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Abstract 
Faba bean is a vital legume crop, and its early yield estimation can improve field management 
practices. In this study, unmanned aerial system (UAS) hyperspectral imagery was used for the 
first time to estimate faba bean yield early. Different basic algorithms, including random forest 
(RF), support vector machine (SVM), k-nearest neighbor (KNN), partial least squares regression 
(PLS), and eXtreme Gradient Boosting (XGB), were employed along with stacking ensemble 
learning to construct the faba bean yield model and investigate factors influencing model accuracy. 
The results are as follows: when using the same algorithm and growth period, integrating texture 
information into the model improved the estimation accuracy compared to using spectral 
information alone. Among the base models, the XGB model performed the best in the context of 
growth period consistency. Moreover, the stacking ensemble significantly improved model 
accuracy, yielding satisfactory results, with the highest model accuracy (R2) reaching 0.76. Model 
accuracy varied significantly for models based on different growth periods using the same 
algorithm. The accuracy of the model gradually improved during a single growth period, but the 
rate of improvement decreased over time. Data fusion of growth period data helped enhance 
model accuracy in most cases. In conclusion, combining UAS-based hyperspectral data with 
ensemble learning for early yield estimation of faba beans is feasible, therefore, this study would 
offer a novel approach to predict faba bean yield. 
Keywords: remote sensing, hyperspectral images, stacking ensemble, UAS 

 

1 Introduction 

Faba bean is a highly nutritious and economically valuable crop of exceptional quality that is 
extensively cultivated in Eurasia. Yield serves as a crucial indicator of plant phenomics and 
represents the ultimate goal of breeding. Accurate, efficient, and timely yield estimation can 
significantly enhance the sustainability of the industry and provide growers with essential 
information regarding fertilizer application, irrigation, pesticide use, and more [1-3]. Currently, 
two main traditional methods are employed for yield assessment: one relies on accumulated years 
of experience combined with a general forecast of the current year's weather, whereas the other 
involves yield estimation based on field data surveys requiring substantial human and material 
resources [4]. The former demands an exceedingly high level of expertise from researchers, and 
factors such as weather and soil environment variations also lead to fluctuations in assessment 
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accuracy. The latter is time-consuming, labor-intensive, and often results in irreversible crop 
damage due to human and mechanical interventions, making it impractical for large-scale crops 
[3]. 

In recent times, spectroscopy has emerged as a pivotal technology, focusing on the generation 
of spectra from various substances and their interactions. Researchers in agriculture have adapted 
this technology to create a new discipline known as agricultural spectroscopy, quantifying 
phenotypic characteristics through the interaction between spectra and plants [5-6]. With the 
advent of remote sensing technology, especially through unmanned aerial systems equipped with 
spectral imaging capabilities, an increasing number of researchers are investigating the collection 
of phenotypic characteristics of crops. These studies encompass crop phenotype estimation 
through remote sensing models [7], water and fertilizer management [8-9], and environmental 
stress [10-11], all yielding promising results. For instance, Li et al. [7] fused light detection and 
ranging (LiDAR) image data and multispectral data to construct a machine learning model that 
accurately predicted (R2 = 0.891) wheat yields two months before harvest. In another study, 
hyperspectral imaging was utilized to establish a nitrogen content estimation model based on the 
partial least squares regression algorithm, achieving an estimation accuracy of 0.85 [12]. These 
findings demonstrate the potential of remote sensing-based models for applications in agricultural 
production. Sensors commonly used for spectral data acquisition are RGB [13], multispectral [14], 
and thermal infrared [15]. However, hyperspectral sensors offer a significant advantage, as they 
cover numerous continuous wavelength bands, providing detailed spectral information to quantify 
the biochemical and physical characteristics of crops [16-17]. Additionally, the application of 
second- or multiple-order derivatives can reveal hidden information related to crop growth [5]. 
Although researchers have demonstrated the utility of hyperspectral imaging in the study of crop 
phenotypes [18-19], limited research has been conducted on the phenotypic characteristics of faba 
bean. Moreover, some studies have integrated spectral features with texture features to construct 
models, achieving improved estimation performance [20]. Building upon these studies, we 
employed machine learning algorithms to create a yield estimation model for faba bean, utilizing 
canopy spectral features and texture features as inputs. 

