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A B S T R A C T

Above-ground biomass (AGB) is a critical phenotype representing crop growth. Non-invasive evaluations of AGB, 
including deep-learning-based red-green-blue (RGB) image analyses, are often specific to the training data. The 
robustness of the estimation model across untrained conditions is essential to monitor crop productivity globally, 
but it has yet to be fully assessed. This study aims to assess the robustness of a convolutional neural network 
(CNN) model for rice AGB estimation across five locations in three countries, and to demonstrate the feasibility of 
robust model via a practical approach. From transplanting to heading, 1957 RGB images were captured vertically 
downward over the rice canopy, covering approximately 1 m2. First, a base model was established using data 
collected from a single location. Then, its robustness was assessed using test datasets taken from the other four 
locations. The CNN model showed a significant variation in estimation accuracy across the untrained four lo
cations, indicating insufficient robustness of the base model. Subsequently, we quantitatively tested the impact of 
improving training data diversity on model robustness by adding data from each of the four locations to the base 
model’s training data. Adding at most 48 data points from a location achieved practical accuracy for the added 
location, with R2

Ad above 0.8. Interestingly, adding data from one location sometimes improved the accuracy for 
other untrained locations as well. These findings suggest that collecting diverse training data for RGB-based 
estimation, combined with evaluation of robustness paves the way for on-site and instant AGB monitoring of rice.

1. Introduction

Crop production is a fundamental part of human society for ensuring 
food security. As the global population continues to grow, the demand 
for crop production increases accordingly [1]. Above-ground biomass 
(AGB), defined as the weight of above-ground dried plants per unit area, 
is one of the critical phenotypes for assessing crop growth. AGB reflects 

the cumulative outcome of complex physiological processes in crops, 
including photosynthesis and nutrient absorption [2], thereby repre
senting crop growth up to a given point. Moreover, AGB after the 
heading stage is closely related to crop yield [3]. Thus, AGB plays a key 
role in monitoring crop growth and predicting crop productivity [4]. 
Rice (Oryza Sativa L.), one of the world’s major food crops [5], exhibits 
significant genetic diversity, and its growth conditions are also 
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incredibly diverse [6]. It is well known that AGB is greatly influenced by 
both genetic and environmental factors [7,8]. Therefore, measuring 
AGB across a wide range of genetic variations and growth conditions is 
crucial for improving crop productivity.

Conventionally, AGB has been measured destructively, requiring 
manual harvesting, drying, and weighing. This process is time- 
consuming and labor-intensive, making extensive AGB measurements 
across varied conditions impractical. Limited access to AGB data has 
been cited as a bottleneck for both genetic improvements for AGB pro
ductivity and the assessment of AGB productivity at field scale under 
varied conditions [9,10]. Consequently, there is a need for a 
high-throughput, robust and user-friendly method to monitor rice AGB 
across diverse varieties and growth conditions.

Numerous studies on AGB estimation have significantly contributed 
to increasing estimation accuracy and expanding the applicable range of 
growth stages. Various sensor types, input data, and regression methods 
have been widely employed for AGB estimation [11,12]. For instance, 
sensors such as RGB, multispectral, and hyperspectral imaging, as well 
as Light Detection and Ranging and Synthetic Aperture Radar, have been 
examined [13–15]. In terms of input data, both raw sensing data, such as 
RGB images, and derived data calculated from sensing data, such as 
vegetation indices, estimated plant height, texture, and 3D point cloud, 
have been shown to be effective for AGB estimation [14,16–19]. Addi
tionally, other data sources, such as meteorological data and phenology 
information, have also been found to contribute to AGB estimation [18,
20]. Regarding regression methods, approaches including linear and 
multiple regression, machine learning techniques such as random forests 
and artificial neural network, as well as deep learning methods like 
convolutional neural network (CNN), have been extensively explored 
[13,17,19,21,22]. However, a robust AGB estimation method that can 
be widely applied across the world remains elusive—in other words, 
establishing a method that is both easy-to-use and robust to diverse 
varieties and growth conditions remains a critical goal in this field.

