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The timely and accurate acquisition of crop-growth information is a prerequisite for implementing intelligent crop-growth management, and portable multispectral imaging devices offer reliable tools for monitoring field-scale crop growth. To meet the demand for obtaining crop spectra information over a wide band range and to achieve the real-time interpretation of multiple growth characteristics, we developed a novel portable snapshot multispectral imaging crop-growth sensor (PSMICGS) based on the spectral sensing of crop growth. A wide-band co-optical path imaging system utilizing mosaic filter spectroscopy combined with dichroic mirror beam separation is designed to acquire crop spectra information over a wide band range and enhance the device’s portability and integration. Additionally, a sensor information and crop growth monitoring model, coupled with a processor system based on an embedded control module, is developed to enable the real-time interpretation of the aboveground biomass (AGB) and leaf area index (LAI) of rice and wheat. Field experiments showed that the prediction models for rice AGB and LAI, constructed using the PSMICGS, had determination coefficients (R²) of 0.7 and root mean square error (RMSE) values of 1.611 t/ha and 1.051, respectively. For wheat, the AGB and LAI prediction models had R² values of 0.72 and 0.76, respectively, and RMSE values of 1.711 t/ha and 0.773, respectively. In summary, this research provides a foundational tool for monitoring field-scale crop growth, which is important for promoting high-quality and high-yield crops.
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1 Introduction

Real-time and accurate estimations of crop growth conditions provide fundamental agricultural information for crop growth diagnosis and precise management, playing a crucial role in enhancing crop yields and quality (Karthikeyan et al., 2020; Berger et al., 2022). Traditional methods of obtaining crop growth information have relied on subjective observations by agricultural experts or destructive sampling combined with physical and chemical experiments in the laboratory. However, these methods have several disadvantages, such as their poor timeliness, time-consuming processes, and labor-intensive procedures (Zou et al., 2001; Yuan et al., 2022). In recent years, crop growth monitoring technologies based on spectral imaging have been developed; these technologies are non-destructive, provide data in real time, and are highly efficient. These technologies have found widespread applications in estimating the nitrogen content in rice leaves (Zhou et al., 2018), monitoring wheat biomass (Jia et al., 2019), and detecting powdery mildew in wheat (Xuan et al., 2022). Spectral imaging sensors, which can serve as an implementation platform for spectral imaging technology, are foundational tools for crop growth monitoring (Sun et al., 2022).

Agricultural scientists demand crop growth monitoring at various scales, and different types of spectral imaging sensing devices offer possibilities for fulfilling this need. Portable spectral imaging devices, characterized by their portability and ease of operation, have demonstrated significant advantages in acquiring information on crop organs and canopies at the field scale (Pallottino et al., 2019; Kim et al., 2023). Jia et al. (2019) utilized a commercial hyperspectral imaging device, the GaiaField-V10E (400−1000 nm), to estimate wheat leaf biomass. They used the synergistic interval partial least squares (SIPLS) and successive projection algorithm (SPA) to select eight feature wavelengths and construct a wheat leaf biomass prediction model based on partial least squares regression (PLSR) (R²=0.79, RMSE=0.059 kg/m2). While this type of device enables rich spectral information acquisition, data processing relies on specialized remote sensing personnel, and it cannot directly output crop growth information. Shao et al. (2023) used a portable pole-mounted commercial multispectral camera, RedEdge, for acquiring multispectral images of maize. After offline cropping, registration, and radiometric correction of the obtained images, they achieved maize leaf area index (LAI) prediction (accuracy R²=0.816, RMSE=0.399). However, the multi-channel multispectral camera used in this study was affected by field-of-view differences between lenses in near-ground applications, and the process from crop spectral information acquisition to agricultural parameter interpretation relied on a multi-step offline processing approach.

In comparison with commercial spectral imaging devices, some research institutions have developed agriculture-specific spectral imaging devices. Wang et al. (2020b) designed a handheld corn hyperspectral imaging system that included a commercial hyperspectral camera, a leaf scanner, a lightbox, and a controller. Using the normalized difference vegetation index (NDVI) combined with PLSR, they constructed models to predict corn leaf nitrogen content and relative water content. However, the device is relatively large, and efficient imaging requires moving the hyperspectral camera for the push-broom acquisition of corn leaf images. The development of prediction models for multiple crop growth parameters is still ongoing. Tang et al. (2022) developed a portable wheat chlorophyll detector using a commercial mosaic multispectral camera (700−900 nm) with 25 bands. This instrument, which comprised a spectral camera, a control module, and a network module, could construct a wheat chlorophyll content prediction model by selecting optimal feature bands. Although this device provided direct interpretation of wheat chlorophyll, its bands were concentrated in the near-infrared and red-edge spectra, offering a limited wavelength range, and the output indicators were relatively singular. Wang et al. (2020a) also created a portable soybean leaf multispectral imaging device consisting of a monochrome camera, different wavelength light-emitting diodes (LEDs), and a controller. This device captured multispectral images of soybeans by pressing the soybeans flat and then constructed NDVI images. However, research findings did not present a prediction model specifically for soybean chlorophyll content.

To address the aforementioned typical issues, this study introduces a novel portable snapshot multispectral imaging crop growth sensor (PSMICGS) capable of real-time interpretation of rice and wheat aboveground biomass (AGB) and leaf area index (LAI). In contrast to previous work, this study offers the following significant contributions:

	A design approach for PSMICGS using mosaic filters (MFs) in conjunction with dichroic mirrors (DMs) to achieve wide-band integrated co-optical imaging is proposed. This method enables the real-time acquisition, processing, and interpretation of crop spectral information across a broad wavelength range.

	Assembly and adjustment methods for a wide-band co-optical front imaging system incorporating DMs for beam separation were explored, as well as methods for the registration of multispectral images. This method included strategies for real-time online image registration and multispectral image fusion, enhancing capabilities for crop analysis.

	A processor system that integrated sensor data with crop growth monitoring models based on an embedded control module was developed. This addressed the limitation of existing devices that struggle with real-time crop growth interpretation. Field experiments were conducted in rice and wheat fields using the PSMICGS, resulting in the construction of prediction models for rice and wheat AGB and LAI.






2 Materials and methods

In this section, we detail the design process of the PSMICGS and the construction of the models for estimating AGB and LAI in rice and wheat fields. Specifically, we outline the design approach of a wide-band co-optical path imaging system based on MFs combined with DMs for spectral separation. Additionally, we describe the experimental design for monitoring AGB and LAI in rice and wheat using the PSMICGS, along with the process used to construct prediction models.



2.1 Design of the PSMICGS for wide band integrated co-optical path imaging



2.1.1 Selection of crop growth-sensitive spectral bands

After solar radiation interacts with crops, spectral information is formed through absorption, transmission, and reflection. This information reflects canopy structure, growth conditions, and physiological and biochemical characteristics of crops, with reflection spectra being commonly used in crop growth monitoring (Xue et al., 2003; Zhu et al., 2007a). To develop a PSMICGS capable of direct crop growth interpretation, it is necessary to carefully select crop growth-sensitive bands. Based on our unit’s research on crop growth monitoring (Zhu et al., 2007b; Wang et al., 2012; Li et al., 2022) and diagnostic equipment development (Ni et al., 2018; Yao et al., 2020; Yuan et al., 2022) at the National Engineering and Technology Center for Information Agriculture, Nanjing Agricultural University, China, it was found that canopy reflectance in rice and wheat is closely related to specific spectral ranges: 413–434 nm, 517–538 nm, 553–577 nm, 660–680 nm, and 700–770 nm for nitrogen content (Wang et al., 2012; Yao et al., 2013); 706–738 nm and 806–816 nm for biomass (Yao et al., 2018; Jia et al., 2019); and 590–710 nm and 745–1130 nm for wheat leaf dry weight and LAI (Feng et al., 2009). Considering these studies, we selected 458, 487, 527, 558, 644, 716, 737, and 813 nm as characteristic bands for the PSMICGS.




