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Abstract 

This work presents a data-driven model of semiconductor optical amplifiers (SOAs) derived from 

experimental characterization data. By applying interpolation techniques to measured gain and input–

output relations, the model enables accurate prediction of SOA behavior under varying operating 

conditions. In metro-access network applications, the proposed approach allows operators to determine 

the required SOA driving current based on given input power and target gain. This facilitates efficient 

amplifier control without relying solely on complex physical models, supporting practical deployment of 

SOA-based nodes in next-generation optical networks. 
 

Introduction： 

The rapid growth of cloud services and 5G/6G traffic imposes new demands on metro-access optical 

networks for high capacity, low latency, and flexible control [1–3]. Integrating SDN, telemetry, and AI 

enables self-configuring and autonomous operation [4–6]. Machine learning has been explored for 

amplifier control, performance prediction, and network optimization [6–10], but most studies target 

Erbium-doped fiber amplifiers (EDFAs) in long-haul systems.  

In contrast, semiconductor optical amplifiers (SOAs) offer compact size, low power consumption, and 

seamless integration into photonic circuits, making them ideal for metro-access nodes [11]. However, their 

deployment requires accurate current control to maintain stable gain and avoid nonlinear distortion [12]. 

Traditional physics-based SOA models often require complex parameter fitting and do not readily adapt to 

device-to-device variations. 

This work introduces a data-driven SOA model derived directly from experimental characterization data. 

By interpolating the measured gain and input–output power relations, the model predicts the amplifier’s 

behavior under different operating conditions without relying on complex analytical equations. Such a 

model enables real-time estimation of the required SOA driving current based on the target gain and input 

power, facilitating efficient control within dynamic metro-access networks. The approach supports 

integration with telemetry-driven or reinforcement-learning-based control agents for autonomous, fine-

grained SOA tuning across distributed optical nodes. 

 

SOA Characterization and Modeling： 

As shown in Figure 1, the characterization was performed 

by sweeping the SOA driving current 𝐼and measuring the 

corresponding input power 𝑃inand output power 𝑃outat the 

operating wavelength. The optical gain is expressed 

as:𝐺(𝐼, 𝑃𝑖𝑛) = 𝑃𝑜𝑢𝑡(𝐼, 𝑃𝑖𝑛) − 𝑃𝑖𝑛 .  For each SOA, a two-

dimensional measurement set was collected: 𝐷 = {(𝐼𝑘

, 𝑃𝑖𝑛 , 𝑚, 𝑃𝑜𝑢𝑡 , 𝑘, 𝑚) ∣ 𝑘 = 1. . 𝐾, 𝑚 = 1. . 𝑀}.  Since the 

gain varies smoothly in both 𝐼 and 𝑃in, the surface can be 

approximated using bicubic interpolation: 𝐺̂(𝐼, 𝑃𝑖𝑛) =
𝐼𝑛𝑡𝑒𝑟𝑝2𝐷(𝐺(𝐼𝑘 , 𝑃𝑖𝑛 , 𝑚)).This interpolation replaces traditional physics-based SOA models, avoiding the 

need for internal parameters like carrier lifetime or differential gain, which vary significantly across devices. 

Fig. 2(a) compares the data-driven gain surface obtained from the interpolation model with the measured 

characterization points. The background color map represents the predicted gain 𝐺̂(𝐼, 𝑃in)as a continuous 

function of SOA driving current and input optical power, while the white dots denote the set of 

experimentally measured (current, input power) operating points used to train the model. The close 

alignment between the interpolated gain contours and the measurement grid indicates that the SOA gain 

 
Figure 1 Characterization setup and the 

framework of the SOA modeling 
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varies smoothly across the measurement domain, validating the suitability of bicubic interpolation for 

constructing the gain surface.  In the metro-access node, the desired operation is specified by a target gain: 

Gtarget. Given live telemetry reporting 𝑃in, the required SOA current is obtained by solving: 𝐼∗ = 𝑎𝑟𝑔𝐼𝑚𝑖𝑛

𝐺̂(𝐼, 𝑃𝑖𝑛) − 𝐺𝑡𝑎𝑟𝑔𝑒𝑡 . This allows real-time closed-loop current adjustment without iterative search. For 

faster numerical computation during operation, we precompute the inverse mapping:𝐼(𝐺𝑡𝑎𝑟𝑔𝑒𝑡 , 𝑃𝑖𝑛) =

𝐼𝑛𝑡𝑒𝑟𝑝2𝐷(𝐼𝑘  𝑣𝑠. 𝐺(𝐼𝐼𝑘 , 𝑃𝑖𝑛 , 𝑚)). This mapping is stored in the control agent and directly used for lookup 

+ correction. To further quantify model accuracy, Fig. 2(b) presents the absolute residual error heatmap 

between the measured gain 𝐺measand the predicted gain 𝐺̂ across all measurement points. The observed 

residual values are on the order of 10−14 dB, which is effectively numerical machine precision. This 

confirms that the interpolation procedure exactly reproduces the measured characterization points, 

introducing no fitting error or smoothing distortion.  

 

Experiment validation: 

As the characterization setup may introduce connection-

related measurement errors, therefore, we further verify the 

model performance To validate the model, we compared the 

predicted output power: 𝑃̂out = 𝑃in + 𝐺̂(𝐼, 𝑃in) with the 

measured output power: 𝑃out,meas. The mean absolute 

prediction error (MAPE) is: 

 

𝜀MAPE =
1

𝑁
∑ ∣

𝑃̂out
(𝑛)

− 𝑃out,meas
(𝑛)

𝑃out,meas
(𝑛)

∣

𝑁

𝑛=1

. (1) 

The experimental results as shown in Figure 3. For the 

evaluated devices, the model achieved: 𝜀MAPE < 0.5 dB, 
confirming that the data-driven interpolation accurately 

reflects real device behavior across operational conditions. 

 

Conclusion: 

We presented a data-driven SOA gain model constructed directly from experimentally measured current–

power characteristics. By applying bicubic interpolation to a characterization dataset of 221 operating 

points, the model generates a continuous gain surface 𝐺̂(𝐼, 𝑃𝑖𝑛)that reproduces all measured data with 

numerical precision (residual error ∼ 10−14dB). The inverse mapping enables real-time estimation of the 

required SOA drive current for any target gain and input power condition, supporting deterministic and 

low-latency amplifier control. Experimental validation in a metro-access optical node confirms that the 

predicted output power remains within ±0.5 dB of the measured power under dynamic loading conditions. 

The proposed approach, therefore eliminates device-specific parameter fitting and is directly transferable 

across heterogeneous SOAs, making it well suited for telemetry-driven and reinforcement-learning-based 

self-configuring operation in next-generation metro-access networks. 
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Figure 2 (a) Interpolated SOA gain surface 𝐺̂(𝐼, 𝑃𝑖𝑛)with measured characterization points. (b) Absolute 

residual error ∣ 𝐺𝑚𝑒𝑎𝑠 − 𝐺̂ ∣ 

Figure 3 Residual error between the target gain and the 

model-predicted gain across different input optical 

powers. 
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