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Abstract

Microalgae biophotovoltaic (BPV) systems convert solar energy into electricity through
photosynthetic electron transfer (PET) and have emerged as a promising solar-integrated
bioenergy technology. However, high-density tubular arrays suffer from the “canyon effect”
at low solar angles and from photoinhibition under peak irradiance (>450 W/m2), where
non-photochemical quenching (NPQ) and reactive oxygen species (ROS) dissipate bioelec-
tric potential as heat. To address this, a hysteresis-based dual-mode PID controller with
hysteresis switching is proposed within an optical–mechanical–biological co-optimization
framework, integrating array self-shading, nonlinear microalgal photoresponse, and track-
ing parasitic losses. In low-light mode, the system actively tracks the sun to minimize
shading; in peak-light mode, it defocuses the incident angle to limit irradiance near the
saturation threshold, mitigating the risk of photoinhibition. Structural control boundaries,
including tube spacing and connecting rod length, are determined numerically. Under
the nominal clear-sky design day, the defocusing mode reduces the daily exposure of the
culture to irradiance above the saturation threshold (450 W/m2) from 5.28 h to 3.08 h.
Numerical simulations indicate a daily net energy yield improvement of +14.9% over
continuous dual-axis tracking and +6.3% over the latitude-based fixed-tilt baseline under
idealized clear-sky design-day conditions. These values are simulation-derived estimates;
experimental validation with a physical prototype is required before the framework can be
interpreted as a validated system-level performance gain.

Keywords: solar energy systems; biophotovoltaic; dual-mode defocusing control;
hysteresis-based dual-mode PID control; net energy yield optimization

1. Introduction
Solar-integrated biomass systems, such as microalgae biophotovoltaic (BPV) arrays,

enable the direct conversion of solar energy into electricity via photosynthetic electron
transfer (PET) [1]. Unlike traditional bioenergy processes that require biomass harvesting
and subsequent conversion, BPV systems derive electrical output from electron trans-
fer processes associated with water splitting in Photosystem II, bypassing intermediate
thermal or chemical stages [2]. This direct conversion feature positions BPV systems as
promising candidates for distributed renewable energy generation and carbon-neutral
energy applications.

However, significant optical and structural bottlenecks emerge when such systems are
scaled to high-density outdoor tubular arrays. The core challenge is the spatiotemporal
mismatch of the incident light field. At low solar elevation angles, dense tubular arrays
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cast long, overlapping shadows. This macroscopic “canyon effect” severely restricts the
penetration of interior light [3,4]. At noon, peak surface irradiance substantially exceeds the
light saturation threshold for microalgae (generally >450 W/m2), triggering accumulation
of non-photochemical quenching (NPQ) and reactive oxygen species (ROS) in microalgal
cells [5,6]. Consequently, the system design must simultaneously address two conflicting
challenges: (1) deep illumination shortage within the array interior during off-peak periods,
and (2) severe photoinhibition during peak irradiance.

Researchers have sought to mitigate uneven light distribution through both biological
and engineering approaches. Biological interventions, such as truncated light-harvesting
antenna complexes, can delay light saturation. In engineering, internal fluid dynamics can
be optimized to induce a “flashing light” effect. Although it can effectively improve cell
mixing, it significantly increases the cost and complexity of the system. The standard solar
tracking systems aim to maintain the normal incidence of light to maximize the efficiency
of photon capture. However, directly applying the traditional conventional BPV tracking
strategies to the biological systems has essential limitations: once the tubular BPV array
enters the light saturation state, the excess irradiance cannot be effectively converted into
additional electrical output; instead, it will intensify thermal dissipation through NPQ; in
addition, the parasitic energy losses generated by the continuous operation of the motor
constantly erode the net system yield [7,8].

Therefore, evaluating biophotovoltaic systems solely by optical efficiency or gross
power output is insufficient. A unified model that simultaneously accounts for light
distribution, microalgal photoresponse, and tracking-related parasitic energy consumption
is still lacking [9].

Although the literature has extensively discussed BPV systems, most studies rely on
isolated analyses that oversimplify the complex coupling among optical, biological, and
mechanical subsystems.