2.1.2 Design of the PSMICGS control system

The hardware architecture of the PSMICGS consisted of a front imaging system, primary control module, auxiliary cameras, power module, and control display. The front imaging system, which is crucial for capturing crop information across different spectral bands integrated a lens (AF Nikkor 50 mm F/1.8D, Tochigi Nikon Precision Co., Ltd., Japan) with a minimum focusing distance of 0.45 meters and a diagonal field of view of 46°. It utilized DMs for spectral separation and two mosaic multispectral cameras (MMC1 and MMC2) equipped with mosaic filters (MF1 and MF2). To capture crop light information at preset wavelengths, we used MF for spectral splitting. This spectral splitting technique can deposit different bands on the same mosaic template. However, due to manufacturing constraints, the eight preset bands were divided between MF1 and MF2, each fabricated using a narrowband Fabry-Pérot microcavity array method to ensure over 95% light transmittance at each central wavelength. Figures 1A, B show the specific band settings and transmittance curves, with MF1 containing the first four and MF2 the last four of the selected characteristic bands.




Figure 1 | Portable snapshot multispectral imaging crop growth sensor (PSMICGS) hardware system. (A) MF1 band settings and transmittance curves for each band. (B) MF2 band settings and transmittance curves of each band. (C) Schematic diagram of the PSMICGS hardware system architecture. (D) Three-dimensional model of the entire PSMICGS machine structure. (E) Physical diagram of the entire PSMICGS machine structure.



The MMC1 and MMC2 detectors were complementary metal oxide semiconductor (CMOS) image sensors with a spectral response range of 400−1000 nm, used for capturing and converting crop light information. To minimize field of view differences, a DM was employed to separate crop light information, with a reflecting wavelength range of 380−580 nm and transmitting wavelength range of 610−880 nm. The DM was positioned at a 45° angle in the system (Figure 1C). The primary control module of the PSMICGS utilized an NVIDIA Jetson TX2 (NVIDIA Corporation, USA), which was responsible for the real-time control of MMCs, and auxiliary cameras to collect and process crop spectral information. Communication and power supply to MMC and the auxiliary camera were facilitated using universal serial bus (USB) 3.0 and USB 2.0 technology, respectively. The auxiliary camera, a five-megapixel driver-free module, captured crop red-green-blue (RGB) images and monitored sensor field of view status in real-time. A 14.8-V lithium battery powered the primary control module, while a 5.5-inch capacitive touchscreen served as the control display for interactive sensor information processing. Data storage utilized a 256-GB high-speed TransFlash (TF) memory card (Western Digital Corporation, USA) inserted into the Secure Digital (SD) card slot on the development board. Figures 1D, E depict the three-dimensional model and physical appearance of the PSMICGS, respectively, with a black coating applied to the housing to minimize external light interference.

The PSMICGS software system was developed using the Qt development platform in conjunction with the detector software development toolkit (Figure 2). The software workflow is illustrated in Figure 2A and comprises three primary steps: initial sensor setup, spectral image acquisition and processing, and data storage. Figure 2B shows the graphical user interface (GUI), featuring five main sections: camera parameter settings, acquisition control, information prompts, single-band image display, and analysis result display.




Figure 2 | PSMICGS software system. (A) Workflow of the software system and (B) diagram of the software interface.







2.2 Research on spectral image processing methods of the PSMICGS

A dual-detector integrated co-optical path imaging system was designed to achieve real-time acquisition of wide-band crop spectral information and improve device miniaturization and integration, as illustrated in Figure 3A. However, achieving precise alignment of the field of view for the two cameras posed challenges due to machining tolerances in mechanical components and assembly errors, and required calibration. Figure 3B shows the system calibration process, which involved using black-and-white checkerboard patterns. Initially, MMC1 and MMC2 were focused by adjusting them to clearly display registration reference lines, checkerboard patterns, and hybrid images. Subsequently, we adjusted MMC2 laterally or longitudinally using the second fixed adjusting piece’s square slot and second hexagon socket set screws with cup points until the registration reference line and checkerboard patterns were aligned both horizontally and vertically in their respective real-time views. MMC1 was then rotated using the circular slot of the first fixed adjustment component until the checkerboard patterns were perfectly aligned along the edge direction, and it was then secured with the first hexagon socket set screws with cup points. Finally, fine-tuning of MMC1 and MMC2 was conducted using the first and second hexagon socket set screws with cup points until the checkerboard patterns in all directions were aligned, thereby concluding the assembly and adjustment process of the front imaging system.




Figure 3 | Assembly and adjustment of the PSMICGS. (A) Three-dimensional diagram of the front imaging system: 1. Lens, 2. Front panel, 3. Component fixing device, 4. DM and mounting fixing device, 5. Second hexagon socket set screws with cup point, 6. Second fixing adjustment piece, 7. MMC2, 8. First hexagon socket set screws with cup point, 9. First fixing adjustment piece, and 10. MMC1. (B) On-site image of the front imaging system assembly and adjustment.



Upon completing the assembly and adjustment of the front imaging system, we utilized the scale-invariant feature transform (SIFT) algorithm for image registration between the two fields to further enhance co-field of view imaging accuracy (Lowe, 2004). Additionally, an affine transformation was applied for image fusion. For the specific application scenario, images were captured at a height of 70 cm above the canopy. Post-registration, fusion and the root mean square error (RMSE) were employed to assess registration accuracy, as expressed in Equation 1. If the RMSE value exceeded four, the image registration was deemed unsuccessful (Gong et al., 2013; Ma et al., 2016). To distinguish it from RMSE below, we used the RMSEr here to denote the RMSE.

 

where m represents the total number of pixels and   and   represent the pixel coordinates of the reference image and the image to be registered, respectively.




2.3 Research on calibration methods for the PSMICGS



2.3.1 Spectral calibration of the PSMICGS

To characterize the response of each spectral channel of the PSMICGS, we used a spectral calibration system based on an adjustable monochromatic light source (Zolix Instruments Co., Ltd., China). As shown in Figure 4A, this system was composed of an integrating sphere, an adjustable monochromatic light source, a spectrometer, and a computer. The monochromatic light source covered a spectral range of 350−1000 nm, which was sufficient to cover all bands used by the PSMICGS in this study. During calibration, the sensor lens was initially aligned with the integrating sphere’s light port. The exposure time and gain of the MMC were set to 100 ms and 6 dB, respectively. The monochromator was adjusted to each of the eight MF bands to determine the band with the highest digital number (DN) response, which served as the reference band. Using this reference band as a benchmark, the monochromator was tuned to corresponding bands. When the DN reached approximately 60−80% of its maximum value, the exposure time and gain settings were recorded as benchmark parameters. Subsequently, the spectrometer bands of the monochromatic light source system were adjusted in 2-nm increments, and internal images of the integrating sphere were captured and stored for each increment. The wavelength adjustment ranges for MMC1 and MMC2 were 350−700 nm and 500−900 nm, respectively. Finally, DN values corresponding to each band were extracted based on MMC band settings, followed by fitting analysis.




Figure 4 | Spectral and radiometric calibration system of the PSMICGS. (A) On-site image of the spectral calibration. (B) System block diagram of the radiation calibration. (C) Site diagram of the setup for radiation calibration.






2.3.2 Radiometric calibration of the PSMICGS

Since the original pixel values obtained by the PSMICGS were in DN (a dimensionless unit), it was necessary to convert these values into meaningful radiance or reflectance units for interpreting crop growth parameters. Thus, we investigated the linear relationship between sensor DN and radiance, which is crucial for improving the quality and accuracy of crop multispectral images. The radiometric calibration system used in this study is illustrated in Figures 4B, C, and it primarily consisted of a 4-inch aperture integrating sphere (USLR-V12F-NMNN, Labsphere Inc., USA). The spectrometers used in the system were the Maya2000 Pro, with a spectral range of 165−1100 nm, and the NIRQuest, with a range of 900−1700 nm (Ocean Optics, USA). In the specific calibration procedure, four exposure time levels were set: 60, 80, 100, and 120 ms. For each exposure time, seven radiance levels were adjusted, and ten images were acquired for each radiance level. The average DN values of these images were calculated, and the DN values corresponding to each band were extracted for the fitting analysis.