Commonly used machine learning algorithms include random forest (RF) [14,21], support 
vector machine (SVM) [22], k-nearest neighbor (KNN) [23], partial least squares regression (PLS) 
[24], and eXtreme Gradient Boosting (XGB) [25]. These algorithms have been successfully 
applied in studies on crop phenotypes, including yield [14], biomass [26], chlorophyll content [24], 
and leaf area index [27]. While these studies have demonstrated promising results, each individual 
model has some drawbacks: RF may overfit noisy classification or regression problems, SVM can 
be challenging to implement with large training samples, and KNN exhibits low estimation 
accuracy for rare categories when the sample sizes are unbalanced [28-29]. 

In light of selecting early faba bean canopy spectra and texture features as inputs, we 
employed stacking ensemble learning to construct crop estimation models. This approach 
addresses the limitations of standalone machine learning models and can enhance the accuracy of 
model estimation [29-31]. Ensemble learning has been shown to improve the generalization ability 
of models by combining the strengths of different models in previous studies, effectively 
mitigating the risk of overfitting through cross-validation during model construction [29,31-32]. 
However, to the best of our knowledge, the stacking ensemble approach has rarely been applied to 
faba bean yield estimation. 



Based on the aforementioned considerations, this study has three main objectives: (1) to 
evaluate the potential of hyperspectral imagery-based and ensemble learning in faba bean yield 
estimation; (2) to explore the impact of continuous period data fusion on estimation model 
accuracy; and (3) to investigate the effect of spectral features and structural features on model 
estimation accuracy. 

2 Materials and Methods 

2.1 Experimental design 

The experiment was conducted at the Xinxiang Research Site of the Chinese Academy of 
Agricultural Sciences (113°45' 40" E, 35°8' 11" N, Figure 1) from November 17, 2021, to June 10, 
2022. The region has a warm temperate continental monsoon climate, with hot and rainy summers, 
cold and dry winters, and rain-heat extremes. 

 

Figure 1. Specific location of field experiments 

In this study, 48 faba bean varieties were selected for three replicated experimental groups. A 
total of 144 experimental plots were planted, following a completely randomized group design 
(Figure 1). Each plot measured 3.33 m in length and 3 m in width, with a total area of 10 m2. 
Within each experimental plot, 10 rows were planted, each containing 25 faba bean seeds. Field 
management practices, including weeding and irrigation, were performed according to the routine 
practices of local farmers. Additionally, to enhance the accuracy of subsequent image mosaicking, 
a total of 16 ground control points (GCPs) were strategically positioned and evenly distributed 
across the experimental area (Figure 2c). 



 

Figure 2. The experimental field, unmanned aerial systems, and hyperspectral camera.  

Note: (a) the experimental field and UAS; (b) hyperspectral camera; (c) design of the experimental 
field; blue triangles indicate the location of ground control points. 

2.2 UAS platform and flight mission 

A Matrice 600 Pro Hexacopter (DJI, Shenzhen, China) equipped with a UHD185 
hyperspectral imaging spectrometer (Cubert GmbH, Ulm, Germany; Figure 2b) was utilized to 
capture images in 125 spectral bands, spanning from the visible to the near-infrared range 
(450–950 nm). The UHD185 spectrometer offers a spectral resolution of 4 nm, with a 1000 × 
1000 pixel configuration and a focal length of 23 mm [33]. Before the UAS-based hyperspectral 
imaging system operation, the spectrometer was calibrated using an equipped reference plate. For 
accurate data acquisition, clear and windless weather conditions were chosen during midday 
(11:00–14:00). Each flight was planned at an altitude of 30 m, with 85% forward and lateral 
overlap and minimal variation in sunlight intensity. The experimental workflow of this study is 
depicted in Figure 3. 



