correlates with both model 

complexity and computational demands. For 

researchers operating within constrained 

computational environments, traditional machine 

learning approaches—such as random forests—may 

offer a more practical alternative, delivering robust 

performance with relatively modest computational 

requirements. Nonetheless, the appropriateness of a 

given model should be re-evaluated when applied to 

different data types. 

 

Future Recommendations 
We acknowledge that this study has certain 

limitations. Primarily, due to the lack of a blue-band 

multispectral camera in the DJI UAV used in this 

paper, cross-sensor comparisons cannot be conducted. 

Replacing the equipment could further quantify the 

differences in performance of different RGB sensors 

in generating NIR images. Secondly, research 

centered on a single location and a single rice variety 

tends to constrain the representativeness and 

generalizability of the findings. Therefore, it is 

imperative to undertake further comparative analysis 

on other natural environments or crops with markedly 

differing characteristics. Finally, data were solely 

collected during three critical growth stages in 2025, 

which may have resulted in insufficient analysis of 

phenotypic changes within the season and limited 
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generalization capabilities across different inter-

annual climatic variations, cultivation varieties, and 

multi-site environments. Consequently, the 

applicability to longer time scales or other production 

areas needs to be further verified through data from 

multiple years, and varieties in future work. 

 

Conclusion 
 

In this study, we captured visible-light RGB and 

corresponding NIR images of field rice using UAV 

during the tillering, jointing, and heading stages, and 

investigated the generation of NIR imagery from RGB 

inputs. The key findings are summarized as follows:  

(1) Generating NIR imagery solely from visible-light 

RGB inputs resulted in suboptimal performance. 

However, incorporating color space information (HSV 

and CIELAB) and texture features significantly 

enhanced the quality of the generated NIR images.  

(2) A 10-fold RFECV was employed to select 

variables independently for each growth stage, with 

MSE serving as the selection criterion. Notably, 

visible-light RGB spectral bands were rarely retained 

and consistently classified by RFECV as "unimportant 

variables". 

(3) Post-variable selection, all models exhibited 

improved performance. Among the four established 

models, Pix2Pix demonstrated superior performance, 

achieving the highest R² (0.78) and the lowest nRMSE 

(6.41%). The NIR images generated by Pix2Pix also 

displayed high SSIM (0.82–0.85) and PSNR (25.89–

28.48 dB) values. 

(4) SHAP analysis identified the 10 most influential 

variables contributing to NIR imagery generation. 

Among these, V, a, b, red-band contrast (Con_R), and 

green-band mean and variance (Mean_G and Var_G) 

were found to be relatively more important. 

We believe that if our research can be implemented 

and adopted in actual agricultural production, 

particularly if UAVs equipped with low-cost visible-

light sensors can generate real-time "RGB to NIR" 

information or images, it will help mitigate the 

challenges faced by smallholders and low-income 

agricultural workers due to limited resources and 

intensified competition. 
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