Existing studies address several independent topics: (1) canyon-effect shading in
high-density arrays [3,4,10,11]; (2) idealized light-suppression mechanisms [6,12–15]; and
(3) isolated structural or control optimizations [7,16–18]. Although preliminary multi-
objective evaluations exist [19], these studies generally treat light fields, biological pho-
toinhibition, and mechanical tracking dynamics as disjoint elements. Consequently, the
nonlinear coupling among light regulation, biological metabolism, and mechanical driving
energy consumption has not been quantitatively characterized [12,20].

Therefore, a unified system-level framework for evaluating net energy yield has not
yet been developed. In particular, three core elements are seldom integrated: (1) the
spatiotemporal variation in light distribution in dense tubular arrays; (2) the nonlinear
photoresponse of microalgae under light limitation and inhibition; and (3) the parasitic
energy consumption of active solar tracking. Without a system-level trade-off among these
coupled factors, improvements in optical capture cannot be objectively translated into
verifiable net energy gains.

To fill this gap, this paper proposes a system optimization and adaptive control frame-
work for solar biophotovoltaic array (BPV array). Taking net system yield as the unified
target, this framework realizes multi-physical field coupling among optical, mechanical
and biological fields. Different from the traditional idea of “maximum irradiance capture”,
this framework realizes adaptive control of light intensity based on biological saturation
threshold. To meet the real-time requirements under outdoor dynamic conditions and
adapt to the computational power constraints of the microcontroller, a hysteresis-based
dual-mode PID control strategy with hysteresis loop switching is designed. On this basis,
the structure-control cooperative optimization mapping is established, and the dynamic
response boundary and stable working range of the system are defined. This framework is
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positioned as a physics-based simulation and evaluation framework. Full-scale experimen-
tal validation with a physical outdoor prototype constitutes an essential future step beyond
the scope of the present study.

This paper focuses on the system-level macro-energy balance; transient intracellu-
lar dynamics, such as reactive oxygen species (ROS) accumulation, non-photochemical
quenching (NPQ) kinetics, and micro-fluidic algal mixing, are outside the current scope.
Accordingly, the biological benefit of defocusing is quantified strictly in steady-state energy
terms—as a reduction in the daily exposure duration above the saturation irradiance (from
5.28 to 3.08 h/day)—and no claim of photodamage prevention is made.

2. Materials and Methods
2.1. System Configuration and Physical Constraints

The 3D topology of the tubular BPV array determines the distribution of key physical
fields and is therefore described first. Physical constraints governing the electrochemical
and mechanical subsystems are then formulated based on this topology. For outdoor appli-
cations, dense cultivation is a core requirement to improve energy conversion efficiency;
thus, a modular tubular BPV array integrated with a dual-axis tracking platform was
designed for outdoor deployment. The physical configuration and mechanical assembly of
the prototype, including the connection mode of the tubular modules and the installation
accuracy of the tracking platform, are illustrated in Figure 1.

Figure 1. Physical configuration and mechanical assembly of the proposed BPV solar tracking system.

2.1.1. Tubular BPV Array Topology and Bio-Electrochemical Interface

The core of the BPV system is to achieve deep coupling between microalgal photosyn-
thesis and direct electron transfer (DET) to the external circuit, thereby minimizing electron
loss–a key bottleneck in current BPV systems. Generally, borosilicate glass tubes are selected
as the core concentrating component because they combine excellent thermal stability, high
optical transmittance, and long-term outdoor durability. In the system structure, the glass
tube is fixed to the tracking support in a parallel array, and the algal liquid circulating in
the tube maintains close contact with the three-dimensional graphene biological electrode
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network. This design provides a low-resistance path for the in situ capture of high-energy
electrons generated by Photosystem II (PSII) during water photolysis, underscoring the
importance of micro-interface engineering for macroscopic energy collection [21].

The biophotovoltaic power generation process involves multiple coupling biochemical
reactions such as biomembrane attachment, concentration polarization and ohmic loss.
Modeling each process one by one not only significantly increases the complexity of the
model, but also introduces a large number of parameters that are difficult to accurately cali-
brate. More importantly, from a system-level coupling perspective, the correlation between
light regulation and energy output is not a core element that must be rigorously matched.

To improve the model’s solvability, a series of simplifying assumptions are introduced:
the algal growth system is treated as an ideal mixed system, the biomass concentration
is assumed to be evenly distributed, and the total parameter method is used to represent
electrochemical loss. The electrochemical loss is represented by a steady-state electro-
chemical extraction-efficiency coefficient (ηext) that quantifies the effective mobility of
photo-electrons to the external circuit. This coefficient links the bio-optical response to the
electrical output and accounts for electrochemical uncertainties and other submodels.

