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Abstract

Accurate estimation of chlorophyll and nitrogen content in tea leaves is essential for
effective nutrient management. This study introduces a proof-of-concept dual-view RGB
regression framework developed under controlled scanner conditions. Paired adaxial and
abaxial images of Yun Kang 10 tea leaves were collected from four villages in Lincang,
Yunnan, alongside corresponding soil and plant analyzer development (SPAD) and nitrogen
measurements. A lightweight dual-input CoAtNet backbone with streamlined Bneck
modules was designed, and three fusion strategies, Pre-fusion, Mid-fusion, and Late-fusion,
were systematically compared. Ten-fold cross-validation revealed that Mid-fusion delivered
the best performance (R? = 94.19% =+ 1.75%, root mean square error (RMSE) = 3.84 + 0.65,
MAE = 3.00 + 0.45) with only 1.92 M parameters, outperforming both the single-view
baseline and other compact models. Transferability was further validated on a combined
smartphone-scanner dataset, where the framework maintained robust accuracy. Overall,
these findings demonstrate a compact and effective system for non-destructive biochemical
trait estimation, providing a strong foundation for future adaptation to field conditions and
broader crop applications.

Keywords: tea; chlorophyll; nitrogen; non-destructive measurement; deep learning

1. Introduction

Tea is one of the most widely consumed and economically valuable crops worldwide.
Its quality is shaped by a range of physiological and biochemical factors, among which
chlorophyll and nitrogen are key indicators for assessing both the nutritional status of tea
plants and the quality of fresh tea leaves [1,2]. As the primary pigment driving photosyn-
thesis, chlorophyll not only determines the green coloration and visual appeal of tea leaves
but also influences their tenderness and freshness, traits that are highly valued in premium
teas [3]. Nitrogen, an essential constituent of chlorophyll, proteins, and enzymes [4], plays a
pivotal role in the biosynthesis of amino acids, alkaloids, and aromatic compounds, thereby
directly shaping the taste, aroma, and nutritional value of tea [5-7].

In the tea industry, chlorophyll and nitrogen are widely recognized as critical bio-
chemical markers of leaf quality [8]. Their concentrations not only reflect the physiological
condition and metabolic activity of tea plants but also provide valuable insights for quality
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grading, fertilization strategies, and harvest scheduling. Consequently, accurate, efficient,
and non-destructive estimation of these indicators is essential for advancing modern tea
production and enabling intelligent plantation management.

Given their importance, considerable research has been devoted to developing
methods for monitoring and predicting chlorophyll and nitrogen contents in crops.
Sonobe et al. [9] systematically evaluated different preprocessing techniques and 14 variable
selection methods using hyperspectral reflectance data from 38 tea cultivars. Their results
showed that a detrending preprocessing method combined with regression coefficients for
variable selection yielded the best model performance, achieving a ratio of performance to
deviation (RPD) of 2.60 and a root mean square error (RMSE) [10] of only 3.21 ug/ cm?. Bar-
man et al. [11] proposed a method for predicting tea leaf chlorophyll content using images
captured under natural light, applying multiple machine learning (ML) [12] algorithms:
multiple linear regression (MLR) [13], artificial neural networks (ANN) [14], support vector
regression (SVR) [15], and K-nearest neighbors (KNN) [16]. Tea leaf images were collected
with a DSLR camera, color features were extracted, and these were fitted against actual
chlorophyll values measured by a soil and plant analyzer development (SPAD) meter.
The ANN model delivered the highest accuracy, outperforming the other approaches and
demonstrating its potential as a rapid, low-cost alternative to SPAD-based chlorophyll
estimation. Zeng et al. [17] estimated relative chlorophyll content (SPAD values) in tea
canopies using multispectral UAV imagery. Two field experiments were conducted at
the tea garden of South China Agricultural University, with rectangular plots ensuring
precise alignment between multispectral images and ground samples. A multivariate linear
stepwise regression (MLSR) model was developed, achieving high accuracy and stability
R? of 0.865, RMSE = 3.5481. This approach effectively captured the spatial distribution of
chlorophyll and provided technical support for dynamic growth monitoring. Tang et al. [18]
investigated microalgae chlorophyll prediction using LR and ANN based on RGB image
components. The ANN model again outperformed LR, with an R? of 0.66 and RMSE of
2.36, offering a faster, more efficient, and less costly alternative to conventional spectropho-
tometry for non-destructive estimation. Sharabiani et al. [19] applied visible-near-infrared
(VIS/NIR) [20] spectroscopy combined with ANN and partial least squares regression
(PLSR) to predict chlorophyll content in winter wheat leaves. Preprocessing techniques
such as standard normal variate (SNV) and Savitzky—Golay smoothing were employed.
The ANN model outperformed PLSR, achieving correlation coefficients of 0.97 and 0.92,
respectively, with a minimum RMSE of 0.73, confirming the superiority of nonlinear ap-
proaches for chlorophyll estimation. Brewer et al. [21] estimated maize chlorophyll content
at different growth stages using multispectral UAV imagery with a random forest algorithm.
Near-infrared and red-edge spectral bands, along with derived vegetation indices (VIs),
were identified as key predictors. The random forest model performed best during the early
reproductive and late vegetative stages, achieving RMSE values of 40.4 and 39 umol/m 2,
respectively. These findings highlight the potential of UAV remote sensing combined with
ML for crop health monitoring in smallholder farming systems. Wang et al. [22] predicted
nitrogen content in tea plants using UAV imagery integrated with ML and deep learning
methods. Pixels were classified in the HSV color space, and two experimental strategies
were designed to extract weighted color features paired with nitrogen data. Models in-
cluding ordinary least squares (OLS) [23], XGBoost, RNN-LSTM [24], CNN, and ResNet
were tested. HSV-based features consistently outperformed RGB features, with ResNet
achieving the best results. This approach demonstrated both accuracy and practicality,
supporting intelligent tea field management. Finally, Barzin et al. [25] predicted nitrogen
concentration in corn leaves and grain yield using a handheld Crop Circle multispectral
sensor combined with ML techniques. Twenty-five VIs, including SCCCI and RER-VI, were
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evaluated under different nitrogen fertilizer treatments, with both spectral bands and VIs
tested as model inputs. Among the models, SVR delivered the most accurate predictions of
leaf nitrogen concentration, underscoring the potential of multispectral sensing and ML for
precision agriculture.

Despite significant progress, current methods for estimating chlorophyll and nitrogen
still face notable challenges and limitations. Hyperspectral and VIS/NIR spectroscopic
techniques, while highly accurate and capable of multi-index estimation, rely on expen-
sive equipment and complex procedures, making them impractical for rapid, low-cost
deployment in small- to medium-scale tea plantations. In addition, although some studies
have explored the use of RGB imagery combined with ML or deep learning for chlorophyll
or nitrogen estimation [11,18], most have been limited to single-index modeling, thereby
restricting their generalization capacity and practical applicability.

In practice, plantation managers require simple, cost-effective, and efficient tools to
simultaneously assess chlorophyll and nitrogen levels in tea leaves, enabling more precise
fertilization, pest and disease control, and quality management. This creates an urgent need
for an accessible RGB image-based approach for multi-index (chlorophyll and nitrogen)
prediction, one that achieves a balance between accuracy and computational efficiency to
support intelligent plantation management.