Robustness of AGB estimation methods, especially their performance 
in conditions not represented in training data, have not been fully 
evaluated in previous studies. While our previous study showed that a 
CNN model trained on genetically diverse rice varieties could accurately 
estimate AGB even for varieties not included in the training process 
[25], robustness to new locations remains uncertain Previous studies 
typically assessed robustness of the model to multiple locations through 
cross-validation using spatially interpolated data from the same loca
tions as training data [19,23,24]. While these methods avoid data 
leakage, they fail to evaluate model performance for spatially extrapo
lated data, which is critical for assessing the model’s robustness to new 
locations.

To address this gap, we evaluated the robustness of a CNN-based 
AGB estimation using data collected from five geographically distinct 
locations in three countries. Because collecting ground‑truth biomass is 
costly and our dataset size is therefore limited, we adopted a CNN, 
whose local‑feature bias allows reliable training with limited data [26]. 
First, we established a base model trained on data from a single location. 
To accurately evaluate the robustness of the CNN model across different 
locations, it was necessary to minimize biases due to varietal differences. 
Therefore, we intentionally selected morphologically diverse rice vari
eties, including near-isogenic lines differing primarily in plant archi
tecture, to establish a base model having robustness to varieties. Then, 
we evaluated its basic performance with test data from the trained 
location and then its robustness using data from four independent lo
cations not included in the training dataset. Subsequently, we incre
mentally added data points from each location to the training dataset. 
We aimed to clarify not only whether accuracy improved at the added 
locations, but also whether adding data from one location could enhance 
estimation accuracy at other unseen locations. Crucially, our study 
quantitatively determines, for the first time, the minimal amount of data 
required from a new location to achieve practical accuracy, providing 
valuable insights for efficient data collection strategies. Our findings 

reveal a promising pathway toward developing truly robust and uni
versally applicable AGB estimation methods.

2. Materials and methods

2.1. Cultivation conditions

Rice was cultivated across five locations, three locations in Japan 
(Kyoto, Tokyo, and Chiba), one location in Côte d’Ivoire and one loca
tion in Madagascar (Supplemental Fig. S1). In Kyoto, rice was cultivated 
in 2021 at the experimental paddy field in the Graduate School of 
Agriculture, Kyoto University, to obtain a training dataset comprising 
morphologically diverse rice varieties for the base model. Seeds were 
sown on April 27th, and seedlings were transplanted on May 20th. Eight 
varieties were cultivated at a density of 22.2 hills m− 2 (15 cm between 
hills, 30 cm between rows). Among eight varieties, a temperate japonica 
variety, Koshihikari was selected as the representative variety in Japan. 
An indica variety, Takanari, was cultivated as a high-yielding variety. 
Two near-isogenic lines with a genetic background of the Takanari; 
Takanari-SD1 and Takanari-tac1 were cultivated. Takanari-SD1 carries a 
functional allele of Semi Dwarf1 (SD1, [27]) derived from Koshihikari, 
which increased height of Takanari. Takanari-tac1 carries a low-function 
allele of Tiller Angle Control 1 (TAC1, [28]) derived from Koshihikari, 
which erected tillers of Takanari. The remaining four varieties, Ma sho, 
Jinguoyin, Co 13, and Khao Nok, were selected from the World Rice 
Core Collection [29] to cover the morphological diversity based on our 
previous research [25]. The intentional selection of these diverse vari
eties, including NILs, aimed to minimize bias due to varietal differences 
affecting estimation accuracy when evaluating the model’s robustness 
across different locations.In Tokyo, cultivation was conducted in 2021 at 
the Field Museum Honmachi, Tokyo University of Agriculture and 
Technology. Koshihikari was sown twice at approximately 40-day in
tervals and transplanted after about two weeks of nursery growth. In 
Chiba, cultivation was conducted in 2022 and 2023 at the Chiba Pre
fectural Agriculture and Forestry Research Center. Koshihikari and two 
other temperate japonica varieties, Fusaotome and Fusakogane, were 
sown in five batches between March 11th and May 20th in 2022, and 
between March 14th and May 19th in 2023, and transplanted after two 
weeks to one month of nursery growth. In Côte d’Ivoire, cultivation took 
place in 2020, 2021, and 2022 at the AfricaRice M’bé Research Station. 
Up to four varieties were cultivated each year, either by transplanting or 
direct seeding. In Madagascar, cultivation was conducted in 2020 and 
2021 on farmers’ fields in Behenjy, Betafo, and Faratsiho which are all 
located in the central highlands. In 2020, three local varieties, and in 
2021, one variety were transplanted. Details on sowing and trans
planting dates, varieties, water management, and total fertilizer at each 
location are provided in Supplemental Table S1.