 

Figure 3. The workflow of this study 

2.3 Data collection 

The UAS-based hyperspectral data were collected on three dates: March 24, 2022 (P1), April 
2, 2022 (P2), and April 11, 2022 (P3). Ground measurements consisted of cropped yield data, 
recorded as the weight of all seeds in the plot at the time of harvest on June 10, 2022, and are 
expressed as t·ha−1 (Table 1). 

Table 1. Statistics of the measured yield 

Date Sample size Max Min Mean SD CV (%) 
10 June 

2022 
144 5.900 0.300 2.893 1.321 45.657 

2.4 Image processing and data extraction 

Raw image data were processed using the following steps: (1) Data preprocessing: Noisy 
photos, such as those taken during take-off, landing, and turning, were removed. Cubert-Pilot 
software was used to fuse each hyperspectral image with its corresponding panchromatic image. 
(2) Image mosaicking: Agisoft PhotoScan software (Agisoft LLC, St. Petersburg, Russia) was 
employed for adding and aligning photos; importing GCP coordinates; generating dense point 
clouds, grids, and textures; changing paths after stitching full-color images; converting to 
hyperspectral image stitching; and creating a digital orthophoto map. 

For data extraction, ENVI 5.3 (Exelis Visual Information Solutions, Inc., Boulder, CO, USA) 
and ArcGIS 10.6 (Environmental Systems Research Institute, Inc., Redlands, CA, USA) were 
utilized. The soil background was eliminated from the stitched spectral images, considering the 
low vegetation canopy cover during the early stages of bean growth, which could significantly 
impact vegetation information. The hyperspectral images were split into single-band images by 
using the “Split to Multiple Single-Band Files” tool in ENVI. Subsequently, these single-band 
images were imported into the ArcGIS "Model Builder" to remove the soil background. The 



average spectral reflectance of all bands for all faba bean plants in each sample plot was then 
determined using ArcGIS. 

Before texture extraction, characteristic bands were selected based on high information 
content, low correlation, and good separability. In this study, a band selection method based on the 
amount of information was employed. The optimal index factor (OIF) was used as the evaluation 
method, which is a multiband combination approach. The OIF formula was executed in PyCharm 
Community Edition 2022.3.3 (Python) to derive the optimal bands. The principle of the OIF is that 
the weaker the correlation between the bands and the larger the standard deviation of the bands, 
the more informative band combination, which implies that the amount of information in a band 
combination is inversely proportional to the correlation coefficient between the wavelengths and 
directly proportional to the standard deviation of the bands. The OIF was calculated [34] as 
follows: 𝑂𝐼𝐹 =  ∑ (𝑆𝑖/ ∑ |𝑅𝑖𝑗|)5𝑗=15𝑗=1                               (1) 

where Si is the standard deviation of the ith band and Rij is the correlation coefficient of the 
two bands. 

After obtaining the optimal band combination, texture calculation and extraction were 
performed in ENVI by creating a texture image by using the “co-occurrence” tool, selecting the 
region of interest, calculating the texture, and exporting the data. 

2.5 Vegetation indices 

The spectral resolution of the UHD185 spectrometer was 4 nm, with a discontinuous band, 
resulting in missing data between bands. To address this problem, the linear difference method 
was employed to numerically estimate the unrecorded bands by interpolating data based on the left 
and right proximity of the points needing interpolation in a one-dimensional data sequence, which 
was calculated as follows [35]: 
 𝑦 =  𝑦0 + (𝑥− 𝑥0)𝑦1−(𝑥− 𝑥0) 𝑦0 𝑥1− 𝑥0                          (2) 

 

where 𝑥0 and 𝑥1 are the wavelengths of the known proximity bands, and 𝑦0 and 𝑦1 are 
the spectral reflectance of the corresponding bands. 

Subsequently, vegetation indices were calculated using the spectral data with reasonable 
compensation. A total of 53 vegetation indices (Additional file: Table S1) were constructed using 
the “hsdar” package [36] in R for the estimation of faba bean yield. 