To address this gap, we propose a proof-of-concept dual-view RGB image regression
framework, developed and tested under controlled scanner conditions with standardized
illumination and contour-based background removal. A paired dataset of adaxial (front)
and abaxial (back) tea leaf images was collected alongside corresponding chlorophyll and
nitrogen measurements. Using this dataset, we designed a lightweight dual-input CoAtNet
backbone with streamlined Bneck modules and systematically evaluated three multi-view
fusion strategies: Pre-fusion, Mid-fusion, and Late-fusion. Comprehensive experiments,
including ten-fold cross validation and comparisons with advanced deep learning and clas-
sical regression models, demonstrated that the Mid-fusion strategy consistently achieved
the optimal balance between prediction accuracy and model compactness.

The main contributions of this study can be summarized as follows:

*  Dual-view regression framework: We propose a novel proof-of-concept dual-view
RGB image regression framework developed under controlled conditions. By lever-
aging paired adaxial and abaxial tea leaf images, the framework effectively captures
complementary phenotypic and biochemical traits, an aspect rarely addressed in
previous research.

e Lightweight dual-input backbone: A streamlined dual-input backbone is introduced
by integrating MobileNetV3-style Bneck modules into the CoAtNet architecture. This
design achieves an 89% reduction in parameters while enhancing prediction accuracy,
thereby improving computational efficiency and providing a foundation for future
edge deployment.

*  Fusion strategy comparison: Three multi-view fusion strategies, pre-fusion, Mid-
fusion, and Late-fusion, are systematically designed and evaluated. Experimental
results show that Mid-fusion delivers superior feature disentanglement and integra-
tion, resulting in consistent performance improvements for both chlorophyll and
nitrogen estimation.

2. Materials and Methods
2.1. RGB Data Collection

In this study, tea leaves of the cultivar Yunkang No. 10 were selected as the research ma-
terial due to their widespread cultivation and commercial importance in Yunnan Province.
To ensure consistency in physiological maturity and reduce variability associated with
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growth stage differences, data collection was carried out over a short, controlled period
(16-19 April 2025). Sampling was conducted in four representative tea-producing villages
in Lincang, Yunnan Province: Dele, Mangdan, Santa, and Xiaomenglong.

To ensure representativeness, each tea garden in the four villages was subdivided into
multiple rectangular plots, each approximately 5 m in length and 0.8-1.0 m in width. Each
plot typically contained two to three tea plants. Within each plot, three categories of leaves
were sampled: ten standard harvesting units (one bud with two leaves), five young leaves,
and five mature leaves. This stratified sampling strategy across developmental stages
ensured that both intra-plant and inter-plant variation in chlorophyll and nitrogen contents
were adequately represented. By incorporating leaves of different physiological ages and
multiple plants per plot, the dataset captured a broad biochemical spectrum, providing a
solid foundation for the development of robust prediction models.

To obtain high-quality RGB image data, all sampled tea leaves were scanned using
a flatbed scanner (CanoScan LiDE 400, Canon Inc., Tokyo, Japan), which supports high-
resolution, distortion-free imaging up to 4800 dpi. Each leaf was scanned on both the adaxial
(front) and abaxial (back) surfaces to generate paired dual-view RGB images. The images
were systematically saved and organized for subsequent modeling. An example of the
scanned adaxial and abaxial images is shown in Figure 1.

Young leaves One bud with two leaves Older leaves

=
-

C

| =
e
Abaxial }

Figure 1. Scanned images of tea leaves showing different views and developmental stages: (a) Adaxial

Adaxial ’

view of young leaves, (b) Adaxial view of one bud with two leaves, (c) Adaxial view of older leaves,
(d) Abaxial view of young leaves, (e) Abaxial view of one bud with two leaves, (f) Abaxial view of
older leaves. This figure highlights the variations in appearance across different physiological ages
and leaf surfaces.

To minimize interference from background elements and ensure that the model fo-
cused exclusively on tea leaf phenotypic characteristics, a background removal procedure
was applied to all RGB images. This preprocessing step isolated the leaf regions by elim-
inating non-leaf pixels, thereby reducing potential noise and bias in chlorophyll and
nitrogen estimation.

Specifically, a contour-based image segmentation algorithm was applied. Each RGB
image was first converted to grayscale and then binarized using an intensity threshold.
The largest contour, corresponding to the tea leaf, was extracted using the cv2.findContours
function, and a binary mask was generated. This mask was applied to the original im-
age through a bitwise operation, preserving only the pixels within the leaf contour and
effectively removing the background. The resulting leaf-only images were then saved in a
separate directory for subsequent model training.
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To validate the effectiveness of background removal and evaluate its impact on image
statistics, intra-class variation was examined using color and illumination histograms before
and after cropping. As shown in Figure 2, the original images with white backgrounds
displayed a pronounced peak in the high-intensity region, which dominated the histogram
distribution and introduced potential bias into model learning. Following contour-based
segmentation, this peak disappeared, and the histograms reflected only leaf pixels, thereby
providing a more accurate representation of color distributions. These results confirm that
background removal effectively suppresses background-related artifacts while preserving
intra-class variation relevant to chlorophyll and nitrogen estimation.

Figure 2. Comparison of color/illumination histograms before and after background removal.

(Top) Original scanned image of tea leaves with a white background and its RGB histograms, show-
ing a strong peak in the high-intensity region due to the white background. (Bottom) Background-
removed image with corresponding histograms, where the background peak disappears and the
distributions more faithfully reflect leaf pixel values. This confirms that contour-based segmenta-
tion effectively reduces background-induced bias and preserves intra-class variation in leaf color
and illumination.

2.2. Acquisition of Chlorophyll and Nitrogen Data in Tea Leaves

In this study, chlorophyll and nitrogen contents of tea leaves were measured using a
portable chlorophyll and nitrogen analyzer (Model: HM-YC, HENGMEI Intelligent Manu-
facturing). As shown in Figure 3, this device enables non-destructive and rapid estimation
of chlorophyll levels through the SPAD index [26]. The SPAD value is derived from the
transmittance ratio of light passing through the leaf at two wavelengths: 650 nm, which
corresponds to chlorophyll absorption, and 940 nm, which serves as the reference. By com-
paring transmittance at these wavelengths, the analyzer estimates relative chlorophyll
content. Because SPAD values are positively correlated with actual chlorophyll concen-
trations, they are widely used in agricultural research and practice as reliable indirect
indicators of chlorophyll levels and overall plant health.

Given the well-established relationship between chlorophyll concentration and plant
nitrogen availability, SPAD readings also provide a valuable proxy for estimating nitrogen
content in tea leaves. In modern agricultural management, SPAD-based chlorophyll meters
are widely employed to guide nitrogen fertilization, monitor plant nutritional status,
and evaluate stress resistance across a variety of crops.
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Figure 3. Portable chlorophyll and nitrogen analyzer (Model: HM-YC, Top Instrument Co., Ltd.,
Hangzhou, China) used for non-destructive measurement of leaf chlorophyll content. This instrument
calculates the SPAD index based on light transmittance at 650 nm and 940 nm wavelengths, providing
a rapid and reliable estimation of chlorophyll concentration and plant health.

To obtain accurate and representative measurements, a six-point sampling strategy
was employed for each leaf. Specifically, the chlorophyll/nitrogen analyzer recorded values
at six distinct positions: the leaf center, the apex, and four evenly distributed peripheral
regions. As illustrated in Figure 4, the measurement points are indicated by red dots.
The final chlorophyll and nitrogen contents for each leaf were calculated as the mean of
these six readings, thereby minimizing local variability and enhancing data reliability.

For samples classified as “one bud with two leaves,” measurements were taken only
from the larger leaf. The smaller leaf was often too delicate or narrow to maintain stable
contact with the measurement probe, making it unsuitable for reliable SPAD readings.
This selective approach ensured data consistency while preserving the integrity of the
sample set.