Based on the above assumptions, this study ignores the fine details of electrochemical
kinetic techniques and focuses on the effects of both light distribution and control strategies
on the system’s net energy yield.

2.1.2. Precision Actuation and Kinematic Dead Zone Constraints

To mitigate the light-suppression effect of algae at high irradiance, the system employs
an “active defocusing” strategy for accurate attitude control, built on conventional solar
tracking. This strategy reduces peak photon flux to enhance operational stability and
improve the reactor microclimate. The tracking subsystem uses a high-precision stepping
motor, and the transmission mechanism comprises anti-backlash gear and a torsional
spring pre-tensioning device. This design increases mechanical complexity but is necessary
to achieve the required accuracy and significantly reduces the drive clearance [22]. With a
resolution of approximately 0.05◦, the system ensures that small off-focus commands are
translated into actual actuator action without being overwhelmed by the mechanical idle
path. However, whether this accuracy can be practically translated into a net system yield
improvement depends essentially on the radiation volume and algal strain sensitivity, both
of which are beyond the consideration of pure mechanical design.

In actual outdoor operations, the system’s motion range is constrained by physical
conditions. Changes in inclination not only create additional stresses in piping, wiring,
and support structures, but can also induce mutual interference between adjacent units.
Therefore, the mechanical inclination of the reactor plane can only be limited within a
mechanical inclination angle (θm): ∣∣∣θm

∣∣∣≤ 70
◦

(1)

When the parameter exceeds the limit, the hardware protection mechanism will im-
mediately stop the motor pulse output and prevent further action. Dead zone constraints
ensure that the system operates within mechanical safety limits. This protection mechanism
defines both the safety boundary and the controllable range of the tracking system; all sub-
sequent control strategies must satisfy these dead zone constraints. The optimization results
and actual performance of the system are also directly affected by the dead zone constraint.

2.1.3. Hardware Architecture and Signal Flow

To realize the automatic operation of the dual-mode defocusing strategy, a closed-loop
control architecture is established in this study, as shown in Figure 2. The integrated
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solution comprises a sensor network, an MCU, a drive system, and the communication
links between them.

Figure 2. System hardware architecture and signal flow diagram highlighting the interconnection of
the sensor network and actuation system.

The sensor network monitors the effective surface irradiance in real time, and the rotary
encoder synchronously provides position feedback. This encoder is selected to suppress
the position errors prevalent in the outdoor biaxial tracking systems. The microcontroller
collects and solves two signals and executes a discrete PID control algorithm. Figure 3
shows the closed-loop control flow, which includes a discrete PID controller and a nonlinear
saturation constraint module, the latter of which is used to prevent actuator overloading as
a key engineering protection measure.
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Figure 3. Closed-loop control block diagram of the BPV system featuring a discrete PID controller
and nonlinear saturation constraints.

During the operation of the system, the hardware driver level sets internal limiting
protection and strict physical angle constraints (

∣∣θm(k) + u(k)
∣∣≤ 70

◦
, where u(k) represents

the control increment).

2.2. Opto-Mechanical–Biological Coupled Modeling Framework

In order to make up for the shortcomings of traditional strategies, a coupled opto-
mechanical–biological model is established to quantify the coupling effects of multiple
factors. The model considers solar geometry, canyon shading, kinematic constraints,
microalgae light response and actuator energy consumption, and constructs a complete
net system yield calculation system. As shown in Figure 4, the model can systematically
analyze the performance bottlenecks under different working conditions and provide
empirical basis for strategy optimization.

2.2.1. Dynamic Incident Angle and Canyon-Effect Shading Model

The regulation of light distribution begins with determining the relative position
between the sun and the tubular BPV array. For a given geographical latitude ϕ and
solar time t, the altitude angle α and azimuth angle γs can be described by the standard
astronomical trajectory equation, and the core relationship is as follows [23]:

sin α = sin ϕ sin δ + cos ϕ cos δ cos ω (2)
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where δ is the solar declination angle and ω is the hour angle. These parameters together de-
fine the spatiotemporal trajectory of solar radiation relative to the ground reference frame.

Figure 4. The multi-physics modeling framework illustrates the coupling between environmental
inputs, mechanical loss, and biological energy yield.

