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principle of the photosynthesis measurement system
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Table 3 Prediction of CO, steady-state concentration: statistical results of model prediction errors under different uncertainty intervals

A B AN S MAE/(pmol/mol) RMSE/( umol/mol) MAPE/% Ratio/%
[0.004 8,0.008 6] 0.39 0.51 0.46 59.13
(0.008 6,0.010 1] 0.48 0.74 0.62 52.36
(0.0101,0.011 9] 0.56 0.85 0.74 40.64
(0.0119,0.014 8] 0.61 0.92 0.76 36.26
(0.0148,0.019 5] 0.68 1.038 0.78 33.13
down
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(0.026 7,0.033 7] 1.04 1.55 0.90 29.98
(0.0337,0.041 7] 1.44 2.11 1.19 28.97
(0.0417,0.054 1] 231 3.02 1.73 16.47
(0.054 1,0.296 2] 3.94 6.15 3.26 6.73
[0.004 7,0.007 7] 0.54 0.83 0.75 73.13
(0.007 7,0.009 3] 0.58 0.94 0.85 67.37
(0.009 3,0.011 5] 0.56 1.15 0.89 58.53
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up
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(0.028 1,0.038 0] 2.59 3.88 1.64 34.22
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(0.0555,0.372 6] 5.79 8.16 4.16 6.73
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Fig. 5 Distribution of residuals in the declining and rising phases of eight plants across different uncertainty intervals of CO, steady-

state concentration prediction
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Abstract: [Objective] The gas exchange method is the most widely applied and most direct quantitative measurement technique in plant
photosynthesis research. Plant photosynthetic measurement systems based on the gas exchange method usually rely on the "steady-
state paradigm" to determine the photosynthetic rate and other physiological parameters. During the measurement process, the system
needs to wait until the CO, concentration reaches a steady state. However, this process is affected by factors such as plant physiology,
leaf chamber volume, and sensor response characteristics, which severely restricts measurement efficiency. To this end, a new method
is proposed that predicts the steady-state CO, concentration in advance based on the dynamic response sequence of the sensor and
adaptively determines the measurement termination time using predictive uncertainty. [Methods] A dual-branch encoding network,
DBE-TSNet (Dual-Branch Encoder for Time-Series Network), was constructed. The overall architecture of the network consisted of
dual feature encoders and an aggregation encoder. The dual feature encoders adopted a structurally symmetric and parameter-indepen-
dent branch design. They combined differential enhancement, cross-channel convolution-linear channel transformation, and global av-
erage pooling to model the dynamic response processes of the CO, concentration decrease and increase stages perceived by the sys-
tem, respectively. After concatenating the features of the two branches, the aggregation encoder generated a four-dimensional output
vector through a two-layer multilayer perceptron decoder: predicted decrease value (t,), predicted decrease uncertainty (%), predicted
increase value (t,), and predicted increase uncertainty (6’). During training, a Gaussian negative log-likelihood loss function was ad-
opted to simultaneously learn the steady-state prediction together with its associated predictive uncertainty, while sample weights were
adaptively adjusted accordingly. By setting uncertainty thresholds, adaptive truncation of the input sequence was realized, enabling de-
termination of the prediction timing and the steady-state value, thereby improving measurement efficiency. A photosynthetic measure-
ment system was built based on a single CO, sensor, using a time-shared differential measurement mode. Gas exchange data was col-
lected from eight plant species (corn, potato, radish, bok choy, lettuce, loquat, orange tree, and paper mulberry) under three light in-
tensity levels (low, medium, and high) for model training and validation. [Results and Discussions] By comparison with six typical
time-series prediction models, including one-dimensional convolutional neural network (1D-CNN) and recurrent neural network
(RNN), the DBE-TSNet model achieved the best performance in the steady-state prediction task: The MAE of the decreasing stage
was 1.22 umol/mol, and that of the increasing stage was 2.07 umol/mol; the R* values reached 0.996 and 0.984, respectively. To evalu-
ate the relationship between model predictive reliability and output uncertainty, all test samples were divided into ten intervals accord-
ing to the uncertainty output by the model, and the relationships between each interval and mean absolute error (MAE), root mean
square error (RMSE) and mean absolute percentage error (MAPE), and the input segment ratio were counted. The results showed that
as uncertainty gradually increased, the prediction error gradually increased, resulting in a significant decline in model predictive reli-
ability. Based on this analysis, the uncertainty thresholds of the decreasing stage and increasing stage were determined to be 0.026 7
and 0.014 6, respectively. Early prediction experiments based on the set thresholds showed that under the premise of maintaining the
error below 1 pumol/mol, the model saved about 128.87 s of measurement time on average, shortened the measurement cycle by
about 51%, and significantly improved measurement efficiency. [Conclusions] DBE-TSNet integrated dual-branch encoding and un-
certainty estimation mechanisms to achieve accurate and early prediction of steady-state CO» concentration in plant photosynthetic
measurement, effectively solving the problem of long steady-state measurement time in the gas exchange method and transforming
the traditional "waiting for steady state" process into a data-driven decision-making process of "dynamic steady-state prediction".
The model showed stable performance under multiple plant species and multiple light conditions, with good generalization ability,
and could provide key technical support for improving the efficiency of plant photosynthetic measurement systems based on the gas
exchange method.

Key words: CO, gas exchange; time-series prediction model; uncertainty estimation; steady-state prediction; DBE-TSNet; plant photo-

synthetic measurement
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