Young leaves One bud with two leaves Older leaves

Chlorophyll 55.1733

Chlorophyll 35.6016

Nitrogen 13.9249

Chlorophyll 24.0521

Nitrogen 10.2483 Nitrogen 20.1366

Chlorophyll 38.3766
Nitrogen 14.8033

Chlorophyll 26.9133

Chlorophyll 58.1600

Nitrogen 11.165 Nitrogen 21.0850

Figure 4. Six-point sampling method for chlorophyll and nitrogen content measurement in tea leaves
at different developmental stages. The upper row (a—c) shows the adaxial leaf surfaces, and the lower
row (d—f) shows the abaxial surfaces. Red circles indicate the sampling regions used for chlorophyll
and nitrogen measurement. (a,d) Young leaves; (b,e) One bud with two leaves; (c,f) Older leaves.



Agronomy 2025, 15, 2355

7 of 27

To capture phenological variability across tea-growing regions, a stratified sampling
strategy was employed. In total, 299 tea leaf samples were collected from four represen-
tative villages in Lincang, Yunnan Province: Dele, Mangdan, Santa, and Xiaomenglong.
The samples were further categorized into three developmental stages: young leaves, one
bud with two leaves, and older leaves. The detailed sample distribution is presented
in Table 1. Notably, the “one bud with two leaves” category accounted for the largest
proportion (149 samples), underscoring its economic significance in tea harvesting and pro-
cessing. This stratified sampling approach ensured comprehensive data coverage, thereby
enhancing the reliability and generalizability of the inversion modeling.

Table 1. Distribution of tea leaf samples collected from four regions in Lincang, Yunnan Province,
categorized by developmental stages.

Region Young Leaves One Bud with Two Leaves Older Leaves  Total
Dele 20 40 20 80
Mangdan 25 50 25 100
Santa 15 29 15 59
Xiaomenglong 15 30 15 60
Total 75 149 75 299

2.3. Model Architecture
2.3.1. CoAtNet Architecture

The CoAtNet architecture [27], shown in Figure 5, consists of five sequential stages
(50-54), each progressively refining feature representations from low-level patterns to
high-level concepts. The process begins with the stem stage (S0), where a 224 x 224
input image is passed through two consecutive 3 x 3 convolutional layers. The second
convolution uses a stride of 2, reducing the spatial resolution to 112 x 112. This stage
captures fundamental visual features and establishes the foundation for deeper feature
extraction in subsequent stages.

Stage S1 consists of repeated L1 blocks, each comprising a 1 X 1 convolution, a depth-
wise convolution with a 4x expansion ratio, and a final 1 x 1 convolution. This de-
sign strengthens local feature representation while maintaining computational efficiency.
In Stage S2, the spatial resolution is further reduced to 28 x 28, and the network applies
repeated L, blocks with increased channel capacity, enabling extraction of more complex
and abstract features.

A major transition occurs at Stage S3, where the network shifts from local feature
extraction to capturing global context. At this stage, the spatial resolution is reduced to
14 x 14, and the architecture incorporates relative attention mechanisms coupled with
feed-forward networks (4 x expansion ratio). This design allows the model to effectively
capture long-range dependencies and complex relational interactions among features. Stage
54 extends this approach by further reducing the spatial dimensions to 7 x 7 and applying
repeated L4 blocks that combine relative attention with feed-forward networks, thereby
enhancing high-level semantic representation and concept understanding.

Finally, the output from Stage S4 is passed through a global pooling layer, condensing
the spatial feature maps into a compact vector representation. This vector is then fed into a
fully connected layer to produce the final classification scores. Across all stages, CoAtNet
seamlessly integrates convolutional and attention-based operations (Figure 5), enabling the
model to handle both local detail and global context with high efficiency. By combining
the strengths of convolution for spatial locality and attention for long-range dependency
modeling, CoAtNet achieves superior accuracy and computational efficiency, making it a
compelling architecture for advanced visual recognition tasks.
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Figure 5. The diagram presents the complete network structure from the input layer to the output
layer, encompassing convolutional stages (S0 to S1) and attention stages (52 to S4). Notably, it
demonstrates how the integration of depthwise convolution with relative attention mechanisms effec-
tively captures local features and global contextual information, thereby achieving robust processing
capabilities across various data scales.

2.3.2. Architecture of the Improved CoAtNet-Based Model

Although CoAtNet achieves strong performance across vision tasks through its hybrid
integration of convolution and attention mechanismes, its high computational cost and large
parameter count, particularly in the attention-heavy stages (53 and S4), limit its suitability
for real-time, resource-constrained applications such as mobile or edge-based tea leaf assess-
ment. To overcome these challenges, we propose an improved CoAtNet-based architecture
that significantly reduces model size while preserving predictive accuracy. As illustrated
in Figure 6a, the redesigned framework retains the early convolutional stages (SO and S1)
for efficient low-level feature extraction, while replacing the later attention modules with
lightweight Bneck blocks inspired by MobileNetV3 [28]. Each Bneck block incorporates
an expansion layer, depthwise separable convolution, a Squeeze-and-Excitation (SE) mod-
ule [29], and the h-swish activation function in place of GELU. This design, consistent
with MobileNetV3 principles, achieves substantial computational efficiency and enables
deployment on mobile and edge devices, as depicted in Figure 6b,c.

To enhance feature representation, the proposed model leverages adaxial and abax-
ial leaf surfaces as dual-view inputs [30]. Both views are first processed independently
through shared SO and S1 modules to extract modality-specific low-level features while
preserving complementary phenotypic information. To integrate these features effectively,
we design and evaluate three multi-view fusion strategies, each differing in the stage of
integration. In the pre-fusion scheme, feature maps from the two views are concatenated
immediately after S1 and unified via a 1 x 1 convolution before being passed into a shared
sequence of Bneck blocks. In the mid-fusion scheme, each branch is further processed
by its own Bneck module, and fusion occurs at the outputs of these modules, allowing
deeper independent encoding before integration. In the late-fusion scheme, each branch is
processed independently through the full pipeline, including its prediction head, and the
outputs are subsequently combined using a learnable linear fusion layer. As illustrated in
Figure 7, these strategies explicitly differ in their fusion points, after S1, after Bneck, or after
the prediction heads.

In addition to the schematic comparison in Figure 7, the detailed feature map configu-
rations at each fusion stage are summarized in Table 2. As shown, in the pre-fusion scheme,
feature concatenation occurs immediately after S1, doubling the channel dimension to
192 x 56 x 56. In the mid-fusion scheme, concatenation is performed at the Bneck output
stage, producing a 192 x 14 x 14 feature map. By contrast, the late-fusion strategy defers
integration until the prediction head, where two high-level representations are merged to
form an expanded feature space prior to regression.

Overall, the proposed improvements offer three key benefits. First, the integration
of MobileNetV3-inspired lightweight modules substantially reduces computational cost
and model complexity. Second, the use of dual-view leaf images captures complementary
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phenotypic traits from adaxial and abaxial surfaces, thereby enriching feature diversity and
enhancing the robustness of learned representations. Third, the introduction of flexible
multi-stage fusion strategies enables systematic exploration of information integration at
different levels of feature abstraction, providing insights into optimal fusion design.
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Figure 6. (a) Overall structure of the improved CoAtNet-based model. (b) Internal design of the
MobileNetV3-inspired Bneck block. (c) Structure of the depthwise separable convolution used in
Bneck blocks.
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Figure 7. Comparison of the three fusion strategies: (a) Pre-fusion after S1, (b) Mid-fusion after Bneck,
and (c) Late-fusion after the prediction heads.

Table 2. Feature map dimensions at key stages of Pre-fusion, Mid-fusion, and Late-fusion models.