For the dual-axis tracker in our integrated model, if its azimuth axis can accurately
follow the sun’s azimuth angle, the instantaneous incident angle between the direct beam
and the reactor plane can be determined by the difference between the sun’s zenith angle
θ and the mechanical inclination angle βm set by the controller. This dynamic angle of
incidence simplifies to the following equation:

θ =
∣∣∣(90

◦ − α)− βm

∣∣∣ (3)

When the sun hangs low at dawn or dusk, the upstream tube casts a long shadow on
the downstream reactor’s surface, creating a pronounced “canyon effect”.

To quantify this effect, we establish a geometric relationship between the tube outer
diameter (D) and the center-to-center pitch (P). The inter-tube geometry is defined by
P = D + G, where G is the clear gap between adjacent tube walls; for a fixed tube outer
diameter of D = 50 mm, the pitch is evaluated within the range P ∈ [63, 75] mm, ensuring a
positive clear gap throughout. Shadows are triggered when the width of the light projection
is smaller than the tube diameter due to geometric constraints. Instead of computationally
intensive ray tracing, we capture this width reduction in a dimensionless canyon-effect
penalty factor ξ [11]. This factor enables the model to quantitatively penalize the structural
self-occlusion of the array through the normal irradiance:

ξ = max
(

0, 1 − D
P
· cot(αsol)

)
(4)

The penalty factor ξ is derived from the dimensionless ratio of the tube diameter (D)
to the center-to-center pitch (P), modulated by the solar elevation angle α: mutual shading
between adjacent tubes vanishes once the elevation exceeds the geometric horizon set
by D/P, and ξ approaches 1 at low sun. When the dimensionless ratio D/P compresses
the available light width, the effective surface irradiance Ie f f that ultimately succeeds in
crossing the “canyon” and irradiating the reactor surface can be analytically expressed
as follows:

Ie f f = ξ(α) · Iav · cos θproj (5)

where Iav represents the available beam irradiance measured by the sun-facing reference
sensor, and θproj is the attitude projection angle. The resulting areal biological power output
is given by Pbio = Pmax · fbio(Ie f f ). Crucially, mode switching between active tracking
(Mode I) and defocusing (Mode II) is decided on Iav, not on Ie f f , so that the Mode II exit
condition remains physically executable by the reference sensor.
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The simulation assumptions, particularly the constant optical attenuation coefficient
(κ = 0.15 mm−1), are formulated under the premise of a well-mixed, mature Chlorella
vulgaris culture. These optical and biological parameters hold strictly for an operational
dry biomass concentration range of 1.2–1.8 g/L. Culture densities deviating significantly
from this range would require recalibration of both the light penetration depth and the
threshold penalty function.

2.2.2. Kinematic Mapping and Rigid Dead Zone Constraints

The control command needs to be converted by the mechanical drive chain to drive
the BPV array to adjust the attitude. Let the linear displacement of the stepping motor be
s and the effective length of the connecting rod be L. Due to transmission eccentricity e,
the output mechanical inclination βm does not change linearly with the displacement, but
follows the nonlinear geometric mapping relationship:

βm = g(s, L, e, βo f f set) (6)

where βo f f set represents the initial mounting angle. Because this mapping is nonlinear, the
same control command produces different tilt increments depending on the instantaneous
attitude and structural parameters.

These constraints impose strict bounds on the achievable tilt angle, which is
expressed as:

βmin ≤ βm ≤ βmax (7)

2.2.3. Nonlinear Microalgal Photoresponse Modeling

Once the solar photons pass through the glass wall (losing about 8–10% of their
energy to Fresnel reflection and volume absorption), they enter the algal suspension,
after which attenuation follows Lambert–Beer’s law—an optical simplification sufficient
for primary-production estimates [24,25]. However, the response of the photosynthetic
electron transport chain (PET) of microalgae to local irradiance is nonlinear and cannot be
accurately described by a linear model. Microalgae operate in three regimes: light-limited,
light-saturated, and photoinhibited.

To capture the unique “energy cliff” effect of biological systems at the system level, a
penalty mechanism needs to be incorporated into the mathematical model. In this study,
the effective surface irradiance Ieff is mapped as a normalized biological photoresponse
function fbio(Ie f f ) using a Steele curve with the following functional relationship [14,15,26]:

fbio(Ie f f ) =
Ie f f

Isat
exp

(
1 −

Ie f f

Isat

)
(8)

This curve characterizes the physiological response of microalgae: the efficiency peaks
as irradiance rises to the light saturation threshold Isat and then decays exponentially as it
enters the photoinhibition zone.