2.2 Dataset construction

The plot for taking RGB images and measuring corresponding AGB 
was set as approximately 1 m2 (90 cm x 120 cm). The canopy image and 
its corresponding AGB were collected from two weeks after trans
planting up to the heading stage. Images with a 3:4 aspect ratio were 
taken vertically downward from above the canopy. Camera types varied 
by location and year (Supplemental Table S2). In Kyoto, images were 
captured from approximately 3 m above the canopy using a small drone 
(Mavic Mini, DJI, China), allowing efficient capture of a lot of plots. 
Subsequently, the central one-third portion of the image was cropped 
(Supplemental Fig. S2). At other locations, images were captured from 
approximately 90 cm above the canopy using commercially available 
digital cameras or smartphones (Supplemental Fig. S3). After taking 
images, all above-ground parts of the rice plants in the plot were har
vested. The harvested plants were dried in an oven at 80 ◦C for over 48 h, 
and their weight was measured to calculate AGB (t ha− 1).

In Kyoto, the assignment of each plot to a specific dataset was 
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predetermined. To efficiently construct the training dataset, five over
lapping plots were created by shifting each plot by the width of one plant 
(Supplemental Fig. S4). In contrast, the validation and test datasets were 
collected from non-overlapping plots to ensure independent data 
collection. In total, 497 data points were collected, with the training, 
validation, and test datasets allocated in a 5:1:1 ratio. These datasets 
were consistently used in both the base model and additional data 
models.

In other locations, data was collected without overlapping. The data 
were managed separately by location, and all data from each location 
was divided into two parts with different intended uses. The first part, 
comprising 50 data points, was consistently used as the test dataset for 
both the base model and additional data models. The second part con
tains the remaining data and was used as additional data for training and 
validation datasets to improve the robustness of the model. To ensure 
that the test dataset from each location is representative of its corre
sponding location, we used the Kullback-Leibler divergence (KLD) to 
measure the similarity between two probability distributions, denoted 
by P and Q, as follows: 

KLD(P||Q) =
∑

i
Pilog

Pi

Qi
(1) 

In this equation, Pi represents the probability distribution of AGB 
within each part (either the test dataset or the subset of remaining data) 
for a given location and Qi denotes the AGB probability distribution over 
the entire dataset for that location. The data at each location was 
randomly divided 1000 times. For each division, we calculated two KLD 
values: (1) between the test dataset and the entire data from that loca
tion, and (2) between the remaining part and the entire data from that 
location. We then selected the division with the smallest difference be
tween these two KLD values, thus optimizing the similarity of the test 
dataset to the entire dataset at each location.

In total, 1957 data points were collected across the five locations. 
The distribution of the observed AGB in each dataset and overview of 
each dataset are shown in Supplemental Fig. S5 and Table 1, respec
tively. All images were cropped to 1:1 aspect ratio by equally trimming 
the long sides of the image and then resized to 512 × 512 pixels. 
Consequently, the ground sample distance (GSD) for each input image 
was approximately 0.18 cm per pixel. Three types of offline augmen
tation—vertical flipping, horizontal flipping, and brightness adjustment 
by ±0.2—were equally applied to each image in the training dataset 
that increased the total number of images by twelve-fold (Supplemental 
Fig. S6).

2.3 Training of the base model

The model network was adopted from our previous research on rice 
yield estimation (Supplemental Fig. S7, [30]). This network is charac
terized by a significantly smaller number of parameters compared to 
existing networks, such as ResNet [31] and DenseNet [32]. The loss 
function was the root mean square error (RMSE) (Eq. (2)), defined as 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1
(yi − ŷi)