Stage Pre-Fusion Mid-Fusion Late-Fusion

Input 3 %224 x 224 3 x 224 x 224 3 %224 x 224

S0 64 x 112 x 112 64 x 112 x 112 64 x 112 x 112

S1 96 x 56 x 56 (after concat: 192 x 56 x 56) 96 x 56 x 56 96 x 56 x 56

Bneck 96 x 14 x 14 96 x 14 x 14 (after concat: 192 x 14 x 14) 96 x 14 x 14

Head 1 576 x 14 x 14 576 x 14 x 14 576 x 14 x 14 (after concat: 1152 x 14 x 14)
Head 2 1280 — 1 1280 — 1 1280 — 1

2.4. Experimental Configuration and Environment

All experiments were performed on a workstation equipped with an NVIDIA GeForce
RTX 4090 GPU (24 GB), an Intel Xeon Silver 4214R CPU (2.40 GHz), and 128 GB of RAM,
running PyTorch v2.3.1 with CUDA 12.6.

To ensure robust and unbiased model evaluation, we employed stratified ten-fold
cross-validation. Stratification was performed according to three factors: tea-growing
region (village), sampling area within each region, and leaf type (one bud with two leaves,
young leaf, and older leaf). Each region was subdivided into multiple sampling areas,
and all three leaf types were sampled within each area. During cross-validation, folds
were constructed to maintain the proportional representation of all region—area—leaf-type
strata, thereby minimizing the risk of distribution leakage. In each iteration, nine folds
were used for training and one for testing, and the procedure was repeated ten times. Final
performance metrics were reported as the mean and standard deviation across all folds.
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Three fusion strategies for integrating adaxial and abaxial images were evaluated:
Pre-fusion (integration after the stem module), Mid-fusion (integration after the per-branch
Bneck blocks), and Late-fusion (integration at the prediction/output level).

Key experimental parameters are summarized in Table 3.

Table 3. Summary of experimental hyperparameters and settings.

Parameter Description

Batch size 32

Number of epochs 100

Initial learning rate 0.0005

Optimizer AdamW

Loss function Mean Squared Error (MSE)
Cross-validation ten-fold

Fusion strategies Pre-fusion, Mid-fusion, Late-fusion

2.5. Evaluation Metrics

To quantitatively evaluate the predictive performance of the proposed dual-view
fusion model, we employed three metrics: the coefficient of determination (R?), mean
absolute error (MAE), and root mean squared error (RMSE). Together, these metrics
provide complementary perspectives on model accuracy and robustness.

The coefficient of determination (R?) quantifies the proportion of variance in the
observed data that can be explained by the model and is defined as:

Y (yi —9:)?
R?=1- == T 1)
(v —7)?

where y; denotes the observed value, j; the predicted value, i the mean of the observed
values, and 7 the total number of samples. An R? value closer to 1 indicates stronger
predictive performance.

The MAE quantifies the average magnitude of prediction errors, disregarding their
direction, and is defined as:

18
MAE =) lyi — fil. 2)
i=1

MAE is robust to outliers and is theoretically optimal under a Laplacian error distribution,
offering a measure of typical prediction error that is less sensitive to extreme deviations.

The RMSE represents the square root of the mean of the squared differences between
predicted and observed values and is defined as:

n

1
RMSE = /2 ) (vi = 90)*. )
i=1

RMSE penalizes larger errors more heavily than MAE and is statistically optimal
when prediction errors follow a normal distribution, reflecting the model’s sensitivity to
extreme deviations.

By reporting R2, MAE, and RMSE together, this study provides a comprehensive
and theoretically grounded evaluation of model performance. Specifically, R? captures
the proportion of variance explained, MAE provides a robust measure of typical errors,
and RMSE emphasizes larger deviations. This combination ensures transparency and
mitigates the limitations of relying on a single metric, in accordance with best practices in
the statistical literature.
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3. Results

3.1. Ablation Study
3.1.1. Effect of Fusion Strategies: Pre-, Mid-, and Late-Fusion

The Pre-fusion strategy integrates adaxial and abaxial image features immediately
after the stem module, allowing the network to learn joint representations from an early
stage. Experimental results for Pre-fusion across ten folds, including RMSE, MAE, and R?,
are summarized in Table 4.

As shown in Table 4, the Pre-fusion strategy achieved an average RMSE of 4.51, MAE
of 3.52, and R? of 91.84% across all folds, with moderate standard deviations (+0.86 for
RMSE and +3.58 for R?). These results indicate generally stable performance; however,
the observed variability suggests that early fusion can occasionally introduce interference
between modalities. Although most folds demonstrated strong predictive ability (with R?
consistently above 88%), fusing features too early may compromise modality-specific infor-
mation. This limitation motivated the investigation of alternative fusion strategies designed
to better preserve and integrate complementary cues from adaxial and abaxial images.

Table 4. Ten-fold cross-validation results of the Pre-fusion strategy.

Fold RMSE MAE R? (%)
1 4.16 3.24 91.72
2 5.94 455 85.39
3 5.43 4.16 88.46
4 4.37 3.54 91.30
5 5.87 4.54 88.63
6 452 3.54 92.25
7 3.41 2.49 95.82
8 3.76 2.86 95.22
9 4.68 3.80 93.25
10 2.98 2.43 96.32
Mean =+ Std 451 +0.86 3.52 + 0.60 91.84 + 3.58

In the Mid-fusion strategy, adaxial and abaxial views are processed independently
through their respective Bneck blocks following the stem module, with fusion performed
at an intermediate stage. This design preserves view-specific features before integration,
enabling a more balanced and stable combination.

Table 5 presents the ten-fold cross-validation results for the Mid-fusion configuration.
Compared to Pre-fusion, Mid-fusion demonstrated markedly improved consistency and
predictive accuracy: the average RMSE and MAE decreased to 3.84 and 3.00, respectively,
while the mean R? increased to 94.19%, with a smaller standard deviation of +1.75. These
results indicate enhanced stability across folds and stronger generalization. The findings
suggest that performing fusion at a deeper, feature-rich stage allows the model to first
capture view-specific structural and phenotypic patterns independently, and then integrate
them synergistically, thereby improving overall biochemical prediction performance.

In the Late-fusion strategy, adaxial and abaxial images are processed independently
through the entire network pipeline, including separate Bneck modules and prediction
heads, with fusion performed only at the final output stage. This approach allows each
view to be deeply and independently modeled, enabling the extraction of highly specialized
features from each surface.
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Table 5. Ten-fold cross-validation results of the Mid-fusion strategy.

Fold RMSE MAE R? (%)
1 3.61 2.86 93.79
2 4.06 3.09 93.17
3 4.57 3.68 91.81
4 3.66 2.86 93.90
5 4.21 3.09 94.14
6 3.64 2.70 94.96
7 2.99 2.58 96.79
8 2.68 2.19 97.58
9 5.12 391 91.90
10 3.84 3.03 93.89

Mean + Std 3.84 + 0.65 3.00 £ 0.45 94.19 +1.75

The ten-fold cross-validation results for Late-fusion are summarized in Table 6.
The model achieved an average RMSE of 4.00, MAE of 3.08, and R? 0f 93.75%. While Late-
fusion outperformed Pre-fusion in both accuracy and stability, it performed slightly worse
than Mid-fusion, which attained lower errors and higher R2. One possible explanation is
that, although Late-fusion enables fully independent feature extraction, the lack of interac-
tion between adaxial and abaxial features until the final stage may limit the model’s ability
to leverage their complementarity during intermediate feature learning. Additionally, Late-
fusion has the highest parameter count (2.60 M), resulting in increased computational cost,
which is less favorable for deployment in resource-constrained agricultural environments.