Extending this mechanism to system evaluation at the array level faces a scaling gap be-
tween microtransient processes and macro-level steady-state simulations. Reactive oxygen
(ROS) accumulation and non-photochemical quenching (NPQ) activation are millisec-
ond biological responses that, if resolved directly in macroscopic models, would impose
prohibitive computational costs. We therefore use a steady-state approximation—time-
averaged penalty functions instead of transient simulations—to maintain tractability while
preserving a conservative safety boundary.

For the core problem of structural-control co-optimization, the model deliberately
omits secondary effects, such as the glass tube lens effect, internal light gradient and flash
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effect caused by fluid stirring. The model is designed to bound theoretical performance, not
to predict instantaneous output. Under the isothermal assumption, although the simplified
model numerically overestimates the absolute power due to the absence of local and
biofouling effects, this does not affect the design objective.

2.2.4. Net Energy Balance with Tracking Parasitic Consumption

BPV reactors employing enhanced light-management strategies are usually evaluated
solely by total light absorption or volumetric yield, and the mechanical energy required
for tracking is often neglected. This simplified evaluation method can easily overestimate
net energy yield [7,8]. To solve this problem, we introduced a closed-loop net energy yield
Enet calculation framework. This framework explicitly incorporates the system’s energy
break-even point, enabling a more accurate assessment of actual net energy yields under
different operational strategies.

The areal biological power output is given by the following equation:

Pbio = Pmax · fbio(Ie f f ) (9)

where fbio(I) = (I/Isat) · exp(1 − I/Isat) is the normalized Steele photoresponse function.
By construction, fbio attains its maximum value of 1 at I = Isat = 450 W/m2, so the
predicted output peak, the saturation irradiance, and the defocusing setpoint coincide. The
defocusing controller therefore regulates the effective irradiance to Isat ± ∆Ihys.

The absolute power scale is anchored to independently reported BPV power densities
rather than to any single-fit calibration: reported values span from a review-level mean of
58.9 mW/m2 [27] through the experimental record of 0.54 ± 0.05 W/m2 [28] to a theoretical
range of 0.7–7.7 W/m2 [29]. The nominal analysis adopts the theoretical upper bound
Pmax = 7.7 W/m2, and the bandwidth analysis of Section 3.5 reports the consequences of
the full range.

To accurately quantify the parasitic power consumption of the biaxial tracking sys-
tem, the rigid-body dynamic integration is formulated to capture real-world operational
transients, including nonlinear friction and stick-slip effects. The mechanical dynamics
are governed by the following second-order torque balance equation incorporating the
Stribeck friction model:

J
..
βm = τdrive −

{
sgn(

.
βm)

[
τc + (τs − τc)e−|

.
βm/ωs|

]
+ b

.
βm

}
(10)

In this formulation, J is the rotational inertia of the array about the tracking axis, βm is
the mechanical inclination angle, and τdrive is the active driving torque. For the nonlinear
friction components within the brackets, τs represents the break-away static friction that the
actuator must overcome during the frequent low-speed start–stop cycles characteristic of
the hysteresis mode, τc is the Coulomb dynamic friction, ωs is the Stribeck critical velocity,
and b is the viscous friction coefficient.

As shown in Table 1, the nominal platform is an 8 m2 array of 77 parallel tubes
(outer diameter of 50 mm, length of 1.5 m, pitch of 63–75 mm). With wall, fluid and
manifold contributions, the tube mass is 3.70 kg, giving an array mass of 327 kg and a
rotational inertia about the tracking axis of J = 770 kg · m2. The operating torque budget is
τop = 147 N · m, comprising wind load at the 6 m/s operational rating (74 N·m), residual
mass imbalance (32 N·m), and inertial torque at the maximum slew acceleration (40 N·m)
(component values rounded); a gearbox safety factor SF = 2 is applied. A 1200:1 reduction
(planetary 20:1 × worm 60:1) couples the array to a 12 W nameplate motor, yielding a
slew-rate limit ωmax = 1.4

◦
/s. Survival wind loading at 15 m/s (465 N·m) is sustained

passively by the self-locking worm stage with the drive unpowered; no holding current is
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required in survival conditions. The resulting daily actuator duty cycle is 0.21%, and the
simulated peak mechanical power of 9.5 W remains below the motor nameplate.