2.4 Design of the performance test experiment based on the PSMICGS



2.4.1 Signal-to-noise ratio testing experiment

The signal-to-noise ratio (SNR) is a key indicator for assessing the performance of spectral imaging sensors, and a high image SNR is a prerequisite for effective crop-growth monitoring (Li et al., 2023). In this study, we used an adjustable monochromatic light source system (Figure 4A) to capture images of a uniform surface light source. Initially, we set the exposure time and gain values determined during the spectral calibration process as benchmark parameters. Subsequently, the monochromator was set to 0 nm, and the exposure time and gain values of the MMC were adjusted to these benchmark parameters to avoid image overexposure. The adjustment was then halted, and the MMC captured 10 images within the integrating sphere. Finally, pixel values from the corresponding channels were extracted based on the defined positions of the reference bands on the MF, and the SNR was calculated using the following formula (Zaunseder et al., 2022):

 

where   represents the mean value of the DN from multiple acquired spectral images, indicating the signal value, and N represents the RMSE of the DN from multiple acquired spectral images, representing the noise value.




2.4.2 Radiometric response accuracy testing experiment

Accurate radiometric response is essential for quantitative monitoring of crop growth using the PSMICGS. We tested the PSMICGS with eight standard diffuse reflectance panels: A1−A7 (Labsphere Inc., North Sutton, NH, USA) and A8 (Changhui Electronic Technology Co., Ltd., China) (Figures 5A, B). The reflectance values of panels A1−A7 were 5%, 10%, 20%, 40%, 60%, 75%, and 99%, respectively, while the reflectance of panel A8 ranged from 20% to 30%.




Figure 5 | Radiometric response accuracy test of the PSMICGS. (A) Standard diffuse reflective panels with varying reflectivities, and (B) test site.



During the experiment, the hyperspectral sensor ASD FieldSpec 4 (Analytical Spectral Devices, Boulder, CO, USA) was used to measure the actual values of each panel, with the values obtained using the PSMICGS considered as the test values. The distance between the PSMICGS device and each panel was maintained at 70 cm during data collection, and image reconstruction by the PSMICGS used a bicubic interpolation algorithm (Keys, 1981). Due to an integration gap between the MF and the detector, crosstalk between different bands can occur, affecting data accuracy. Therefore, correcting crosstalk in each reconstructed band image is fundamental for sensor data analysis. In this study, spectral crosstalk correction was achieved using Equation 3, which corrected crosstalk information within each macro-pixel region using a linear combination of crosstalk correction coefficients,   (provided by the MMC manufacturer; see the Supplementary Material) and the original pixel response values,  .

 

where   is the crosstalk-corrected response value;   is the original response value within the macro-pixel region before crosstalk correction;   is the crosstalk correction coefficient matrix; and i and j are the pixel indices within the reconstructed and original macro-pixel regions, respectively.

To control for errors, both the ASD and PSMICGS underwent radiometric calibration using panel A7 with a reflectance of 99% prior to actual testing. The reflective values of the target measured using the PSMICGS were calculated using Equation 4. Post data collection, ENVI 5.3 software (Environment for Visualizing Images, Research Systems Inc., Boulder, CO, USA) was used to select regions of interest (ROI) to obtain the reflectance values of each panel. Due to inconsistent wavelength ranges and spectral resolutions between the two devices, Equation 5 was employed to convert the ASD test data to equivalent PSMICGS data, as suggested by Luo et al. (2023). Finally, by analyzing the test values of each panel, relative error values were calculated using Equation 6.

 

where R is the target reflectance value;  ,  , and   are the image DNs of the target, the dark background (obtained using the lens cap to cover the lens), and the 99% reflectance calibration plate, respectively; and   is the reflectance value of the 99% reflectance plate, set to 0.99 for this calculation.

 

where   is the equivalent reflectance of the i-th band;   and   are the band ranges, which here are 350−700 and 500−900 nm, respectively;  ( ) is the spectral reflectance of the target panels measured by the ASD; and   is the spectral response function at wavelength l (obtained using through spectral calibration).

 

where x is the measured value; D is the true value; and δ denotes the relative error.





2.5 Rice and wheat growth monitoring experiment based on the PSMICGS



2.5.1 Experimental design

The wheat growth monitoring experiment was conducted from March to May 2023 at the Baipu Experimental Station in Rugao City, Jiangsu Province, China (32°26′N, 120°75′E) (Figure 6A). The experiment included three sowing periods: October 25, 2022 (sowing period 1), November 10, 2023 (sowing period 2), and November 25, 2023 (sowing period 3). The wheat varieties used were V1 (Yangmai 23) and V2 (Jimai 22). Four nitrogen levels were applied: N0 (0 kg/ha), N1 (52 kg/ha), N2 (104 kg/ha), and N3 (156 kg/ha). Three seeding densities were implemented: D1 (125 plants/m2), D2 (225 plants/m2), and D3 (325 plants/m2), with a row spacing of 30 cm. Each treatment had three replicates. Wheat was sown manually in rows, totaling 80 plots, with each plot covering an area of 18 m2 (4.5 m × 4 m). Spectral images and agronomic parameters were simultaneously collected during the tillering, jointing, and booting stages of wheat growth, and the total sample size was 190.




Figure 6 | Research location and field experimental layout. (A) Layout of the wheat trial site. (B) Layout of the rice trial site. (C) Layout diagram of the PSMICGS collection of crop spectral images.



The rice growth monitoring experiment was conducted from July to September 2023 at the Baipu Experimental Station in Rugao City, Jiangsu Province, China (32°26′N, 120°75′E) (Figure 6B). The experiment used seven rice varieties: V1 (Yingxiang 1), V2 (Nanjing Yinggu), V3 (Taixiangjing 1402), V4 (Sidao 20), V5 (Yangxiangyu 1), V6 (Sidao 17), and V7 (Yanjing 23). Three nitrogen levels were considered: N0 (0 kg/ha), N1 (150 kg/ha), and N2 (300 kg/ha). Two planting row spacings were used: D1 (60 cm) and D2 (30 cm). Rice planting was conducted using a machine transplanting method, totaling 72 plots. Spectral images and agronomic parameters were simultaneously collected during the rice jointing, booting, and heading stages of the rice growth, and the total sample size was 126.




2.5.2 Test equipment and methods

After assembling the hardware system of the PSMICGS as designed in this study and finalizing the software packages, the PSMICGS was comprehensively prepared for field growth monitoring of rice and wheat (Figure 6C). To obtain crop reflectance values, radiometric calibration was performed using a 40% reflectance Lambertian diffuser prior to the experiment. The reflectance was then calculated online using the control module in the system combined with Equation 3, where   was set to 0.4. During the collection of rice and wheat multispectral images, the PSMICGS was positioned at a height of 70 cm from the canopy, and data collection was conducted under clear weather conditions between 10:00 a.m. and 2:00 p.m.

To obtain the required agronomic parameters for rice and wheat, in the wheat experiment, five representative wheat plants were selected from each plot. In the rice experiment, three representative rice plants were selected from each plot. The rice and wheat samples were then separated into stems, leaves, and panicles. The Li–3000c leaf area meter (Li–Cor., Lincoln, NE, USA) was used to measure the leaf area of the rice and wheat samples, and the LAI of the population was calculated by multiplying the number of plants by the tillers per square meter. After dissection, the plants were placed in an oven, blanched at 105°C for half an hour, dried at 80°C to a constant weight, and finally, the AGB per unit land area was calculated based on the sampled area.




2.5.3 Multispectral image processing and VI selection

Following the acquisition of crop multispectral image, the software ENVI was utilized for selecting ROI. The entire field of view was designated as the ROI, and the reflectance values for rice and wheat were averaged from these areas. Vegetation indices (VIs) were computed using Matlab2021 (The MathWorks, Natick, MA, USA). To achieve quantitative monitoring of rice and wheat AGB and LAI, this study calculated six VIs based on the extracted canopy reflectance, as shown in Table 1. These selected VIs have been widely used in previous studies focused on monitoring rice and wheat growth.