Table 6. Ten-fold cross-validation results of the Late-fusion strategy.

Fold RMSE MAE R? (%)
1 3.91 3.26 92.72
2 3.68 2.51 94.40
3 4.81 3.98 90.94
4 3.17 2.64 95.42
5 5.29 3.66 90.77
6 424 3.21 93.18
7 3.86 3.17 94.64
8 2.87 2.23 97.21
9 442 3.27 93.96
10 3.72 2.82 94.26

Mean =+ Std 4.00 + 0.64 3.08 + 0.52 93.75 + 1.88

Despite its slightly lower predictive accuracy compared to Mid-fusion, the consistent
performance of Late-fusion across folds (indicated by low standard deviations) demon-
strates that it is a robust strategy. This approach may be preferred in scenarios where
maximizing per-view feature specialization is important or where decision-level fusion is
desired for modular system design.

To comprehensively assess the impact of different fusion strategies, Table 7 summarizes
the average metrics across ten-fold cross-validation for each approach, including RMSE,
MAE, R?, and total model parameters.

As shown, Mid-fusion achieved the best overall performance across all key metrics,
with the lowest average RMSE (3.84), lowest MAE (3.00), and highest R? (94.19%), all
accompanied by relatively small standard deviations. These results highlight the superior
accuracy, robustness, and generalizability of the Mid-fusion model. Its effectiveness can
be attributed to the architectural design: each modality (adaxial and abaxial views) is
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encoded independently before fusion, preserving view-specific structural and biochem-
ical information while enabling meaningful, synergistic integration at an intermediate
semantic level.

In contrast, Pre-fusion showed weaker performance, with higher prediction errors and
lower R? compared to the other strategies. This indicates that fusing the two views at such
an early stage can lead to information interference or feature dilution, particularly when
the visual characteristics of the adaxial and abaxial surfaces differ substantially.

Late-fusion offered a compromise between accuracy and specialization: it outper-
formed Pre-fusion while approaching the effectiveness of Mid-fusion. By processing
adaxial and abaxial images through fully independent branches and combining outputs
only at the decision level, it allows each pathway to fully specialize, which is beneficial
for model interpretability and modularity. However, Late-fusion also incurs the highest
computational cost (2.60M parameters), which may limit its suitability for deployment
scenarios that require compact and efficient models.

To further illustrate variability and agreement across folds, additional visual analyses
were conducted. Figure 8 presents fold-wise RMSE, MAE, and R? values along with their
corresponding interquartile ranges (IQR). The Mid-fusion strategy achieves the lowest
mean errors and the narrowest IQR, demonstrating consistent performance across folds.
In contrast, Pre-fusion exhibits the widest IQR and larger fluctuations, while Late-fusion
falls in between, with errors close to Mid-fusion but slightly less stable.
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(a) Pre-Fusion

(b) Mid-Fusion (c) Late-Fusion

Figure 8. Distribution of ten-fold cross-validation metrics (RMSE, MAE, and R2) for Pre-, Mid-,
and Late-fusion strategies. The orange lines denote fold-wise metric values, the gray shaded areas rep-
resent the IQR, and the red dashed lines indicate mean values across folds. Mid-fusion demonstrates
the narrowest IQR and the lowest error metrics, underscoring its stability and robustness.
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Table 7. Performance comparison of different fusion strategies.

Strategy RMSE MAE R? (%) Parameters (M)
Pre-fusion 4.51 +0.86 3.52 +0.60 91.84 + 3.58 1.88
Mid-fusion 3.84 + 0.65 3.00 = 0.45 9419 +1.75 1.92
Late-fusion 4.00 + 0.64 3.08 £ 0.52 93.75 + 1.88 2.60

Complementary insights are provided by the Bland—Altman plots in Figure 9, which
assess agreement between predicted and measured values for SPAD and nitrogen content.
Mid-fusion shows the smallest mean bias and the tightest limits of agreement (LOA),
indicating strong alignment with ground truth. Pre-fusion displays larger systematic
deviations and wider LOA, whereas Late-fusion performs intermediately, reducing bias
relative to Pre-fusion but showing slightly lower consistency than Mid-fusion.
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Figure 9. Bland-Altman analysis of predicted versus measured values for SPAD and nitrogen content
under different fusion strategies. The red dashed line denotes the mean bias, while the blue dashed
lines mark the 95% LOA. Mid-fusion shows the smallest bias and narrowest LOA, confirming its
superior predictive agreement.

Taken together, the quantitative results (Tables 4-7) and visual analyses (Figures 8 and 9)
consistently demonstrate the superiority of the Mid-fusion strategy. By preserving view-
specific representations prior to integration, Mid-fusion delivers accurate, robust, and gen-
eralizable predictions of chlorophyll and nitrogen content.

3.1.2. Impact of Single-View vs. Dual-View Input

To evaluate the effectiveness of multi-view image inputs, ten-fold cross-validation
experiments were conducted under three configurations: (1) adaxial images only, (2) abaxial
images only, and (3) both views combined via the Mid-fusion strategy. Fold-wise evaluation
results for each configuration are reported in Tables 8, 9 and 5, respectively.
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Table 8. Ten-fold cross-validation results using only adaxial images.
Fold RMSE MAE R? (%)
1 4.77 3.89 89.16
2 5.06 3.97 89.40
3 6.63 4.83 82.79
4 3.20 2.54 95.32
5 4.36 3.12 93.71
6 3.91 3.24 94.21
7 4.81 3.90 91.69
8 3.05 2.32 96.85
9 4.88 3.40 92.65
10 3.61 2.68 94.60
Mean =+ Std 443 +0.96 3.39 +£0.72 92.04 + 3.88

The adaxial-only configuration achieved strong predictive performance, with a mean
RMSE of 4.43 (+0.96), MAE of 3.39 (+0.72), and R? of 92.04% (+3.8%). The relatively low
standard deviations indicate consistent behavior across folds, underscoring the robustness
of the adaxial view. This suggests that the adaxial surface provides reliable phenotypic cues,
such as distinct coloration, venation, and textural features, that are particularly informative
for chlorophyll and nitrogen estimation.

Table 9. Ten-fold cross-validation results using only abaxial images.

Fold RMSE MAE R? (%)
1 472 3.85 89.36
2 3.29 2.52 95.52
3 6.45 5.34 83.68
4 4.32 3.39 91.49
5 4.83 3.88 92.29
6 5.51 4,59 88.47
7 4.70 4.00 92.05
8 416 3.13 94.15
9 4.94 3.99 92.46
10 5.00 4.26 89.62
Mean = Std 4.79 + 0.83 3.89 +0.78 90.91 + 3.78

In contrast, the abaxial-only configuration demonstrated reduced predictive reliability
compared to the adaxial-only setup, yielding a mean RMSE of 4.79 (+0.83), MAE of 3.89
(20.78), and R? of 90.91% (+3.78%). While the average performance remains reasonable,
the greater variability across folds indicates less stable generalization. This suggests that
the abaxial surface provides comparatively less consistent phenotypic cues, potentially due
to variations in venation patterns, texture, or sensitivity to lighting, making it less robust
when used in isolation.

As shown in Table 5, the Mid-fusion configuration, which integrates both adaxial
and abaxial views at an intermediate stage, delivers the best overall performance among
the three setups. The dual-view Mid-fusion approach achieves the lowest mean RMSE
(3.84 + 0.65) and MAE (3.00 + 0.45), as well as the highest mean R? (94.19% =+ 1.75%),
demonstrating strong consistency across folds and highlighting its robustness.