Table 1. Actuator estimation table derived bottom-up from the physical platform.

Quantity Symbol Value Unit Basis

Array aperture A 8.0 m2 nominal platform
Tube count × length — 77 × 1.5 m geometry

Array mass m 327 kg 3.70 kg/tube
Rotational inertia J 770 kg·m2 parallel-axis assembly

Operating torque τop 147 N·m wind 74 + imbalance 32 + inertia 40
(components rounded)

Gear ratio — 1200:1 — planetary 20 × worm 60
Slew-rate limit ωmax 1.4 ◦/s 12 W nameplate via SF = 2

Survival wind load τsurv 465 N·m 15 m/s, passive worm self-lock
Daily duty cycle — 0.21 % simulation

Peak mechanical power — 9.5 W simulation

The total instantaneous mechanical power consumption, Pmech, integrates the static
standby power required for the microcontroller and driver (Pstatic) and the active mechanical
power required to overcome the aforementioned nonlinear friction and external wind-load
disturbances while slewing [7,8]. The fluid circulation pump energy is constant under
steady flow and is treated as a static baseline excluded from dynamic optimization.

The total daily net energy yield Eday is defined as the time integral of electrical output
minus tracking parasitic losses over the diurnal cycle [20]:

Eday =
∫ tend

tstart
(Pbio − Pmech)dt (11)

This closed-loop accounting ensures that the evaluated net energy yield improvements
remain robustly bounded by realistic mechanical execution costs.

2.2.5. Global Parameter Calibration and Baseline Configuration

All parameters were calibrated against published experimental data and the physical
constraints of the tubular BPV device. The calibration process is based on two sources:
first, published experimental data on microalgae culture, providing a benchmark for
biological and optical parameters; second, the optimization target specifically designed for
the tubular BPV device, which is highly consistent with the system topology. See Table 2
for all calibration parameters.

In the model construction, we defined the geometric design space using the actual
pipe diameter and center-to-center pitch to ensure consistency with the real plant and
prevent boundary overlap. For the biological model, the light saturation threshold (Isat)
and the peak areal power density (Pmax) are primarily considered. These parameters
are directly related to the known characteristics of commonly used microalgae such as
Chlorella vulgaris and biophotovoltaic performance limits bounded by the literature. At
the mechanical level, empirical energy correction factors have been replaced by derived
rigid-body rotational inertia (J) and nonlinear linkage friction thresholds (τs, τc) to capture
realistic operational transients. At the hardware control level, the discrete PID gains
(Kp, Ki, Kd) and the hysteresis band (∆Ihys) are reasonably limited, set to a range that can
stably operate on a basic low-power microcontroller to drive the physical actuator while
suppressing noise-induced chattering. In general, these explicitly defined parameters
eliminate completely idealized simulation scenarios, finding a rigorous balance between
the mathematical model and the actual physical constraints of the tracking platform.
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Table 2. Summary of global physical, biological, and control parameters used in the multi-physics
simulation.

Category Parameter Symbol Value Unit Source/Reference

Geometric

Tube outer diameter D 50 mm This work
Center-to-center pitch P 63–75 mm Nominal

Linkage length/stroke L/s 300/280 mm Nominal geometric
design

Optical

Peak surface irradiance
(STC) — 1000 W/m2 Ref. [30]

Canyon-effect factor ξ
dynamic,

Equation (4) range 0–1 Derived

Attenuation coefficient κ 0.15 mm−1 Ref. [25]

Biological

Saturation irradiance Isat 450 W/m2 Ref. [31]
Peak areal power density

(nominal) Pmax 7.7 W/m2 Ref. [29]

Peak areal power density
(range) Pmax 0.54–7.7 W/m2 Refs. [28,29]

Review-level mean power
density — 58.9 mW/m2 Ref. [27]

Operational biomass
concentration — 1.2–1.8 g/L This work (nominal

operating range)

Mechanical

Array aperture A 8.0 m2 Section 2.2.4

Array mass m 327 kg Derived;
Section 2.2.4

Rotational inertia J 770 kg·m2 Derived;
Section 2.2.4

Operating torque τop 147 N·m Derived;
Section 2.2.4

Survival wind load τsurv 465 N·m Section 2.2.4
Stepper motor rated power — 12 W Ref. [7]; this work