Table 1 | VIs for the LAI and AGB estimations in rice and wheat.






2.5.4 Modeling methods and validation

Before constructing the AGB and LAI prediction models for rice and wheat based on the PSMICGS, the sample set was divided using a random selection method. To prevent model overfitting, we split the data for rice and wheat into modeling and validation sets at ratios of 8:2 and 7:3, respectively. Subsequently, nonlinear regression analysis was conducted to construct models to estimate the AGB and LAI of rice and wheat based on the VIs and agronomic parameters. After model construction, the models were evaluated using the coefficient of determination, R², and RMSE (Lu et al., 2021). A higher R² value closer to one and a lower RMSE indicated a better prediction performance of the model. The calculation equations are as follows:

 

where n is the number of samples; yi is the actual value of the ith sample;   is the predicted value of the ith sample; and   is the average value of all samples.

 

where n represents the number of samples; yi represents the actual value; and   represents the predicted value.






3 Results and discussion

This section introduces the structural assembly and calibration of the PSMICGS, along with the results of image registration. It analyzes the PSMICGS performance in terms of SNR and radiometric response accuracy testing. Furthermore, it elaborates on the results of the constructed models for estimating the AGB and LAI of rice and wheat based on the PSMICGS.



3.1 Analysis of the spectral image processing results based on the PSMICGS

Figures 7A−C shows that prior to adjusting the front imaging system, the checkerboard pattern at the middle position of the fields of view for MMC1 and MMC2 was difficult to align accurately, resulting in noticeable misalignment. This indicated that the fields of view of the two MMCs were not in the same position. Figures 7D−F shows that after adjustment, the checkerboard pattern at the middle position of the fields of view for MMC1 and MMC2 achieved accurate alignments in both the horizontal and vertical directions. Further adjustment of the first and second hexagon socket set screws resulted in the alignment of the checkerboard patterns at the four edge positions, indicating that the checkerboard elements in the dual fields of view achieved alignment at the edges, as shown in Figures 7G–J. These adjustments successfully achieved co-optical path imaging of the dual detectors, laying the foundation for crop growth monitoring activities.




Figure 7 | Checkerboard pattern status within the fields of view before and after the calibration of the front imaging system. Prior to calibration: (A) MMC1, (B) MMC2, (C) composite image of the checkerboard pattern at the middle position. Post-calibration: (D) MMC1, (E) MMC2, (F) composite image of the checkerboard pattern at the middle position, (G–J) composite images of the checkerboard pattern at the edge positions.



To address image registration errors resulting from mechanical assembly inaccuracies, the results of image registration based on the SIFT algorithm are illustrated in Figure 8. Figure 8A shows the reference image, while Figure 8B shows the image to be registered, with Figure 8B showing the result of the MMC2 image after mirroring. During the algorithm execution phase, the nearest-neighbor distance ratio (NNDR) method identified 939 matching points, which were reduced to 340 after secondary feature point screening (FSC), as shown in Figure 8C. The checkerboard pattern images post-affine transformation of the dual field images, and the corresponding results are shown in Figures 8D, E, demonstrating precise overlap of the image regions. Following the image registration fusion, the RMSEr for the image registration was 0.5829, indicating a favorable outcome of the image registration fusion. This research underscores that the embedded control module and image registration algorithm effectively accomplished online registration of multispectral crop images.




Figure 8 | Image registration based on SIFT: (A) Reference image (MMC1), (B) image to be registered (MMC2), (C) feature matching graph, (D) mosaicked checkerboard image, and (E) image registration fusion graph.






3.2 Analysis of calibration results of the PSMICGS



3.2.1 Analysis of the spectral calibration results of the PSMICGS

When the exposure time and gain values of the MMC1 and MMC2 were set to 100 ms and 6 dB, respectively, the maximum DN spectral channels were 558 nm and 813 nm, respectively. After adjusting the spectrometer bands in the spectral calibration system to the corresponding settings, to prevent overexposure of captured images, the maximum exposure times for MMC1 and MMC2 were 400 ms and 850 ms, respectively, when the DN values ranged between 650 and 970. Under these maximum exposure settings, we extracted and fitted the DN values from the images of each stepped spectral band according to the band arrangement in the MMC. The response DNs of each channel are shown in Figure 9A. The Gaussian curves of each band after further Gaussian fitting of each channel are shown in Figure 9B. The deviation of the central wavelength from the preset band centers remained within ±0.5 nm, with a maximum error of 0.49 nm (channel 4), as detailed in Table 2. This calibration result indicated that the actual central wavelengths of each channel in the PSMICGS met the requirements of the selected characteristic bands. Additionally, Figure 9C shows the curves after correcting the original response data using the crosstalk correction coefficient matrix. The crosstalk information between the channels was effectively corrected, and the average correlation coefficient between the corrected data for each channel and the Gaussian data exceeded 0.98.




Figure 9 | Spectral calibration results of the PSMICGS: (A) Original response DN curves of each channel, (B) Gaussian fitted response DN curves of each channel, and (C) DN curves after spectral crosstalk correction.




Table 2 | Spectral calibration results of the PSMICGS.






3.2.2 Analysis of the radiometric calibration results of the PSMICGS

For the radiometric calibration of the PSMICGS, four exposure times were set (60, 80, 100, and 120 ms). The relationship curves between the response DN of the PSMICGS and the different radiance values are shown in Figure 10. The DN of each channel under different exposure times was derived from the average DN values of each channel in images with a uniform light source. As shown in Figure 10, the obtained radiance values ranged from 0 to 0.35 W/sr/m²/nm. Linear fitting of the DN and radiance at different exposure times revealed that the coefficient of determination (R²) was greater than 0.99. The calibration results indicated that the response DN of the PSMICGS had an excellent linear relationship with different radiance values at various exposure times, making it fully suitable for crop growth monitoring.




Figure 10 | Radiometric calibration results of the PSMICGS: (A–D) Linear fitting graphs of the response DN of the PSMICGS and the different radiance values for exposure times set to 60, 80, 100, and 120 ms.







3.3 Analysis of the performance test results for the PSMICGS

We analyzed the acquired images and found that the DN values for the 558 and 813 nm channels in MMC1 and MMC2 were highest when the exposure time and gain values were set to 100 ms and 6 dB, respectively. Subsequently, adjusting the exposure times to 400 for MMC1 and 850 ms for MMC2 ensured that the DN values fell within a reasonable range, establishing these settings as benchmark parameters. After setting MMC1 and MMC2 to these benchmark values, the tunable monochromatic light source imaging system was adjusted to a wavelength of 0 nm, and uniformly illuminated images were then captured. The DN values for the 558 and 813 nm channels were then extracted, and the SNRs were calculated using Equation 2. Figures 11A, B show that the average SNR for each column pixel exceeded 120 dB. These test results indicated that the PSMICGS exhibited excellent SNR performance, meeting the requirements for quantitative crop growth monitoring.




Figure 11 | Performance test results of the PSMICGS: (A) Signal-to-noise ratio (SNR) statistics for MMC1, (B) SNR statistics for MMC2, (C) test values for panels A1–A8 using the PSMICGS and ASD, and (D) relative error values between the PSMICGS and ASD.



Figure 11C shows the test results for panels A1−A8 using the PSMICGS and ASD, revealing a consistent trend in the reflectance values for the different panels. The relative error values between the PSMICGS and ASD for panels with different reflectances are shown in Figure 11D, with relative errors within 7% across all eight bands. This demonstrates the high accuracy of the PSMICGS in terms of radiometric response.