2.6 Modeling 

2.6.1 Model construction 

For model construction, this study adopted a stacked integration approach comprising primary and 
secondary models [37,38]. The primary model utilized five widely used machine learning methods 
as base learners to train on the dataset, and the results from this primary model were used as input 
to train the secondary models. To ensure model stability, the construction involved both 5-fold 
external cross-validation and 10-fold internal cross-validation. Each machine learning method 
underwent 10 iterations of 5-fold external cross-validation by using the “repeat” function. 
Specifically, the training dataset was randomly divided into five equal sets, of which four were 
used for training and one was used for validation; this process was repeated 10 times, with all data 



serving as training or validation samples. Concurrently, the hyperparameters of each machine 
learning algorithm were screened. This step was repeated 10 times for 10-fold internal 
cross-validation. The training dataset used in the external cross-validation was randomly divided 
into 10 folds, of which nine were used for training and one was used for validation in each data 
partition, and this process was repeated 10 times. For each machine learning algorithm, all 
hyperparameter combinations underwent full 10-fold internal cross-validation, and the 
combination with the best average accuracy was selected for training the external cross-validation 
dataset. Five machine learning models were tested for accuracy on the initial test set, and an 
out-of-sample estimation matrix was constructed for the validation set. After completing the 5-fold 
cross-validation, the mean of the five sets of estimations generated by each model was considered 
the new estimation matrix and further used as a test set for the secondary models. Machine 
learning regression (MLR) was used as a secondary model for dataset training, and 5-fold 
cross-validation, along with the out-of-sample estimation matrices, was used to train the MLR 
model. The specific stacking steps for this ensemble learning approach are illustrated in Figure 4. 

 

Figure 4. The workflow of the stacking ensemble learning model 

2.6.2 Model evaluation 

Two commonly used accuracy statistics, namely, the coefficient of determination (R2) and mean 
absolute error (MAE), were employed for the quantitative assessment of the performance of all 
yield forecasting models. These metrics were calculated as follows: 



𝑅2 = 1 − ∑ (𝑥𝑖 − 𝑦𝑖)2𝑛𝑖=1 / ∑ (𝑥𝑖 − 𝑥̅)2𝑛𝑖=1                    (3) 𝑀𝐴𝐸 =  1𝑛 ∑ (𝑥𝑖 − 𝑦𝑖)𝑛𝑖=1                                   (4) 

where 𝑥𝑖 is the measured yield of faba beans, 𝑦𝑖 indicates the yield estimated by the model, 𝑥̅ indicates the mean of the measured yield, and n represents the total number of tested samples. 

3 Results 

3.1 Phenotypic analysis and selection of feature bands 

3.1.1 Analysis of measured yield data and spectral reflectance 

To ensure data authenticity, crop yield data and spectral data were analyzed. A total of 144 
yield values were measured in the experiment, and the analysis results are presented in Figure 5. 
The skewness of the yield dataset was found to be 0.0562, and the kurtosis was −0.571, indicating 
that the data approximately followed a normal distribution. 

The spectral reflectance of the faba bean canopy, supplemented by the linear interpolation 
algorithm, was illustrated in Figure 6. The results showed significant variations in the spectral 
reflectance of the faba bean canopy across different growth periods and varieties. Nevertheless, 
comparing Figure 6(a), Figure 6(b), and Figure 6(c), it could be observed that the fundamental 
spectral patterns of the crop remained consistent, despite variations in canopy structure due to 
different varieties and growth periods. As the growth period progressed, the spectral reflectance in 
the near-infrared (NIR) band of the faba bean canopy gradually increased, indicating that NIR 
band spectral differences were evident across different growth periods. 

 

Figure 5. Frequency distribution of yield 



 

Figure 6. Spectral reflectance of all samples under different growth periods  

Note: (a), (b), and (c) represent the spectral reflectance of P1, P2, and P3, respectively. 