2

√

(2) 

where n is the number of data, yi and ŷi are the estimated and observed 
AGB, respectively. The optimizer was Adam [33], and the number of 
epochs was set to 500. The validation loss was calculated at each epoch. 
The model weights were saved at the lowest validation loss during 
training, with early stopping set at 100 epochs. The learning rate was 
initialized and set to decay progressively throughout training, following 
an exponential decay schedule. A grid search was performed to find the 
optimal initial learning rate and batch size. Learning rates (0.1, 0.01, 
0.001, 0.0001) and batch sizes (16, 32, 64, 128) were tested, each with 
five replications. For each combination, the minimum validation losses 
from the five replications were averaged, and the hyperparameters with 
the lowest average were selected as optimal. Among the five replicate 
models trained under the optimal hyperparameters, the model with the 
lowest validation loss was selected as base model for further evaluation. 
Training and evaluation were conducted using two RTX 3090 GPUs on a 
Linux OS (Ubuntu 18.04). The model was implemented using Python 
3.10.0 (http://www.python.org) and TensorFlow 2.7.0 [34].

2.4. Evaluation of the base model

The performance of the base model was evaluated by inputting im
ages from each dataset. The adjusted coefficient of determination (R2

Ad) 
(Eq. (3)) and relative RMSE (rRMSE) (Eq. (4)) were used as indicators of 
the estimation accuracy. 

R2
Ad = 1 −

((
1 − R2

)
× (n − 1)

n − p − 1

)

(3) 

where R2 is the coefficient of determination before the adjustment. n 
means the number of data, and p indicates the number of explanatory 
variables, respectively. 

rRMSE =
1
y

RMSE (4) 

where y is the average of the observed AGB.
The model’s basic performance was evaluated using the validation 

and test datasets from Kyoto. Subsequently, the robustness of the model 
was assessed with the test datasets from four independent locations.

2.5. Incremental addition of data collected from a new location to the 
training data

We added data from the four locations other than Kyoto to the base 
model’s training and validation datasets. We then trained the model and 
evaluated its robustness (Supplemental Fig. S8). To assess the robustness 
of the newly trained models on untrained locations even after data 
addition, additional data were selected from only one of the four loca
tions other than Kyoto. By varying the location from which the addi
tional data were drawn, four distinct data addition scenarios were 
implemented. The amount of additional data was incrementally 
increased to determine how many data points are needed to achieve 
sufficient accuracy for the new location. For each location, all data 
excluding the test dataset were incrementally added to the training and 
validation dataset in a 5:1 ration. Specifically, data points were added to 
the training dataset in increments of 10 from 10 to 50, and then in in
crements of 50 thereafter. The KLD-based method was also used to 
decide the pattern of division of additional data. To minimize the impact 
of data bias on the result, five different patterns were created to serve as 
replications. The model was trained with each dataset. The same data 
augmentation was applied as described in Section 2.2, "Dataset Con
struction.” The optimal initial learning rate and batch size, identified in 
Section 2.3, "Model training,” were used, while all other training settings 
were kept the same. Finally, after training with each dataset, the models 
were evaluated using the test dataset from Kyoto and other four 
locations.

Table 1 
Overview of the dataset used for this research.

Dataset Location No. of images

Training Kyoto 355
Validation Kyoto 71
Test Kyoto 71
Test and additional data, managed by location Tokyo 110

Chiba 410
Côte d’Ivoire 710
Madagascar 230
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3. Results

The optimal batch size and initial learning rate were explored using a 
grid search. Fig. 1(a) shows the average validation loss from five repli
cations for each combination. The lowest validation loss, 0.378, was 
observed when the batch size was 32 and the initial learning rate was 
0.001. The highest validation loss, 0.897, occurred with a batch size of 
16 and an initial learning rate of 0.1. Under the optimal combination of 
hyperparameters, the model with the lowest validation loss among five 
replications was selected as base model and used for the subsequent 
evaluations. Fig. 1(b) shows the learning curve of the base model. The 
lowest validation loss of 0.342 was recorded at the 250th epoch. The 
early stopping resulted in the training process terminating at the 350th 
epoch.

Fig. 2(a, b) shows the estimation results of the base model for the 
validation and test dataset, respectively. For the validation dataset, R2

Ad 
was 0.98, and rRMSE was 0.10. For the test dataset, R2

Ad was 0.96 and 
rRMSE was 0.17. Supplemental Table S3 and S4 provide variety-wise 
estimation accuracy for the validation and test datasets, respectively. 
In the validation and test datasets, lowest R2

Ad were 0.97 for Ma sho and 
0.93 for Jinguoyin, respectively.