Actuator standby power — 3.5 W Ref. [7]; this work

Gear ratio/slew-rate limit —/ωmax 1200:1/1.4 —/◦/s Motor nameplate;
Section 2.2.4

Drive-chain efficiency ηdrive 0.60 – Typical worm-gear
efficiency

Break-away static friction τs 65 N·m Nominal linkage
Coulomb dynamic friction τc 40 N·m Nominal linkage
Servo closed-loop stiffness Kv 100 N·m/(◦/s) Control design

Stribeck critical velocity ωs 0.1 ◦/s Nominal friction
assumption

Viscous friction coefficient b 5.0 N·m/(◦/s) Nominal friction
assumption

Control

Hysteresis band ∆Ihys ±20 W/m2 Section 2.3.3
Sampling period Ts 1 s This work

Maximum tracking angle βmax ±70 ◦ Physical limit
RK4 integration step

(plant) h 0.1 s Solver configuration

Sensor filter time constant τf 15 s Control design
Proportional gain Kp 1.25 – Tuned

Integral gain Ki 0.05 – Tuned
Derivative gain Kd 0.10 – Tuned

Anti-windup — conditional
(freeze) — Section 2.3.2

Slew-rate saturation ωmax 1.4 ◦/s Section 2.2.4
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2.3. Control Strategy and Optimization Methodology

The control strategy is designed to balance the dynamic demands of the diurnal cycle:
under low irradiance, the system actively tracks the sun to minimize canyon-effect shading;
under peak irradiance, it defocuses the incident angle to prevent photoinhibition. The core
component is a hysteresis-based dual-mode PID controller driven by real-time irradiance
feedback, which dynamically adjusts its behavior according to the operating state.

2.3.1. Controller Architecture and Discrete Solving Mechanism

The controller utilizes a closed-loop control architecture, and its operation is entirely
driven by real-time data. Rather than relying on theoretical solar models, surface irra-
diance sensors around the BPV reactor arrays transmit effective irradiance data to the
microcontroller (MCU). At each discrete time step k, the MCU fuses incident light data
using weighted coefficients (denoted Isat) with a preset biological limit threshold. However,
transforming the data into controller decisions (denoted as g) via nonlinear kinematic
mapping requires rigorous numerical processing to ensure stability.

2.3.2. Discrete PID Control Law and Anti-Backlash Compensation

Unlike PV tracking that typically aims to minimize the angle of incidence, the BPV
systems considered here must track a time-varying target direction. To achieve this, the
attitude controller is a hysteresis-based dual-mode PID controller with fixed gains. The
term “dual-mode” refers exclusively to the hysteresis-driven switching between tracking
(Mode I) and defocusing (Mode II) setpoints; the control gains are identical in both modes
and are not adapted online.

Following the standard discrete-time formulation, the position PID control law can be
written as follows [32,33]:

u(k) = Kpe(k) + Ki

k

∑
j=0

e(j)Ts − Kd
βm(k)− βm(k − 1)

Ts
(12)

where e(k) denotes the tracking error at step k, βm(k) is the actual mechanical tilt angle, and
Kp, Ki, and Kd correspond to the proportional, integral, and differential gains, respectively.
To prevent actuator shock caused by step changes in the target reference angle during mode
switching, the derivative term acts exclusively on the rate of change in the actual mechanical
tilt angle (derivative on measurement) rather than the tracking error. Integral action is
governed by conditional anti-windup: integration is frozen whenever the commanded slew
rate exceeds the actuator limit ωmax = 1.4

◦
/s and the error has the same sign as the control

output. The commanded rate is then saturated at ±ωmax before being applied to the plant.
In practical engineering, mechanical clearance in gear transmission mechanisms can

easily cause a dead zone in the system, especially when the control command changes little.
If left uncompensated, tracking accuracy degrades significantly. Therefore, this design
combines an anti-backlash gear with a pre-tensioned torsional spring, achieving collabora-
tive optimization through the integral and differential terms of the control algorithm: the
integral term accumulates deviation to generate static torque that offsets spring-preload
friction, reducing steady-state error; the differential term monitors the speed change rate
in real time and suppresses the low-frequency mechanical oscillation caused by transient
disturbances such as fast cloud movement through dynamic damping. The hardware–
software coordination strategy effectively addresses the dead zone problem and improves
the system’s response accuracy and stability.
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2.3.3. Dual-Mode Switching Logic with Hysteresis Anti-Chattering