3.4 Rice and wheat growth monitoring experiment based on the PSMICGS



3.4.1 Sample set division

In this study, we used pre-heading data of rice and wheat to establish the prediction models for AGB and LAI. The dataset encompassed variations arising from different factors such as varieties, nitrogen levels, and planting densities. Table 3 shows that the modeling set and validation set were partitioned using a random selection method. The modeling set exhibited significant data variability, encompassing diverse possible scenarios, suggesting that the dataset was suitable for the development of prediction models for AGB and LAI in rice and wheat.


Table 3 | Descriptive statistics of AGB and LAI in rice and wheat.






3.4.2 Relationship between AGB and LAI of rice and wheat and VI

To formulate prediction models for AGB and LAI in rice and wheat based on the PSMICGS, a correlation analysis between the VIs constructed using the PSMICGS and AGB and LAI was conducted. Figure 12 shows that the VI GNDVI exhibited the highest correlation with rice AGB and LAI, with correlation coefficients (R) of 0.76 and 0.654, respectively. Additionally, the VIs, GNDVI, and RESAVI exhibited the highest correlation with wheat AGB and LAI, having correlation coefficients (R) of 0.807 and 0.834, respectively. Subsequent modeling analyses for rice and wheat AGB and LAI were conducted using the selectively optimized VIs.




Figure 12 | Correlation of the PSMICGS-constructed VIs with rice and wheat AGB and LAI.






3.4.3 Construction of AGB and LAI monitoring model for rice and wheat based on the PSMICGS

Based on the selected VIs, prediction models for AGB and LAI in rice and wheat were established. Figures 13A, B show the models for rice AGB and LAI developed using the VI GNDVI, resulting in determination coefficients R² of 0.7 and RMSE values of 1.611 t/ha and 1.051, respectively. For wheat (Figures 13C, D), the AGB and LAI prediction models were constructed using the VIs GNDVI and RESAVI, yielding R² values of 0.72 and 0.76, respectively, with corresponding RMSE values of 1.711 t/ha and 0.773, respectively. In summary, the prediction models for AGB and LAI in rice and wheat constructed based on the PSMICGS demonstrated satisfactory performance.




Figure 13 | Prediction models of the rice and wheat AGB and LAI constructed based on the PSMICGS. (A, B) are rice AGB and LAI, respectively, and (C, D) are wheat AGB and LAI, respectively.






3.4.4 Validation of the AGB and LAI monitoring model for rice and wheat based on the PSMICGS

The constructed prediction models for the AGB and LAI in rice and wheat were validated using the validation dataset. Figure 14 shows that the validation determination coefficients, R², for the rice AGB and LAI estimation models based on the PSMICGS were 0.78 and 0.70, respectively, with RMSE values of 1.404 t/ha and 1.287, respectively. For the wheat AGB and LAI estimation models, the validation R² values were 0.68 and 0.79, respectively, with corresponding RMSE values of 1.769 t/ha and 0.861, respectively. Overall, the validation results for the constructed AGB and LAI models in rice and wheat were favorable, indicating the feasibility of the developed estimation models.




Figure 14 | Scatter plots for the validation of the prediction models of rice and wheat AGB and LAI constructed based on the PSMICGS: (A, B) are the rice AGB and LAI, respectively, and (C, D) are the wheat AGB and LAI, respectively.








4 Discussion

Portable spectral imaging devices play crucial roles in real-time and non-destructive crop growth monitoring at the field scale. However, many commercially available sensors do not provide direct output of crop growth parameters (Jia et al., 2019; Shao et al., 2023). Customized devices often lack specific bands tailored for crop growth characteristic, limiting their effectiveness (Tang et al., 2022; Wang et al., 2022; Wang et al., 2020a). To address these challenges and capitalize on the spectral sensing mechanism in crop growth, we developed the PSMICGS using MF spectrometry with a wide band range. This device allows for real-time online acquisition and interpretation of crop spectrum information. However, due to constraints in band settings and associated processes, achieving optimal characteristic bands using a single MF was challenging. Thus, further exploration and refinement of these processes are required.

The online processing of spectral information lays the foundation for real-time crop growth interpretation. By leveraging the structural features of the PSMICGS, we introduced mechanical adjustments and a multi-spectral image registration method using the SIFT algorithm to achieve precise registration of dual-field images and acquire comprehensive crop spectrum data. However, our study on SIFT-based image registration underscored the need for further exploration into optimizing image registration methods tailored to different crops and varying collection heights, especially for monitoring diverse crop growth characteristics.

Real-time interpretation of crop growth information provides reference data for crop growth diagnosis. We constructed estimation models for rice and wheat AGB and LAI based on the PSMICGS and successfully completed the entire data collection and analysis process, from crop spectrum acquisition to growth interpretation. However, the overall accuracy of the constructed models still requires further improvement. Future research should focus on estimating different ecological points and additional agronomic parameters, particularly in complex field environments. Exploring algorithms to remove water and soil background effects will be essential for improving prediction accuracy and stability. Moreover, extending crop growth monitoring studies to include different crops such as soybeans, oilseed rape, and maize will improve the applicability of the PSMICGS.




5 Conclusion

In this study, we developed a novel PSMICGS based on crop spectral sensing mechanisms utilizing MFs. The design included a front imaging system utilizing DMs for spectral splitting, and it used wide-band integrated co-optical path imaging to acquire crop spectral images across a broad range. We explored mechanical adjustment methods for the wide-band range front imaging system and developed image registration fusion algorithms, enhancing the precision of multispectral image registration fusion for crops. Additionally, we integrated sensor information with crop growth monitoring models, enabling the real-time interpretation of multiple agronomic features. Performance tests demonstrated that the device achieved a good SNR (>120 dB) and accurate radiometric response (relative error < 7%). Growth monitoring experiments for rice and wheat validated the prediction models for AGB and LAI and achieved determination coefficients (R²) greater than 0.7, indicating that the models had good prediction accuracy. In summary, this research provides a foundational tool for monitoring crop organs and canopies, with potential applications in advancing agricultural production efficiency.





Data availability statement

The original contributions presented in the study are included in the article/Supplementary Material. Further inquiries can be directed to the corresponding authors.





Author contributions

YW: Data curation, Investigation, Methodology, Software, Validation, Writing – original draft, Writing – review & editing. JA: Data curation, Investigation, Methodology, Validation, Writing – original draft, Writing – review & editing. JSW: Conceptualization, Data curation, Methodology, Writing – original draft, Writing – review & editing. MS: Investigation, Methodology, Writing – original draft, Writing – review & editing. JCW: Data curation, Investigation, Writing – original draft, Writing – review & editing. XY: Formal analysis, Investigation, Methodology, Supervision, Writing – original draft, Writing – review & editing. XZ: Investigation, Methodology, Supervision, Writing – original draft, Writing – review & editing. CJ: Formal analysis, Investigation, Methodology, Writing – original draft, Writing – review & editing. YT: Formal analysis, Investigation, Methodology, Writing – original draft, Writing – review & editing. WC: Formal analysis, Investigation, Methodology, Writing – original draft, Writing – review & editing. DZ: Formal analysis, Investigation, Methodology, Writing – original draft, Writing – review & editing. YZ: Data curation, Funding acquisition, Investigation, Project administration, Resources, Writing – original draft, Writing – review & editing.





Funding

The author(s) declare financial support was received for the research, authorship, and/or publication of this article. The work was supported by the National Key Research and Development Program of China (Grant No. 2021YFD2000101).




Acknowledgments

We would like to thank all the researchers in the Intelligent Equipment Research Group of the National Engineering and Technology Center for Information Agriculture and all of the foundations that supported this research.





Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.





Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fpls.2024.1416221/full#supplementary-material




References

 Berger, K., Machwitz, M., Kycko, M., Kefauver, S. C., Van Wittenberghe, S., Gerhards, M., et al. (2022). Multi-sensor spectral synergies for crop stress detection and monitoring in the optical domain: A review. Remote Sens. Environ. 280, 113198. doi: 10.1016/j.rse.2022.113198

 Candiago, S., Remondino, F., De Giglio, M., Dubbini, M., and Gattelli, M. (2015). Evaluating multispectral images and vegetation indices for precision farming applications from UAV images. Remote Sens. 7, 4026–4047. doi: 10.3390/rs70404026

 Cao, Q., Miao, Y., Wang, H., Huang, S., Cheng, S., Khosla, R., et al. (2013). Non-destructive estimation of rice plant nitrogen status with Crop Circle multispectral active canopy sensor. Field Crops Res. 154, 133–144. doi: 10.1016/j.fcr.2013.08.005

 Feng, W., Zhu, Y., Yao, X., Tian, Y. C., and Cao, W. X. (2009). Monitoring leaf dry weight and leaf area index in wheat with hyperspectral remote sensing. Chin. J. Plant Ecol. 33, 34.

 Fitzgerald, G. J., Rodriguez, D., Christensen, L. K., Belford, R., Sadras, V. O., and Clarke, T. R. (2006). Spectral and thermal sensing for nitrogen and water status in rainfed and irrigated wheat environments. Precis. Agric. 7, 233–248. doi: 10.1007/s11119-006-9011-z

 Gitelson, A. A., Kaufman, Y. J., and Merzlyak, M. N. (1996). Use of a green channel in remote sensing of global vegetation from EOS-MODIS. Remote Sens. Environ. 58, 289–298. doi: 10.1016/S0034-4257(96)00072-7

 Gong, M., Zhao, S., Jiao, L., Tian, D., and Wang, S. (2013). A novel coarse-to-fine scheme for automatic image registration based on SIFT and mutual information. IEEE Trans. Geosci. Remote Sens. 52, 4328–4338. doi: 10.1109/TGRS.2013.2281391

 Jia, M., Li, W., Wang, K., Zhou, C., Cheng, T., Tian, Y., et al. (2019). A newly developed method to extract the optimal hyperspectral feature for monitoring leaf biomass in wheat. Comput. Electron. Agric. 165, 104942. doi: 10.1016/j.compag.2019.104942

 Karthikeyan, L., Chawla, I., and Mishra, A. K. (2020). A review of remote sensing applications in agriculture for food security: Crop growth and yield, irrigation, and crop losses. J. Hydrology 586, 124905. doi: 10.1016/j.jhydrol.2020.124905

 Keys, R. (1981). Cubic convolution interpolation for digital image processing. IEEE Trans. acoustics speech Signal Process. 29, 1153–1160. doi: 10.1109/TASSP.1981.1163711

 Kim, S., Hong, S. H., Kim, J. H., Oh, M. K., Eom, T. J., Park, Y. H., et al. (2023). Early on–site detection of strawberry anthracnose using portable Raman spectroscopy. Spectrochimica Acta Part A: Mol. Biomolecular Spectrosc. 303, 123150. doi: 10.1016/j.saa.2023.123150

 Li, D., Chen, J. M., Yu, W., Zheng, H., Yao, X., Cao, W., et al. (2022). Assessing a soil-removed semi-empirical model for estimating leaf chlorophyll content. Remote Sens. Environ. 282, 113284. doi: 10.1016/j.rse.2022.113284

 Li, X., Li, Y., Fu, D., and Feng, Y. (2023). Design of all-sky airglow imaging spectrometers in the middle and upper atmosphere. Optik 287, 171087. doi: 10.1016/j.ijleo.2023.171087

 Lowe, D. G. (2004). Distinctive image features from scale-invariant keypoints. Int. J. Comput. Vision 60, 91–110. doi: 10.1023/B:VISI.0000029664.99615.94

 Lu, J., Eitel, J. U., Engels, M., Zhu, J., Ma, Y., Liao, F., et al. (2021). Improving Unmanned Aerial Vehicle (UAV) remote sensing of rice plant potassium accumulation by fusing spectral and textural information. Int. J. Appl. Earth Observation Geoinformation 104, 102592. doi: 10.1016/j.jag.2021.102592

 Luo, W., Li, R., Shen, F., and Liu, J. (2023). HY-1C/D CZI image atmospheric correction and quantifying suspended particulate matter. Remote Sens. 15, 386. doi: 10.3390/rs15020386

 Ma, W., Wen, Z., Wu, Y., Jiao, L., Gong, M., Zheng, Y., et al. (2016). Remote sensing image registration with modified SIFT and enhanced feature matching. IEEE Geosci. Remote Sens. Lett. 14, 3–7. doi: 10.1109/LGRS.2016.2600858

 Ni, J., Zhang, J., Wu, R., Pang, F., and Zhu, Y. (2018). Development of an apparatus for crop-growth monitoring and diagnosis. Sensors 18, 3129. doi: 10.3390/s18093129

 Pallottino, F., Antonucci, F., Costa, C., Bisaglia, C., Figorilli, S., and Menesatti, P. (2019). Optoelectronic proximal sensing vehicle-mounted technologies in precision agriculture: A review. Comput. Electron. Agric. 162, 859–873. doi: 10.1016/j.compag.2019.05.034

 Pearson, R. L., and Miller, L. D. (1972). Remote mapping of standing crop biomass for estimation of the productivity of the shortgrass prairie (Colorado: Pawnee National Grasslands).

 Shao, M., Nie, C., Zhang, A., Shi, L., Zha, Y., Xu, H., et al. (2023). Quantifying effect of maize tassels on LAI estimation based on multispectral imagery and machine learning methods. Comput. Electron. Agric. 211, 108029. doi: 10.1016/j.compag.2023.108029

 Steven, M. D. (1998). The sensitivity of the OSAVI vegetation index to observational parameters. Remote Sens. Environ. 63, 49–60. doi: 10.1016/S0034-4257(97)00114-4

 Sun, D., Xu, Y., and Cen, H. (2022). Optical sensors: deciphering plant phenomics in breeding factories. Trends Plant Sci. 27, 209–210. doi: 10.1016/j.tplants.2021.06.012

 Tang, W., Wang, N., Zhao, R., Li, M., Sun, H., An, L., et al. (2022). Chlorophyll detector development based on snapshot-mosaic multispectral image sensing and field wheat canopy processing. Comput. Electron. Agric. 197, 106999. doi: 10.1016/j.compag.2022.106999

 Wang, L., Duan, Y., Zhang, L., Wang, J., Li, Y., and Jin, J. (2020a). LeafScope: A portable high-resolution multispectral imager for in vivo imaging soybean leaf. Sensors 20, 2194. doi: 10.3390/s20082194

 Wang, L., Jin, J., Song, Z., Wang, J., Zhang, L., Rehman, T. U., et al. (2020b). LeafSpec: An accurate and portable hyperspectral corn leaf imager. Comput. Electron. Agric. 169, 105209. doi: 10.1016/j.compag.2019.105209

 Wang, W., Yao, X., Yao, X., Tian, Y., Liu, X., Ni, J., et al. (2012). Estimating leaf nitrogen concentration with three-band vegetation indices in rice and wheat. Field Crops Res. 129, 90–98. doi: 10.1016/j.fcr.2012.01.014

 Xuan, G., Li, Q., Shao, Y., and Shi, Y. (2022). Early diagnosis and pathogenesis monitoring of wheat powdery mildew caused by blumeria graminis using hyperspectral imaging. Comput. Electron. Agric. 197, 106921. doi: 10.1016/j.compag.2022.106921

 Xue, L. H., Cao, W. X., Luo, W. H., Jiang, D., Meng, Y. L., and Zhu, Y. (2003). Diagnosis of nitrogen status in rice leaves with canopy spectral reflectance. Agric. Sci. IN China 2, 250–257. doi: 10.2134/agronj2004.1350

 Yao, L., Wu, R., Wu, S., Jiang, X., Zhu, Y., Cao, W., et al. (2020). Design and testing of an active light source apparatus for crop growth monitoring and diagnosis. IEEE Access 8, 206474–206490. doi: 10.1109/Access.6287639

 Yao, X., Si, H., Cheng, T., Jia, M., Chen, Q., Tian, Y., et al. (2018). Hyperspectral estimation of canopy leaf biomass phenotype per ground area using a continuous wavelet analysis in wheat. Front. Plant Sci. 9, 1360. doi: 10.3389/fpls.2018.01360