Fig. 3 displays the estimation accuracy of the base model on the test 
dataset for four independent locations. The R2

Ad for Tokyo, Chiba, Côte 
d’Ivoire, and Madagascar were 0.65, 0.57, 0.75, and − 0.37, respec
tively. The rRMSE for the four locations were 0.48, 0.57, 0.45, and 1.27, 
respectively. There was a significant difference in estimation accuracy 
between locations. In Chiba and Madagascar, there was a clear over
estimation when observed AGB was approximately <4 t ha− 1. In Tokyo 
and Chiba, underestimation occurred when observed AGB was approx
imately >6 t ha− 1.

Fig. 4, Supplemental Fig. S9, and Supplemental Table S5 show the 
estimation results for five locations, with data added individually for 
each location. The estimation accuracy for Kyoto (test data) remained 
nearly unchanged compared to before data addition (R2

Ad = 0.96, rRMSE 
= 0.17). In contrast, accuracy improved significantly for locations where 
data were added as the amount of added data increased. Adding at most 
40 data points from a given location to the training dataset achieved an 
R2

Ad above 0.8 for that location, including Madagascar, where estimation 
accuracy was notably lower before data addition (Fig. 4, Supplemental 
Fig. S9). Fig. 5 displays the comparison of estimation accuracy for the 
five locations before and after adding 40 data points from each location. 
Fig. 5 shows that adding 40 data points significantly corrected the un
derestimation observed in Tokyo and Chiba, and the overestimation in 
Chiba and Madagascar, leading to improved estimation accuracy. 
Interestingly, accuracy for some locations also improved even when data 

from other locations were added (Figs. 4, 5). In particular, estimation 
accuracy for Tokyo and Côte d’Ivoire generally improved with the 
addition of data from other locations, finally achieving an R2

Ad above 0.8. 
In contrast, no significant improvement was observed for Chiba and 
Madagascar when data from other locations were added.

4. Discussion

4.1. Establishment of the base model trained on data only from Kyoto

We established the base model trained on data from Kyoto. Through 
the grid search-based optimization, we observed significant differences 
in validation loss across various hyperparameter settings, with a twofold 
difference between the lowest and highest losses (Fig. 1(a)). Further
more, the base model’s accuracy on validation and test datasets was 
comparable to or exceeded that of existing CNN-based AGB estimation 
models (Fig. 2, [14,25]). These results indicate that the model was a 
well-established and reliable baseline for assessing robustness across 
multiple locations.

4.2. Robustness of the base model across multiple locations

The base model showed significant differences in estimation accu
racy across the four independent locations (Fig. 3). Even in Côte 
d’Ivoire, where the highest R2

Ad (0.75) was achieved, the rRMSE was 
high at 0.45. This suggests that a model trained on data from a single 
location lacks sufficient robustness for other locations. Cultivation 
conditions in the four locations other than Kyoto differed from those in 
Kyoto in terms of planting density, crop establishment methods, and 
levels of applied fertilizer (Supplemental Table S1). Although the 
coverage area and GSD of the input image were standardized across 
locations, the person and cameras for taking images varied by location. 
Additionally, images from Kyoto were taken at a higher altitude using a 
drone, followed by cropping, unlike the other locations (Supplemental 
Fig. S2, Supplemental Table S2). These factors might cause differences in 
visual features in the images at each location, likely contributing to the 
large estimation errors in the base model at these locations.

The observed limitations of the base model align with findings from 
previous research. Habibi et al. [35] reported that estimation accuracy 
for spatial extrapolation data tends to be lower than for interpolation 
data in remote sensing-based soybean yield prediction. Similarly, Fer
raciolli et al. [36]. highlighted the presence of spatial autocorrelation 
between observations, which can impact the reliability of predictions 
when applied to unseen locations. These studies underline the inherent 
challenges of achieving high accuracy in models trained on 

Fig. 1. Hyperparameter tuning results and learning curve. (a) Heatmap of validation loss (measured as RMSE) for different combinations of batch size and initial 
learning rate, averaged over five training replications. The x-axis represents the initial learning rate, and the y-axis represents the batch size. (b) Learning curve of the 
model achieving the lowest validation loss among five individually trained models. This model was trained on Kyoto data with the optimal combination of batch size 
and initial learning rate, as determined in (a), showing both training and validation loss across epochs.
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geographically limited datasets, particularly when generalizing to new 
environments.