In comparison, the adaxial-only configuration performs reasonably well (RMSE =443 +
0.96, MAE =3.39 + 0.72, R? = 92.04% + 3.88%), confirming that the adaxial surface provides
reliable visual cues for biochemical trait estimation. The abaxial-only configuration yields
the weakest results (RMSE = 4.79 + 0.83, MAE = 3.89 + 0.78, R? = 91.00% + 0.03%), indi-
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cating less consistent visual patterns. Collectively, these findings suggest that integrating
both adaxial and abaxial views through mid-level fusion enables the model to capture
complementary information not fully represented by either single view, while preserving
view-specific features that contribute to robust and accurate predictions.

A comparative summary of the three configurations is provided in Table 10.

Table 10. Comparison of prediction performance under different input configurations.

Input Setting RMSE MAE R? (%)

Adaxial Only 4.43 +0.96 3.39 £ 0.72 92.04 + 3.88
Abaxial Only 4.79 + 0.83 3.89 +0.78 90.91 + 3.78
Dual-View 3.84 + 0.65 3.00 = 0.45 94.19 £ 1.75

To complement the quantitative evaluation, we conducted a visual assessment of
model performance using fold-wise error distributions (M AE with IQR) and Bland-Altman
plots for both biochemical traits (SPAD and nitrogen content). These analyses are summa-
rized in Figures 10 and 11.
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Figure 10. Ten-fold cross-validation MAE per fold with IQR for adaxial, Mid-fusion, and abaxial
inputs. The orange lines indicate MAE per fold, gray shaded areas represent the IQR, and the red
dashed lines denote the mean MAE.

As shown in Figure 10, the Mid-fusion configuration exhibits the narrowest IQR bands
across folds, indicating more stable predictive performance compared with single-view
inputs. Predictions based on adaxial-only images show moderate fold-to-fold variability,
whereas abaxial-only results display the largest spread, consistent with the quantitative
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metrics. Notably, the mean MAE for Mid-fusion is consistently lower than that of ei-
ther single-view configuration, reinforcing the complementary value of integrating both
leaf surfaces.
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Figure 11. Bland-Altman plots comparing predicted versus measured values for SPAD (top row) and
nitrogen content (bottom row) under adaxial, Mid-fusion, and abaxial inputs. The red dashed lines
denote mean bias, and the blue dashed lines represent 95% LOA.

Bland—-Altman analysis (Figure 11) further corroborates these findings. For SPAD pre-
diction, the Mid-fusion model exhibits the smallest mean bias (=—0.36) and the tightest 95%
LOA, indicating reduced systematic error and narrower prediction deviations. In contrast,
adaxial- and abaxial-only predictions display larger biases and wider LOA, particularly for
the abaxial input, reflecting increased variability. Similar patterns are observed for nitrogen
content, where the Mid-fusion approach again demonstrates minimal bias and improved
agreement with measured values. These results visually confirm that mid-level fusion
effectively integrates complementary information from both leaf surfaces, enhancing both
accuracy and consistency.

Overall, the visual analyses using fold-wise IQR and Bland—Altman plots reinforce
the quantitative findings: dual-view Mid-fusion consistently outperforms single-view
predictions, achieving both lower error rates and greater reliability across folds.

In summary, this ablation study highlights the value of dual-view input and confirms
Mid-fusion as the optimal configuration. While the adaxial view alone provides reasonably
accurate predictions, incorporating abaxial information further enhances accuracy and
consistency. By effectively leveraging complementary spatial and phenotypic cues from
both leaf surfaces, the Mid-fusion model achieves superior performance in estimating tea
leaf chlorophyll and nitrogen contents.

3.1.3. Comparison with the Baseline CoAtNet Model

To assess the effectiveness of the proposed lightweight architecture, we conducted
a comparative study against the baseline CoAtNet model, with both models employing
the same mid-level fusion strategy for dual-view input. The CoAtNet baseline main-
tains its original five-stage design, using convolutional operations in the early layers
(50-S1) and transformer-based attention mechanisms in the later stages (52-54). In con-
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trast, the proposed model replaces the attention-heavy blocks from stage S2 onward with
MobileNetV3-style Bneck modules, resulting in a significantly more compact architecture.

Table 11 presents the ten-fold cross-validation results for the CoAtNet baseline, while
Table 12 provides an overall comparison of performance metrics and parameter counts
between the two models.

Table 11. Ten-fold cross-validation results of the baseline CoAtNet with Dual-View.

Fold RMSE MAE R? (%)
1 4.03 3.27 92.27
2 5.46 3.99 87.67
3 4.04 3.14 93.60
4 491 3.46 89.01
5 6.27 5.12 87.03
6 427 3.53 93.06
7 3.73 2.91 94.98
8 3.72 3.09 95.32
9 478 3.97 92.96
10 3.83 3.05 93.92

Mean + Std 450 +0.77 3.55 + 0.57 91.98 + 2.74

Table 12. Comparison between the baseline CoAtNet and our model.

Model RMSE MAE R? (%) Parameters (M)
CoAtNet 4.50 +0.77 3.55 +0.57 91.98 +2.74 17.02
Our model 3.84 + 0.65 3.00 +£ 0.45 94.19 £+ 1.75 1.92

As shown in Table 12, the proposed lightweight model consistently outperforms
the CoAtNet baseline across all evaluation metrics. It reduces RMSE from 4.50 to 3.84,
decreases MAE from 3.55 to 3.00, and improves R? from 91.98% to 94.19%. Remarkably,
these performance gains are achieved with only 1.92 million parameters, an 89% reduction
compared to the baseline’s 17.02 million parameters.

The substantial reduction in parameters is primarily due to architectural simplifica-
tions. Specifically, replacing the transformer-based attention blocks in stages S2-54 with
lightweight MobileNetV3-style Bneck modules significantly decreases computational over-
head. The use of depthwise separable convolutions, combined with channel attention via
SE modules [29], preserves essential representational capacity while eliminating redun-
dant parameters. Furthermore, the dual-branch stem design allows adaxial and abaxial
views to share early-stage processing (SO and S1), enhancing parameter efficiency without
compromising predictive performance.

Despite its compact design, the proposed model not only maintains competitive
performance but also surpasses the CoAtNet baseline. This improvement is attributable
to two key factors: (1) the task-specific architecture employs a dual-input design that
separately encodes adaxial and abaxial views, capturing complementary phenotypic cues
relevant to chlorophyll and nitrogen estimation while avoiding unnecessary complexity;
and (2) the mid-level fusion strategy allows independent representation learning for each
view prior to integration, preserving modality-specific features and enabling more effective
cross-view information exchange than early fusion schemes. The enhanced R? and reduced
fold-to-fold variance further indicate improved generalizability and robustness across
data splits.

In summary, these results demonstrate that the proposed model achieves a favor-
able trade-off between predictive accuracy and computational efficiency, effectively ad-
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dressing the limitations of the original CoAtNet backbone and making it well-suited
for deployment in resource-constrained environments, such as edge devices or mobile
phenotyping systems.

3.2. Performance Comparison with Advanced Models

The detailed quantitative results for all models under adaxial-only, abaxial-only,
and dual-view Mid-fusion configurations are summarized in Table 13. This table reports
mean + standard deviation values for RMSE, MAE, R?, and parameter counts, providing
a comprehensive basis for cross-model comparison.

To contextualize the effectiveness of the proposed model, its performance was com-
pared against a diverse set of advanced deep learning and classical regression models,
including CoAtNet [27], GhostNet [31], MobileNetV3 [28], ResMLP [32], ResNet34 [33],
StartNet [34], Tiny ViT [35], as well as KNN [36], MLR [37], and SVR [38]. These models en-
compass lightweight convolutional architectures, transformer-based designs, and classical
methods, enabling a thorough evaluation of our model’s robustness and efficiency across
different input configurations (adaxial-only, abaxial-only, and dual-view Mid-fusion).