3.1.2 Selection of the feature bands 

The results of the OIF calculation for screening the feature bands are presented in Table 2. 
These results indicate that the combination of bands 470 nm, 474 nm, 478 nm, 482 nm, and 790 
nm within the P1 hyperspectral image has the highest OIF value of 3.2305; the combination of 
bands 790 nm, 798 nm, 802 nm, 806 nm, and 810 nm within the P2 hyperspectral image has the 
highest OIF value of 0.8953; and the combination of bands 670 nm, 674 nm, 786 nm, 790 nm, and 
794 nm within the P3 hyperspectral image has the highest OIF value of 0.5524. These 
combinations were found to contain the most information among all respective hyperspectral 
image band combinations. Therefore, 470 nm, 474 nm, 478 nm, 482 nm, 670 nm, 674 nm, 790 nm, 
794 nm, 798 nm, 802 nm, 806 nm, and 810 nm were selected as the feature bands for this study. 

Table 2. Top five Optimal Index Factor values 

Order 
P1 P2 P3 

Bands OIF Bands OIF Bands OIF 

1 470,474,478,482,790 3.2305 790,798,802,806,810 0.8953 670,674,790,794,798 0.5524 

2 462,470,474,478,826 3.2304 794,802,806,810,814 0.8951 670,674,786,794,798 0.5523 

3 470,474,482,486,826 3.2304 798,802,806,810,822 0.8950 670,674,786,790,798 0.5521 

4 470,474,478,482,790 3.2303 798,802,806,814,818 0.8950 670,674,790,794,802 0.5520 

5 462,470,474,478,790 3.2303 794,798,802,806,818 0.8948 670,674,782,790,794 0.5517 

3.2 Performance of models for yield estimation 

The faba bean yield estimation models were constructed using different features extracted 



from hyperspectral data and five base learners (RF, SVM, KNN, PLS, and XGB), along with the 
stacking ensemble. The test accuracy statistics of the different models are presented in Table 3. 
Model variables included growth periods, spectral features, texture features, and the algorithms 
used for yield estimation. The results indicate that for the same growth period and algorithm 
(Figure 6), the inclusion of texture information improved model accuracy by compensating for 
missing information in the spectra. For instance, the model fusing texture information based on P1 
and RF exhibited better performance (R2 = 0.548, MAE = 0.694 t·ha−1). Among the base learners, 
the XGB yield model performed best under the same growth period. The stacking ensemble 
approach further improved the model accuracy (Figure 7). Additionally, when the effects of 
different growth periods on model accuracy were compared, it was observed that model accuracy 
improved as the growth periods progressed, with the P3-based model being more accurate than the 
P1- and P2-based models (Figure 8). Furthermore, the fusion of growth periods contributed to the 
enhanced accuracy of the model (Figure 9). 