In the present study, notable overestimation for low AGB values was 
observed in Chiba and Madagascar, likely due to differences in soil color 
between the training datasets from Kyoto and test datasets from Chiba 
and Madagascar. While the training data from Kyoto featured grey soils, 
Chiba and Madagascar exhibited blackish and reddish soils, respec
tively, which were absent in the training data (Supplementary Fig. S10). 
These unseen soil types likely influenced model performance during 
early growth stages before canopy closure. Conversely, underestimation 
for high AGB values was prominent in Tokyo and Chiba but absent in 
Madagascar and Côte d’Ivoire (Fig. 3). This trend aligns with findings 
from Nakajima et al. [25]. and suggests that the lack of high AGB 
samples in the training dataset contributed to unstable predictions. 
These results highlight the importance of ensuring diverse representa
tion in training data to account for variations in soil types and AGB 
distribution.

The finding that the base model trained on data from a single culti
vation location did not have sufficient robustness for other locations 
underscores the critical need to enhance training data diversity to 
improve the robustness of the model. CNN models are known to rely 

heavily on the diversity of training data, and their generalizability di
minishes when datasets are imbalanced or lack sufficient variability [37,
38]. Two complementary approaches can address this issue: collecting 
additional diverse training data and employing data augmentation 
techniques. In the present study, basic data augmentation methods, such 
as image flipping and brightness adjustments, were applied. While these 
techniques likely provided some benefit, their impact may be limited in 
addressing spatially dependent features. Future research should explore 
advanced augmentation strategies, such as synthetic data generated by 
Generative Adversarial Networks (GAN), to create training datasets that 
foster the learning of spatially invariant features. For instance, studies 
have demonstrated that GAN can enhance phenotyping model perfor
mance by generating diverse and realistic synthetic data [39,40].

4.3. Effect of additional data collected from a new location on the 
robustness

We evaluated the potential for enhancing the robustness of a CNN- 
based rice AGB estimation model across multiple locations. Fine- 
tuning is a commonly applied method for model adaptation; however, 
it is primarily effective when extensive and diverse training data are 

Fig. 2. Estimation results of the base model on the (a) validation and (b) test dataset. The dotted line represents the 1:1 line, indicating perfect agreement between 
observed and predicted values.

Fig. 3. Estimation results of the base model on the test dataset for four independent locations, (a) Tokyo, (b) Chiba, (c) Côte d’Ivoire, and (d) Madagascar. The dotted 
line means the 1:1 line.
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available [41]. In AGB estimation, where data collection is costly, 
fine-tuning may therefore have limited efficacy. The results of the base 
model in the present study suggested that enhancing the diversity of 

training data would be crucial for establishing a general rice AGB esti
mation model. As a practical approach, we then tested whether adding 
data from an untrained location to the training dataset could improve 

Fig. 4. Effect of adding training data from (a)Tokyo, (b) Chiba, (c) Côte d‘Ivoire, and (d) Madagascar on R2
Ad for each location. Solid lines represent results for the 

location from which data was added to the training data. Dotted lines show results for other locations. The x-axis, scaled as log (10), indicates the number of added 
points. The unfilled circles at x = 1 represent the accuracy of the base model, that is, without additional data, positioned here as x = 0 is undefined on a loga
rithmic scale.

Fig. 5. Estimation results for five locations after adding 40 data points from each of four locations. Scatter plots showing estimation results are arranged in a matrix- 
like layout, where each row represents the location from which 40 data points were added, and each column represents the test dataset location. The estimation 
results for the five locations in each row are derived from the model when the lowest validation loss was recorded among the five replications. The dotted line 
indicates the 1:1 line.
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the model’s robustness.
Adding data from locations outside Kyoto significantly improved 

estimation accuracy for the corresponding location (Fig. 4, Supple
mental Fig. S9). Specifically, the model improved its accuracy by cor
recting the overestimation of lower AGB values in Madagascar and 
Chiba and the underestimation of higher AGB values in Tokyo and Chiba 
(Fig. 4, Supplemental Fig. S9). In addition, the estimation accuracy for 
Kyoto, where the base model was originally trained (R2

Ad = 0.96), was 
consistently maintained regardless of which location’s data was added. 
These results demonstrate that the CNN model can extract useful fea
tures from data collected across multiple locations, maintaining high 
accuracy within the training data’s scope. To our knowledge, this study 
is the first to establish an AGB estimation model applicable across 
multiple locations from different countries.