Across all configurations, the proposed model consistently achieves superior perfor-
mance. In the abaxial-only setting, it attains RMSE =4.79 (+0.83), MAE = 3.89 (x0.78), and
R? =90.91% (+3.78%), outperforming most competitors including CoAtNet (RMSE = 5.39,
R? = 88.22%), ResMLP (RMSE = 6.91, R? = 81.12%), and classical methods such as KNN,
MLR, and SVR. Lightweight networks like MobileNetV3 and GhostNet exhibit higher
RMSE (>7.3%) and lower R? (<77%), highlighting that efficiency alone does not ensure
accuracy without architectural adaptation to leaf phenotypic characteristics.

In the adaxial-only configuration, the proposed model achieves RMSE = 4.43 (+0.96),
MAE = 3.39 (+0.72), and R? = 92.04% (+3.88%), surpassing CoAtNet in MAE and demon-
strating competitive overall accuracy (CoAtNet: RMSE = 4.20, R* = 93.03%). TinyViT also
performs well (RMSE = 4.50, R? = 91.91%), whereas MobileNetV3, GhostNet, and StartNet
show considerably poorer results (RMSE > 7.3, R> < 70%). Notably, deeper conventional
networks such as ResNet34 display substantial variability (RMSE = 6.01, R? = 74.31%) un-
der adaxial-only input, reflecting challenges in generalization for standard deep networks
when processing single-view leaf images.

The most pronounced improvements are observed in the dual-view Mid-fusion con-
figuration. Our model achieves RMSE = 3.84 (+0.65), MAE = 3.00 (+0.45), and R? =94.19%
(x1.75%), outperforming CoAtNet (RMSE = 4.50, R? = 91.98%) by 6.7% in RMSE while
reducing the parameter count from 17.02M to 1.92M. Other strong backbones, such as
TinyViT and ResNet34, also benefit from Mid-fusion, but their best R? scores (91.72% and
80.82%, respectively) remain 2-13 percentage points lower than our model. The consistent
advantage of Mid-fusion across all architectures underscores the importance of integrating
adaxial and abaxial views at an intermediate stage, preserving view-specific information
while capturing complementary features.

Analysis of fusion strategies across all models confirms that Mid-fusion consistently
outperforms both Pre-fusion and Late-fusion in terms of accuracy and stability. Pre-fusion
often suffers from feature entanglement, whereas Late-fusion may overlook cross-view
interactions. Intermediate integration in Mid-fusion effectively balances these trade-offs,
resulting in robust performance even for smaller backbones.

Parameter efficiency is another key strength of our model. With only 1.92M parame-
ters, it uses less than one-ninth of CoAtNet and one-eighth of ResMLP, yet surpasses both in
predictive accuracy. This efficiency is achieved through MobileNetV3-style Bneck modules,
depthwise separable convolutions, and SE blocks, which preserve representational capacity
without increasing complexity. The dual-branch stem design allows independent pro-
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cessing of adaxial and abaxial views, further reducing computational cost while retaining
critical phenotypic cues.

Table 13. Performance comparison of different models under adaxial, abaxial, and dual-view

configurations.
Model RMSE MAE RZ (%) Parameters (M)
Abaxial
ResMLP 691 +1.16 5.43 +0.84 81.12+7.21 15.35
MobileNetV3 7.82 +2.37 6.23 +2.02 73.76 + 18.54 1.68
TinyViT 4.59 + 0.59 3.71 £ 0.54 91.74 £ 2.40 5.07
StartNet 6.81 = 1.98 5.88 +2.02 80.16 + 13.41 2.68
GhostNet 7.38 £3.27 5.80 +2.76 76.03 + 22.13 6.86
ResNet34 6.04 = 4.46 5.05 +4.13 80.82 + 32.50 21.29
CoAtNet 5.39+1.24 416 + 0.99 88.22 +4.82 17.03
KNN 7.811 + 1.140 5.969 + 0.768 76.1 +4.1 -
MLR 8.896 + 1.540 6.635 + 1.027 68.0 £ 9.6 -
SVR 10.032 + 2.054 7.491 + 1.489 59.4 + 13.7 -
Ours 4.79 + 0.83 3.89 +0.78 90.91 + 3.78 2.79
Adaxial
ResMLP 5.35 + 0.92 415+ 0.71 88.61 + 4.57 15.35
MobileNetV3 9.28 + 5.86 7.35 £ 5.08 58.12 + 53.33 1.68
TinyViT 4.50 + 0.56 3.54 + 0.54 91.91 + 3.02 5.07
StartNet 6.42 +2.15 5.54 +2.02 82.75 + 11.46 2.68
GhostNet 8.78 £3.12 7.34 £2.98 66.58 + 22.96 6.86
ResNet34 6.01 £5.73 499 +5.28 74.31 + 57.81 21.29
CoAtNet 420 +0.71 3.12+0.43 93.03 £ 2.55 17.03
KNN 8.458 + 0.850 6.495 + 0.912 712 +£6.7 -
MLR 6.408 + 1.229 4.821 +£0.973 829+7.1 -
SVR 9.875 + 1.215 7.403 + 1.079 60.4 +11.1 -
Ours 4.43 +0.96 3.39 +0.72 92.04 + 3.88 2.79
Fusion / Dual-View

ResMLP 6.60 = 1.67 5.04 +1.08 81.64 + 11.87 15.26
MobileNetV3 6.47 +1.88 5.01 +1.26 82.10 = 12.60 241
TinyViT 455 +0.71 3.54 + 0.50 91.72 £2.13 5.73
StartNet 6.81 +1.98 5.88 +2.02 80.16 + 13.41 2.68
GhostNet 5.94 +1.21 485+ 1.16 85.70 + 6.75 3.16
ResNet34 6.04 +4.46 5.05 +4.13 80.82 + 32.50 21.29
CoAtNet 450 +0.84 3.55 + 0.66 91.98 +2.99 17.02
KNN 8.118 + 1.509 6.225 + 1.094 732 +9.1 -
MLR 6.916 + 0.842 5.184 + 0.576 80.8 +4.3 -
SVR 9.988 + 1.557 7.628 + 1.315 59.7 +12.0 -
Ours 3.84 + 0.65 3.00 = 0.45 94.19 +1.75 1.92

3.3. Validation of Transferability to Mixed Acquisition Images

To assess the transferability of the proposed dual-view RGB framework beyond the

original scanner-acquired dataset, a proof-of-concept experiment was conducted using a
combined dataset of 638 adaxial and abaxial images. Half of the images were captured
using a smartphone under natural illumination, while the other half were obtained from
a conventional flatbed scanner. These images, collected from tea samples in Dali and
Kunming tea gardens, were paired into 319 dual-view samples. During smartphone
acquisition, a white sheet was placed beneath the leaves and the samples were enclosed in
a box to minimize external interference. Automatic white balance with white preference
was applied to ensure consistent color representation across images.
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Figure 12 presents representative examples of smartphone-acquired images alongside
their background-removed versions, demonstrating the effectiveness of the contour-based
preprocessing pipeline. Scanner-acquired images were processed using the standard back-
ground removal procedure described previously.

The paired images were processed using the proposed dual-input model with the Mid-
fusion strategy. On the held-out test set, the model achieved RMSE = 4.48, MAE = 3.49,
and R? = 82.42%. These results demonstrate that, despite variations in acquisition de-
vices and lighting conditions, the model maintains reasonable predictive performance.
While there is an expected decrease compared to the controlled scanner-only measure-
ments, the findings support the framework’s transferability across both smartphone- and
scanner-acquired images, highlighting its potential applicability in more practical, field-
based scenarios.