Table 3. Test accuracy statistics of different models for yield estimation 

Period 
Data 
type 

Metric 
Base learners 

Stacking 
RF SVM KNN PLS XGB 

P1 S R2 0.430 0.386 0.387 0.438 0.501 0.541 

MAE 0.777 0.819 0.828 0.807 0.745 0.709 

P2 S R2 0.591 0.494 0.395 0.577 0.607 0.627 

MAE 0.660 0.723 0.794 0.630 0.642 0.604 

P3 S R2 0.644 0.543 0.456 0.585 0.670 0.705 

MAE 0.583 0.718 0.741 0.622 0.527 0.494 

P1+P2 S R2 0.599 0.559 0.465 0.572 0.624 0.640 

MAE 0.612 0.648 0.732 0.667 0.570 0.572 

P2+P3 S R2 0.690 0.620 0.655 0.672 0.700 0.717 

MAE 0.559 0.631 0.583 0.554 0.526 0.493 

P1 S+T R2 0.548 0.516 0.401 0.497 0.524 0.572 

MAE 0.694 0.640 0.779 0.713 0.718 0.687 

P2 S+T R2 0.705 0.686 0.443 0.601 0.674 0.747 

MAE 0.577 0.582 0.781 0.629 0.619 0.544 

P3 S+T R2 0.710 0.562 0.523 0.580 0.726 0.760 

MAE 0.514 0.570 0.636 0.629 0.501 0.474 

3.3 Effects on model accuracy of spectral and texture information fusion 

Figure 6 illustrates the effects of spectral data and the fusion of spectral and texture data on 
the estimation accuracy of different ML models. For the RF algorithm model, the model with 
fused texture data performed better in P1, with an increase in the R2 value of 0.118 and a decrease 
in the MAE value of 0.083 t·ha−1, than the model based on individual spectral data. Similar results 
were obtained for P2 and P3; the model based on fused texture data performed better, with R2 
values 0.114 and 0.125 higher than those of the model based on individual spectral data in P2 and 
P3, respectively. However, an exception was noted in some ML models. The PLS model 
performed slightly worse in P3 than that based on individual spectral data after fusing texture 
information, with a reduction in model accuracy (R2) of 0.005 and an increase in MAE of 0.007 
t·ha−1. On the other hand, based on stacking ensemble learning, the model accuracy improved for 
all three growth periods (P1, P2, and P3) to a certain extent. For P1, the R2 value of the model 



with fused texture data increased by 0.031 compared with the model based on spectral data, and 
the MAE value of the model with fused texture data decreased by 0.022 t·ha−1 compared with the 
model based on spectral data. P2 and P3 showed similar results to P1, with R2 values 0.114 and 
0.125 higher than the model based on individual spectral data, respectively, and MAE values 
0.114 and 0.125 lower than the model based on individual spectral data. These results confirmed 
that in most cases, the estimation accuracy of the models based on the fusion of spectral and 
texture data was higher than that of the individual spectrum-based models. 

 



Figure 6. Comparison of the estimation accuracies between the spectral data-based model and the 
model based on the fusion of spectral and texture data 

Note: (a) R2 based on P1; (b) MAE based on P1; (c) R2 based on P2; (d) MAE based on P2; (e) R2 
based on P3; (f) MAE based on P3. 

3.4 Selection of optimal ML algorithm for yield estimation 

To explore the effect of different base learners and ensemble learning on model accuracy, 
different models were constructed for yield estimation based on the same growth period and five 
algorithms. The model performance results were shown in Figure 7. In P1, the XGB model (R2 = 
0.501, MAE = 0.807 t·ha−1) performed best among the primary models, with R2 values that were 
0.071, 0.115, 0.114, and 0.063 times higher than those of the RF-, SVM-, KNN-, and PLS-based 
models, respectively, and error percentages that were 4.118%, 9.035%, 10.024%, and 7.683% 
lower than those of the RF-, SVM-, KNN-, and PLS-based models, respectively. Similarly, in 
terms of P2 and P3 (Figure 7b, Figure 7c), the XGB model outperformed the other primary models, 
followed by the RF model, whereas the KNN model showed the lowest performance among the 
primary models. Figure 7 demonstrates that the accuracy of ensemble learning-based models 
improved further compared with that of the best-performing primary model (XGB). The R2 values 
of the ensemble learning-based models improved by 7.984%, 3.295%, and 5.224% compared with 
those of the XGB model in P1, P2, and P3, respectively, and their MAE values decreased by 
4.832%, 5.919%, and 6.262%, respectively. In summary, the XGB model exhibited the best 
performance among the primary models in this study, and stacking ensemble learning contributed 
to improving the accuracy of the yield estimation model. 

 

Figure 7. Effects on model accuracy of different ML algorithms 

Note: (a) P1-based model statistical metrics of accuracy; (b) P2-based model statistical metrics of 
accuracy; (c) P3-based model statistical metrics of accuracy. 

3.5 Effects of different growth periods on model accuracy 



The effect of different growth periods on model accuracy was investigated, and the results 
were presented in Figures 8 and 9. Figure 8 illustrates the impact of different growth periods on 
the yield estimation model accuracy. For the RF algorithm, the accuracy (R2) of the P3-based 
model was 8.968% higher than that of the P2-based model, and the P2-based model's accuracy 
was 37.442% higher than that of the P1-based model. Similar trends were observed for the other 
algorithms, with an increase in accuracy as the growth period advanced. However, it is worth 
noting that the rate of accuracy improvement in most algorithmic models decreased as the growth 
period proceeded. Figure 9 depicts the effect of fusing different growth periods on the yield 
estimation model. For the RF algorithm, the P1+P2-based model outperformed the P1- and 
P2-based models, and the fusion of P2 and P3 also contributed to enhancing the accuracy of the 
original model. The accuracy changes of the models based on other algorithms followed a similar 
pattern to that of the RF model, except for the PLS algorithm. In the case of the PLS algorithm, 
the R2 of the P2-based model was slightly higher than that of the P1+P2-based model, and the 
MAE of the P2-based model was 0.037 t·ha−1 lower than that of the P1+P2-based model. In 
summary, based on the same algorithm, the model accuracy continuously improved with the 
growth periods. Furthermore, the results showed that fusing growth periods generally improved 
the model accuracy in most cases. However, there was a noticeable decrease in the rate of 
accuracy improvement for each model as the growth period progressed. 