 Yao, X., Yao, X., Tian, Y., Ni, J., Liu, X., Cao, W., et al. (2013). A new method to determine central wavelength and optimal bandwidth for predicting plant nitrogen uptake in winter wheat. J. Integr. Agric. 12, 788–802. doi: 10.1016/S2095-3119(13)60300-7

 Yuan, H., Yang, J., Jiang, X., Zhu, Y., Cao, W., and Ni, J. (2022). Design and testing of a crop growth sensor aboard a fixed-wing unmanned aerial vehicle. Comput. Electron. Agric. 194, 106762. doi: 10.1016/j.compag.2022.106762

 Zaunseder, S., Vehkaoja, A., Fleischhauer, V., and Antink, C. H. (2022). Signal-to-noise ratio is more important than sampling rate in beat-to-beat interval estimation from optical sensors. Biomed. Signal Process. Control 74, 103538. doi: 10.1016/j.bspc.2022.103538

 Zhou, K., Cheng, T., Zhu, Y., Cao, W., Ustin, S. L., Zheng, H., et al. (2018). Assessing the impact of spatial resolution on the estimation of leaf nitrogen concentration over the full season of paddy rice using near-surface imaging spectroscopy data. Front. Plant Sci. 9, 339821. doi: 10.3389/fpls.2018.00964

 Zhu, Y., Tian, Y., Yao, X., Liu, X., and Cao, W. (2007a). Analysis of common canopy reflectance spectra for indicating leaf nitrogen concentrations in wheat and rice. Plant production Sci. 10, 400–411. doi: 10.1626/pps.10.400

 Zhu, Y., Zhou, D., Yao, X., Tian, Y., and Cao, W. (2007b). Quantitative relationships of leaf nitrogen status to canopy spectral reflectance in rice. Aust. J. Agric. Res. 58, 1077–1085. doi: 10.1071/AR06413

 Zou, C., Qin, D., Gao, J., and Chen, F. (20012001). Application TeChinaology of N fertilizer on rice II. The index of diagnosing nitrogen nutrition in rice leaf. J. Hunan Agric. Univ. (Natural Sciences) 27, 29–31. (in Chinese with English abstract).




Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.


Copyright © 2024 Wang, An, Wu, Shao, Wang, Yao, Zhang, Jiang, Tian, Cao, Zhou and Zhu. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fpls-15-1416221-g006.jpg
34°0'0"N

32°0'0"N

118°0'0"E
—1

i
.

end

120°0'0"

izhao

E

NO

I

122°0'0"E

34°0'0"N

32°0'0"N

l\'lDISIJ I\'ln&]

ViD2Sy I\stl

]\'msl” 2 ]

VIDISS rvln:

[\'ID)SII I\'ID}SJ]

st |V’2DIS}

1\'!0!5." l\’lDlSi]

l\*mm ] [\-unsnl

nm] I\'xm |

[v:m ] [ Va2 ]

vmml [\'nn |

o ]

VIDIS1| |VaDis:

lvuus:] l\‘lmsi]

vapas1 ] |\'nnsa |

VIDIS] | [ViDas:

VID2ss | l\’nu\l

VD21

Vap2s1 I\’:Dm 2l






OEBPS/Images/im19.jpg





OEBPS/Images/M6.jpg
©





OEBPS/Images/im7.jpg





OEBPS/Images/im10.jpg





OEBPS/Images/im27.jpg





OEBPS/Images/fpls-15-1416221-g013.jpg
AGB (tha™)

AGB (t ha)

ok
=

—
[\®)

a—y
(=]

oo

=)

14

(-
(\®)

[—y
o)

o

=)

y=0.069¢>>"
R*=0.70
RMSE=1.611
N=101

R>=(.72
RMSE=1.711
N=133

0.8

0.8

0.9

0.9

y=13.976x"*%®
R*=0.70
RMSE=1.051
N=101

R?>=0.76
RMSE=0.773
N=133

0.8






OEBPS/Images/fpls-15-1416221-g005.jpg





OEBPS/Images/im18.jpg
SRF(I)





OEBPS/Images/im8.jpg





OEBPS/Images/M5.jpg
(hd(1)
ROSREDA() &
| swran





OEBPS/Images/fpls-15-1416221-g014.jpg
R*=0.78
RMSE=1.404
N=25

10

=) oo

Estimated AGB (t ha™)
=

0 2 4 6 8 10
Measured AGB (t ha™!)

Estimated AGB(t ha™)

0 2 4 6 8 10 12
Measured AGB(t ha™)

Estimated LAI

Estimated LAI

R*=0.70
RMSE=1.287
N=25

RMSE=0.861

Measured LAI

Measured LAI





OEBPS/Images/im26.jpg
Vi





OEBPS/Images/im9.jpg





OEBPS/Images/im17.jpg





OEBPS/Images/M4.jpg
D, -Dy
D, -Dy

@






OEBPS/Images/fpls-15-1416221-g008.jpg





OEBPS/Images/fpls-15-1416221-g011.jpg
168

A B
140
164
135+
= 160 I
2
% 130+ |
n 156
125} 152
120 " " " " " " 148 " " n " L
0 100 200 300 400 500 600 0 100 200 300 400 500 600
Column number
—B—aspat —A—aspas —O—aspas —PDasnar C 7 B—a1 —A—A3 —O—as —D—a7 D
12 EF - pswicas-Ar A psMicGs-a3” O psMICGSAsT B pSMICGS-AT O—A2 —F—A4 —F—a6 —S—as
o aspar —Faspas —Saspas —O—aspas 6
PSMICGS-A2 V T PSMICGS-Ad™ q PSMICGS-A6" 0 © PSMICGS-AS
D
B
& <
2 54
8 =
g <
g £
& k|
g2
1
T
0.0
450 500 550 600 650 700 750 800 850 450 500 550 600 650 700 750 800 850

Wavelength (nm)

Wavelength (nm)





OEBPS/Images/im21.jpg
NIR-R
]






OEBPS/Images/table2.jpg
Theoretical central Actual central

Gl wavelength (nm) wavelength (nm) Akl A Reviatioplom)
BL 458 457.60 14.12 | 040
B2 487 » 486.63 ‘ 12.71 -0.37
B3 527 527.41 16.15 0.41
‘ B4 558 558.49 16.82 ‘ 0.49
B5 644 644.43 14.12 0.43
B6 716 71591 13.80 -0.09
B7 737 736.74 1294 -0.26

B8 813 812.68 16.61 -0.32






OEBPS/Images/im16.jpg





OEBPS/Images/M3.jpg
®





OEBPS/Images/fpls-15-1416221-g007.jpg





OEBPS/Images/im1.jpg
(x )





OEBPS/Images/im15.jpg





OEBPS/Images/im20.jpg
- ]





OEBPS/Images/fpls-15-1416221-g012.jpg
0.834

RESAVI 0.757

- 0.742
OSAVI 0.552
RVI 0.636 ot
NDRE( 0.604 0.614 0.805 0.559
NDVI 0.636

0.468

GNDVIEE).76 0.654 0.807

0.376

AGB(Rice) LAI(Rice) AGB(Wheat) LAI(Wheat)





OEBPS/Images/table1.jpg
Vi Name Formulation Reference
GNDVI Green norma..lizec.i difference NIR -G (Gitelson
vegetation index NIR+ G et al., 1996)
N Normalized difference NIR - R (Candiago
vegetation index NIR + R et al., 2015)
NDRE Normalized difference NIR - RE (Fitzgerald
red-edge NIR + RE et al., 2006)
P d
RVI Ratio vegetation index NIR ( .earson b
R Miller, 1972)
Optimizati il-adjusted
OSAVI ptimiza 10{1 so. aduste NIR-R (Steven, 1998)
vegetation index NIR+R+0.16
RESAVI Red edge .soil .adjusted 1.5«(NIR — RE) (Cao
vegetation index NIR+ RE + 0.5 et al., 2013)