Adding up to 40 training data points and 8 validation points (48 
points in total) significantly improved the model’s accuracy, even in 
Madagascar, where the base model’s performance was notably low (R2

Ad 
= − 0.37 to 0.80, rRMSE=1.27 to 0.48, Fig. 3). This represents only 11 % 
of the base model’s training data and highlights the high adaptability of 
CNN model with limited data addition. This feature is especially valu
able for AGB estimation tasks, where data collection is costly. The 
additional data were selected to resemble the overall distribution of 
each location’s dataset, ensuring a balanced representation. Interest
ingly, adding data from other locations also improved estimation ac
curacy for Tokyo and Côte d’Ivoire (Fig. 4). This implies that increasing 
diversity within the training dataset enables CNN model to begin 
capturing general features relevant to AGB estimation across locations. 
However, this improvement was not consistently observed for Chiba and 
Madagascar, suggesting that location-specific visual features might in
fluence the model’s accuracy. Furthermore, the impact of additional 
data varied depending on the number of data points added from a spe
cific location. For instance, adding fewer than 100 data points from 
Madagascar did not substantially improve estimation accuracy for other 
locations (Fig. 4(d)). However, after adding >100 data points, estima
tion accuracy improved in Tokyo and Côte d’Ivoire, with R2

Ad values 
exceeding 0.8. This result suggests that even data from locations with 
distinctive visual features, such as Madagascar, can enhance model 
robustness by increasing the diversity of the training dataset.

4.4. Limitations and future perspectives

The study’s findings are limited by the use of data from well- 
managed experimental fields. Thus, the collected dataset may not 
reflect the visual features encountered under actual field con
ditions—such as severe weed infestation, pest damage, or significant 
lodging. Training the CNN model and evaluating its robustness with data 
from these diverse conditions may lead to the establishment of a truly 
robust and practical model for rice AGB estimation. In addition, the 
influence of shooting conditions on model robustness remains unclear. 
Rivera-Palacio et al. [42]. showed that characteristics of person who 
take images can significantly affect image analysis accuracy. Clarifying 
these effects could help separate errors due to growth conditions from 
those due to image acquisition, enabling more efficient model 
improvements.

For global assessment of AGB productivity, estimation methods must 
be not only robust but also highly convenient. Many conventional AGB 
estimation approaches rely on specialized sensors such as multispectral 
or hyperspectral instruments and LiDAR, which require expert knowl
edge and incur high costs [14]. For instance, Liu et al. [43] achieved 
robust potato AGB estimation across different regions by incorporating 
meteorological data. While including region-specific environmental 
data is a rational strategy to enhance model robustness, the addition of 
such data can impose extra constraints on the practicality of the method. 
In developing countries, for instance, access to meteorological infor
mation is significantly limited [44]. In contrast, the AGB estimation 
method established in this study relies solely on RGB images, which can 

be easily obtained by anyone around the world. This inherent simplicity 
and accessibility make the approach particularly promising for the 
future development of on-site, instant AGB monitoring tools.

5. Conclusion

The present study evaluated the robustness of a CNN-based rice AGB 
estimation model across diverse locations. While the base model trained 
solely on Kyoto data showed limited robustness for other untrained lo
cations, adding up to 48 data points from each new location significantly 
improved accuracy, achieving practical performance (R2

Ad > 0.8) even in 
challenging locations like Madagascar. Notably, adding data from one 
location occasionally improved the estimation accuracy at other un
trained locations, highlighting the importance of data diversity for the 
robustness of the estimation model. Our findings not only demonstrate 
the importance of strategic data diversification but also provide prac
tical insights into the minimal amount of additional data needed. These 
results contribute significantly toward establishing a robust, accessible, 
and globally applicable method for on-site monitoring of rice AGB.
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