 

Figure 8. Effects of different growth periods on model accuracy 



 

Figure 9. Effects of growth period fusion on model accuracy 

Note: (a) R2 of the P1-, P2-, and P1+P2-based models; (b) MAE of the P1-, P2-, and P1+P2-based 
models; (c) R2 of the P2-, P3-, and P2+P3-based models; (d) MAE of the P2-, P3-, and 
P2+P3-based models. 

4 Discussion 

Faba bean is a valuable protein resource, and yield is a crucial phenotypic parameter for its 
evaluation. Early yield estimation can aid in developing accurate field planning, optimizing field 
production, and controlling cost inputs. The application of UAS-based imaging technology has 
proven effective for crop phenotype collection and estimation. Moreover, hyperspectral imagery 
has significantly enriched information content and holds unparalleled potential for impact and 
development compared to previous technologies. However, there has been a lack of studies 
focusing on the application of UAS-based hyperspectral technology to the phenotypic estimation 
of faba bean. In this study, we conducted an exploration of the factors influencing the yield 
estimation model of faba bean based on UAS hyperspectral images using stacking ensemble 
learning. 

4.1 Contribution of texture information to yield estimation model accuracy 

Texture information has been successfully applied in previous studies as structural 
information in crop phenotype estimation. Similar to the results of this study, the fusion of texture 
information and spectral information helped improve the accuracy of yield estimation models. 
This improvement can be attributed to the fact that texture information includes crop details that 
may not be present in spectral information alone [39]. Therefore, the inclusion of texture 



information complements spectral data and leads to enhanced model estimation accuracy [39]. 
However, there was an exception in this study where for P3 and PLS, the model based on the 
fusion of spectral and texture information performed slightly worse than the model based solely on 
spectral data. One possible explanation could be that the PLS algorithm is relatively simple and 
more suitable for small sample datasets, making it more susceptible to overfitting. With increased 
input data, the generalization ability of the PLS model may be reduced [40,41]. Moreover, the PLS 
algorithm is less noise-resistant and may not be well suited for the work of repeated observations 
of remote sensing. The fused texture information might contain more noise or irrelevant 
information, leading to a slight decrease in model estimation accuracy instead. 

4.2 Effects of machine learning algorithms and ensemble learning algorithm on 
the performance of the estimation model 

The results of this study revealed that the XGB model consistently outperformed other 
primary models, followed by the RF model, which aligns with the findings of Kavzoglu and 
Teke’s study [42]. The superiority of XGB can be attributed to several advantages: (1) XGB is 
essentially a gradient boosting algorithm that iteratively trains multiple weak learners to minimize 
the loss function using gradient descent [43]. This iterative approach gradually reduces the 
residuals to better fit the data. (2) XGB provides a range of regularization techniques, such as 
regularization terms and pruning operations, which help prevent overfitting when dealing with 
multiple noises in hyperspectral data [44]. (3) The study involved multiple cross-validations, and 
XGB offers a rich set of parameter tuning options for selecting the best parameter configuration 
through cross-validation [45]. This allows for better tuning of the model to fit the data and 
improve performance. 