(a) Adaxial

.

(b) Abaxial

Figure 12. Example of smartphone-acquired tea leaf images. A white paper was placed beneath
the leaves to reduce background interference, and images were processed via contour-based back-
ground removal.

Figure 13 illustrates the model’s predictive performance on the mixed-device test set.
Most points cluster closely around the red reference line, indicating that the dual-view Mid-
fusion model effectively captures the underlying relationships between leaf color features
and biochemical contents across both smartphone and scanner images. Minor deviations are
observed at higher SPAD and nitrogen values, likely due to variations in illumination and
imaging conditions. Overall, these results demonstrate robust generalization of the model
to images acquired from different devices, confirming its potential for non-destructive
estimation of tea leaf chlorophyll and nitrogen content in practical, field-based applications.
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Figure 13. Prediction results of the dual-view RGB model on the mixed-device test set. The red line
represents the perfect fit (true values), while scatter points correspond to model predictions for SPAD

and nitrogen contents.

4. Discussion

This study presents a dual-view image-based deep learning framework for predict-
ing chlorophyll and nitrogen content in tea leaves. By incorporating both adaxial and
abaxial leaf surfaces, the method captures complementary phenotypic cues that are in-
accessible through single-view observations. The model combines a lightweight hybrid
architecture with an effective Mid-fusion strategy, achieving enhanced prediction accu-
racy while maintaining low computational cost. Several key insights emerged from the
experimental results:

First, the dual-view input strategy consistently enhanced prediction performance
compared with single-view inputs across all tested models. In particular, the Mid-fusion
approach, where intermediate features from each view are independently encoded before
fusion, achieved the highest accuracy, demonstrating that deeper cross-view interactions
enable the model to extract semantically rich, task-relevant representations. These results
underscore the complementarity of adaxial and abaxial surfaces in reflecting chlorophyll
and nitrogen traits, highlighting the value of multi-view modeling in plant phenotyping.

Second, our improved CoAtNet-based model with Mid-fusion outperformed all com-
pared models under ten-fold cross-validation. This superior performance can be attributed
to its hybrid design, which combines convolutional inductive biases with transformer-style
attention, along with MobileNetV3-inspired bottleneck blocks that reduce parameter count
without sacrificing representational capacity. With only 1.92 million parameters, the model
delivers highly competitive results.

Third, the choice of fusion strategy plays a critical role in multi-view modeling. Com-
parison of Pre-fusion, Mid-fusion, and Late-fusion schemes revealed that early concatena-
tion (Pre-fusion) or late merging at the decision level (Late-fusion) compromises prediction
accuracy. Pre-fusion may introduce noise and hinder learning of distinct spatial features
from each view, while Late-fusion does not fully capture shared latent patterns. In contrast,
Mid-fusion aligns and integrates higher-level features, facilitating more expressive and
generalizable cross-view representations.

Furthermore, the model demonstrated robustness across leaf categories (young, ma-
ture, and old) and samples from multiple tea-producing regions. Consistent performance
despite morphological and regional variability confirms its strong generalization ability. It
should be noted, however, that the RGB data were collected over a short temporal window
(16-19 April 2025) to minimize variability in leaf physiological maturity and environmental
factors such as light, temperature, and humidity. While this controlled sampling enhances
internal consistency and reduces confounding effects, it may limit generalization across
different seasonal stages.

Compared with existing studies, our method advances leaf trait prediction. Table 14
summarizes representative works using single-view RGB, hyperspectral, UAV, and Vis/NIR
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modalities alongside our dual-view Mid-fusion model. Relative to single-view RGB ap-
proaches (e.g., Tang et al., 2023 [39], R? = 66%, RMSE = 2.36), the dual-view strategy
substantially improves R? (94.19%) and reduces prediction errors. While hyperspectral
or Vis/NIR methods (e.g., Azadnia et al., 2023 [40], R? = 97.80%) may achieve slightly
higher accuracy under controlled conditions, they require specialized equipment and
preprocessing. In contrast, our dual-view RGB approach achieves competitive accuracy
while capturing complementary structural and biochemical information, highlighting the
measurable benefits of multi-view modeling. At the same time, the results suggest room
for further improvement, particularly in closing the gap with spectroscopy-based methods
and extending predictions to more variable growth stages.

Despite these strengths, certain limitations should be acknowledged. A key chal-
lenge is the potential impact of concept drift, where dynamic environmental factors such
as soil conditions, lighting, or climate variability may influence model accuracy over
time. Agricultural systems are inherently heterogeneous and evolving, and reliance on
RGB imagery alone may limit robustness and scalability. To address this, future research
could explore multi-source data fusion strategies. For example, deep learning features
extracted from RGB images could be combined with environmental information, such as
soil moisture, temperature, or meteorological data, to enhance prediction consistency across
diverse conditions.

In summary, the proposed dual-view deep learning framework, particularly the
Mid-fusion variant of the improved CoAtNet model, provides an effective, interpretable,
and computationally efficient solution for estimating leaf biochemical traits. By enabling
fine-grained visual representation learning across both adaxial and abaxial surfaces, our ap-
proach advances plant phenotyping research and offers a generalizable method applicable
to other crops and traits requiring multi-view analysis.

Table 14. Representative studies on leaf trait prediction with single- or dual-view inputs and different
imaging modalities. RMSE, MAE, and R? values are provided to situate the performance of the
proposed dual-view Mid-fusion model.

Study Modality RMSE MAE R?(%)
Tang et al., 2023 [39] RGB single-view (microalgae) 2.36 - 66.00
Zhang et al., 2023 [41] Hyperspectral UAV (Chinese cabbage) - - 71.0
Hu et al., 2024 [42] Hyperspectral (rice N content) 0.08 3.89 -
Azadnia et al., 2023 [40] Vis/NIR spectroscopy (apple) 0.01 - 97.80
Barman and Choudhury, 2022 [43] Smartphone RGB (citrus) 0.26 0.07 94.00
Ours RGB dual-view (tea) 3.84 3.00 94.19

5. Conclusions

In this study, we proposed a dual-view RGB imaging framework combined with a
lightweight deep learning model for non-destructive estimation of chlorophyll and nitrogen
contents in tea leaves. A paired adaxial-abaxial dataset of 299 image pairs was collected
from four tea-producing villages in Lincang, Yunnan, under controlled scanner-based
illumination, with corresponding biochemical measurements obtained via a rapid detector.

Ten-fold cross-validation demonstrated that the Mid-fusion strategy achieved the best pre-
dictive performance, with R? =94.19% + 1.75%, RMSE = 3.84 + 0.65, and MAE = 3.00 + 0.45,
outperforming the single-view CoAtNet baseline (R? = 93.03% + 2.55%, RMSE = 4.20 + 0.71,
MAE = 3.12 + 0.43) while reducing the parameter count from 17.03 M to 1.92 M. Ablation
analyses confirmed that incorporating both adaxial and abaxial views significantly enhances
predictive reliability and robustness.

The main contributions of this work are threefold: (i) the construction of a controlled-
condition, paired-view dataset for tea leaf biochemical estimation; (ii) the design of a



Agronomy 2025, 15, 2355 25 of 27

lightweight dual-input CoAtNet variant that balances predictive accuracy with model
compactness; and (iii) the empirical validation of Mid-fusion as an effective multi-view
integration strategy. It should be noted that the current findings are limited to a single culti-
var, four villages, and a short acquisition period under scanner-based conditions. Future
work will focus on domain adaptation and generalization to variable field environments,
as well as extending the framework to other crops and traits requiring multi-view analysis.
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