OEBPS/Images/im28.jpg
Vi





OEBPS/Images/fpls-15-1416221-g001.jpg
100

80

2

Transmittance (%)
5
=

[~
S

Detectoﬂl

i

450 500 550 600
Wavelength (nm)

100

B| 716 |644 | 716 | 644 | 716
nm nm nm nm

644 nm

716 nm

. - e
nm | nm | nm 813 nm

Y
S

Switch button
Capture button

Transmittance (%)
&
=

Touch Screen Auxiliary camera

[
S

Housing Lens

600 650 700 750 800 850 900
‘Wavelength (nm)





OEBPS/Images/im23.jpg





OEBPS/Images/im2.jpg
&'')





OEBPS/Images/M2.jpg
@
SNR(2) =






OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Design and implementation of a portable snapshot multispectral imaging crop-growth sensor

      

        		

          1 Introduction

        



        		

          2 Materials and methods

        

          		

            2.1 Design of the PSMICGS for wide band integrated co-optical path imaging

          

            		

              2.1.1 Selection of crop growth-sensitive spectral bands

            



            		

              2.1.2 Design of the PSMICGS control system

            



          



          



          		

            2.2 Research on spectral image processing methods of the PSMICGS

          



          		

            2.3 Research on calibration methods for the PSMICGS

          

            		

              2.3.1 Spectral calibration of the PSMICGS

            



            		

              2.3.2 Radiometric calibration of the PSMICGS

            



          



          



          		

            2.4 Design of the performance test experiment based on the PSMICGS

          

            		

              2.4.1 Signal-to-noise ratio testing experiment

            



            		

              2.4.2 Radiometric response accuracy testing experiment

            



          



          



          		

            2.5 Rice and wheat growth monitoring experiment based on the PSMICGS

          

            		

              2.5.1 Experimental design

            



            		

              2.5.2 Test equipment and methods

            



            		

              2.5.3 Multispectral image processing and VI selection

            



            		

              2.5.4 Modeling methods and validation

            



          



          



        



        



        		

          3 Results and discussion

        

          		

            3.1 Analysis of the spectral image processing results based on the PSMICGS

          



          		

            3.2 Analysis of calibration results of the PSMICGS

          

            		

              3.2.1 Analysis of the spectral calibration results of the PSMICGS

            



            		

              3.2.2 Analysis of the radiometric calibration results of the PSMICGS

            



          



          



          		

            3.3 Analysis of the performance test results for the PSMICGS

          



          		

            3.4 Rice and wheat growth monitoring experiment based on the PSMICGS

          

            		

              3.4.1 Sample set division

            



            		

              3.4.2 Relationship between AGB and LAI of rice and wheat and VI

            



            		

              3.4.3 Construction of AGB and LAI monitoring model for rice and wheat based on the PSMICGS

            



            		

              3.4.4 Validation of the AGB and LAI monitoring model for rice and wheat based on the PSMICGS

            



          



          



        



        



        		

          4 Discussion

        



        		

          5 Conclusion

        



        		

          Data availability statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Acknowledgments

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          References

        



      



      



    



  



OEBPS/Images/im14.jpg





OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/table3.jpg
Rice

Wheat

icators Sample number Min Max Mean SD
Modeled dataset
AGB (t/ha) 101 1.5653 147338 4.8396 23937
LAI 101 0.1322 111145 1.5569 1.6120
Validated dataset
AGB (t/ha) 25 2.0464 8.6708 42401 1.6492
LAI 25 02226 44175 1.0977 09701
Modeled dataset
AGB (t/ha) 133 03730 12.1556 4.7960 28263
LAI 133 04220 7.9354 2.9261 13127
Validated dataset
AGB (t/ha) 57 03784 119300 42322 22259
LAI 57 2.7605 1.3502

0.4568 6.5178






OEBPS/Images/im3.jpg
D(A)





OEBPS/Images/fpls-15-1416221-g002.jpg
A Start

= Processing of cro
il

multispectral image

Press the auto exposure butto
h Radiometric correction of

Correct crop multispectral images
Exposure?

Yes

i i
Save exposure times multispectral images

Press the dark background
capture button Interpretation, display and

preservation of agronomic
parameters of crop growth

Camera parameter Acquisition Information
setting area control area prompt area

OMEELTEI TS

Acquire dark background
data and save

Press the calibration board
capture button

Acquire the calibration
board data and save
Press the image capture button

Crop multispectral
image acquisition
complete?

Single-band image Analysis results
display area display area






OEBPS/Images/logo.jpg
, frontiers ‘ Frontiers in Plant Science





OEBPS/Images/fpls-15-1416221-g009.jpg
DN

1000

800

600

400

200

400

1000

800

600

400

200

900

400

500

600 700
Wavelength/nm

800

900

1000

800

600

400

200

400

500

900





OEBPS/Images/M1.jpg
[0





OEBPS/Images/fpls-15-1416221-g010.jpg
(1) y=7354x-4.31 R?=0.9997
(2) y=5491x-3.52 R*=0.9991
(3) y=3998x-5.80 R?=0.9998
700 | (4) y=3258x-4.69 R*=0.9992
(5) y=2402x-7.24 R*=0.9990
600 L (6) y=2086x-10.46 R*=0.9998
(7) y=2067x-9.36 R*=0.9996
(8) y=2043x-5.25 R?=0.9998

800

Z 500
400

300

(1) y=9607x+97.99 R?>=0.9963
800 [ (2) y=7254x+99.82 R?=(.9999
(3) y=5543x+112.38 R?>=0.9971
(4) y=4625x+110.21 R’>=0.9993
700 [ (5) y=3406x+109.54 R>=0.9980
(6) y=2924x+119.66 R?>=0.9992
(7) y=2795x+133.03 R>=0.9965
600 - (8) y=2839x+136.59 R*=0.9989

DN

500

400

300

0.04 0.08

0.20 0.25

0.12 0.16

(1) y=8522x-42.34 R*=0.9964
700 | (2) y=6256x-31.53 R*=0.9996
(3) y=4688x-51.43 R*=0.9963
(4) y=3702x-39.29 R?=0.9988
(5) y=2894x-58.24 R*=0.9978
(6) y=2428x-43.18 R*=0.9988
(7) y=2464x-65.12 R*=0.9977
(8) y=2458x-59.78 R?=0.9989

600

500 &
Q

400

300

0.30 0.35 0.05 0.10 0.15 0.20 0.25 0.30

Radiance (W/sr/m>/nm)

(1) y=18666x+0.25 R?>=0.9991
1200 [(2) y=14711x-14.24 R*=0.9999
(3) y=10787x-15.07 R?=0.9988
(4) y=8990x-18.84 R?=0.9994
1000 L(5) y=6302x-12.78 R*=0.9998
(6) y=5477x-12.87 R*=0.9997
(7) y=5396x-14.45 R*=0.9987
(8) y=5358x-11.08 R?=0.9994

800

600

400

0.20 0.04 0.08 0.12 0.16 0.20

Radiance (W/sr/m*/nm)





OEBPS/Images/im22.jpg
]





OEBPS/Images/im13.jpg
R.(b;)





OEBPS/Images/im4.jpg





OEBPS/Images/fpls.2024.1416221_cover.jpg
& frontiers | Frontiers in Plant Science

Design and implementation of a portable
snapshot multispectral imaging crop-growth
sensor





OEBPS/Images/fpls-15-1416221-g004.jpg
Integrating sphere Monochromator Light source

|






OEBPS/Images/im5.jpg





OEBPS/Images/im25.jpg
LSH(NIR-RE)
RS





OEBPS/Images/M8.jpg
®





OEBPS/Images/im12.jpg





OEBPS/Images/im24.jpg
NIR-R
g





OEBPS/Images/fpls-15-1416221-g003.jpg
Halogen lamp Checkerboard i

Front-mounted
Imaging system

Com pllter /

Tripod






OEBPS/Images/im6.jpg





OEBPS/Images/im11.jpg





OEBPS/Images/M7.jpg
@