Previous studies have typically used individual machine learning algorithms for crop 
phenotype estimation. However, individual ML algorithms have limitations in handling different 
types of data [46]. Issues such as an unsuitable sample size or the inability to handle noisy 
problems can lead to significant variations in model accuracy, which can result in different 
production decisions in the field. Therefore, the need to explore estimation methods with higher 
accuracy arises [14]. In this study, MLR was used as a secondary learner for stacked learning and 
model construction. Consistent with previous research findings, the ensemble model outperformed 
the individual algorithm models under various modeling conditions, demonstrating the feasibility 
and benefits of the ensemble learning approach [14,21,47]. 
4.3 Analysis of the effects of different growth periods on the performance of the 
estimation model 

The ensemble models constructed based on different growth periods generally achieved 
satisfactory results (with some exceptions, such as the relatively poor performance of the KNN 
models). The findings demonstrated that the model estimation accuracy gradually improved as the 
growth period progressed under the same modeling conditions. However, it was observed that the 
rate of accuracy improvement decreased as the growth period progressed, consistent with the 
findings of previous studies and in accordance with crop growth patterns [48,49]. This 
phenomenon can be attributed to the fact that in the early growth period, the correlation between 
crop characteristic data and yield is weak. Additionally, early growth period images may contain 
more noisy or uncertain data, leading to less accurate estimation of crop phenotypes [50,51]. As 
the growth period advances, the learning capacity of the model may reach a saturation point, 
where the model has already learned the relevant features from the available data, and further 



improvement becomes limited, resulting in a gradual decrease in the rate of accuracy 
improvement. 

Growth period data fusion was also explored in this study, and the results indicated that in 
most cases, the accuracy of the model based on fused multi-growth period data was higher than 
that of the model based on a single growth period. This observation can be attributed to the 
interconnectedness and dependence of stages in the growth process. The model benefits from 
contextual information provided by data from multiple growth periods, which enhances its ability 
to accurately estimate crop phenotypes [52]. Additionally, multiple factors and characteristics may 
exist within a single growth period, but without data from other growth periods for comparison, 
the model may not be able to accurately distinguish which characteristics are most influential in 
predicting the target yield [53]. This limitation can be overcome by using data from multiple 
growth periods, allowing the model to utilize information from various features across different 
fertility periods, thereby improving estimation accuracy. The study demonstrates the feasibility of 
constructing models using multiple sources of data, leading to enhanced accuracy in crop yield 
estimation. 
4.4 Limitations and implications 

Before this study, few researchers had explored faba bean phenotypes using hyperspectral 
data and integrated learning methods. Therefore, this study’s construction of a yield estimation 
model using early growth period data based on canopy hyperspectral data and ensemble learning 
methods represents a significant step forward, yielding satisfactory results. These findings indicate 
the feasibility of using canopy hyperspectral data for faba bean yield model construction and early 
yield estimation, paving the way for further applications of hyperspectral imaging in early crop 
yield estimation. 

However, it is essential to acknowledge some limitations in this study. While the early yield 
estimation models performed well, it remains to be investigated whether similar approaches yield 
better results when applied to other phenotypic traits. Future research could explore the fusion of 
data from LiDAR, hyperspectral, IKONOS, and other imaging sources for model construction, 
providing a comprehensive understanding of different crop phenotypes [54,55]. 

5 Conclusions 

In this study, based on hyperspectral images, the effects of texture information, stacking 
ensemble learning and different growth periods on model accuracy were explored separately. The 
results of the study are as follows: 

(1) Effects on the model accuracy of spectral and texture information fusion were explored in 
this study. In most cases, the model accuracy after fusion of texture information exhibited higher 
estimation accuracy than the model based on spectral data individually. 

(2) Under the same modeling context of growth period and spectra, the XGB model 
performed the best among the base models; stacking ensemble learning improved model accuracy 
more significantly, and all ensemble learning-based models had satisfactory accuracy (the values 
of R2 ranged from 0.541 to 0.760). 

(3) The effects of data from different growth periods on model accuracy were explored. In the 
same modeling context with the same algorithm and spectral information, model accuracy 
increased as growth periods progressed, while the increase rate gradually decreased; in most cases, 
fusion of growth period data helped to improve model accuracy. 



This article was the first study to apply hyperspectral image data to a model for phenotype 
estimation of faba bean. This study provides a new idea for the early estimation of faba bean yield 
and provides a reference for faba bean breeding work and other subsequent studies. 
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