The key to the control logic is determining when to track the solar path and when to
switch to the off-focus “light avoidance” state. To achieve this optimal biological balance,
the controller minimizes actuator energy consumption while maximizing net power output.
This requires intelligent decision-making with strict hysteresis constraints, rather than
simple fixed thresholds. If only the light intensity passing through the theoretical threshold
is used as the switching condition, a small fluctuation in the sensor or a rapid change in
cloud cover may cause the BPV array to vibrate frequently and ultimately damage the gear
drive system. A buffer control mechanism is introduced ∆Ihys in the decision algorithm (as
shown in Figure 5): by setting the upper and lower hysteresis bands for the illumination
threshold, the switching is triggered only when the illumination trend changes significantly,
and the malfunction caused by short-term disturbance is effectively filtered out [34,35].

Figure 5. Algorithmic flowchart of the dual-mode control strategy with integrated hysteresis-based
switching logic.

The hysteresis bandwidth of 20 W/m2 was determined by two complementary criteria
within the computational framework. From a numerical stability perspective, this band-
width prevents high-frequency chattering in the ODE solver at the switching threshold
boundary, ensuring that the discrete-time state machine does not generate spurious mode
transitions between consecutive sampling steps. From a photobiological perspective, this
bandwidth is commensurate with the characteristic hysteresis time constant of the Steele
photoresponse function: near the saturation threshold Isat, a 20 W/m2 irradiance deviation
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corresponds to a biologically negligible efficiency change of less than 2% (derived from
the slope of Equation (8) at I = Isat), ensuring that mode switching is only triggered by
physiologically meaningful irradiance shifts. This parameter is designed as an algorithm-
level safety margin that can be directly adapted upon future hardware deployment by
calibrating against the specific sensor specifications and actuator response latency of the
physical prototype.

The controller realizes regulation through the following state switching, with hysteresis
thresholds Isat ± ∆Ihys = 450 ± 20 W/m2 evaluated on the available beam irradiance Iav

from the sun-facing reference sensor [31]:

• Mode I (active tracking): when Iav < Isat − ∆Ihys, the array aligns to intercept all
available photons, counteracting the canyon effect.

• Mode II (defocusing operation): when Iav > Isat + ∆Ihys, the system leaves the track-
ing attitude; the solver recomputes the target attitude so that the effective surface
irradiance is regulated to Isat via the forced cosine projection relation (Equation (13)):

θ∗in = arccos(Isat/(I0 · ξ)) (13)

At this time, the motor-driven reactor deviates from the direct solar radiation direction
and precisely limits the surface radiation intensity to the safety threshold Isat.

• Hysteresis dead band: The hysteresis logic implemented in the state machine is
strictly defined as follows: if Mode I and Iav > Isat + ∆Ihys → switch to Mode II; if
Mode II and Iav < Isat − ∆Ihys → switch to Mode I. When the real-time irradiance
fluctuation enters the transition zone, the algorithm maintains the current mechanical
state unchanged. By issuing a “no action” command, the algorithm avoids high-
frequency spurious switching caused by rapid changes in weather, ensuring the
stability and service life of the mechanical system.

2.3.4. Structural-Control Co-Optimization and Rigid Dead Zone Protection

To this end, we apply a rigid deadband saturation module at the controller output to
force this:

u f inal(k) = sat(u(k),±70
◦
) (14)

This constraint mechanism protects against over-execution and enables the system
to operate stably as it approaches the functional limits. This closes the opto-mechanical–
biological feedback loop.

At the same time, the optimization process also needs to analyze the influence of
structural parameters on the control behavior. Specifically, the tube pitch and drive link
length together determine the shading characteristics, kinematic nonlinearity, and the
maximum achievable tilt range [22].

Rather than pursuing a purely theoretical optimum, this paper focuses on configu-
rations near the feasible motion boundary under actual conditions. Such a configuration
can generally achieve a good balance between land use, canyon shading reduction, and
attitude control stability.

2.4. Numerical Implementation and Simulation Protocol
2.4.1. Solver Configuration and Time Discretization

The plant dynamics are integrated with a fixed-step fourth-order Runge–Kutta scheme
at h = 0.1 s. The controller operates at a sampling period of 1 s, such that each control
update is preceded by 10 integration sub-steps of the plant. The control signal is held
constant between updates (zero-order hold).
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2.4.2. Simulation Environment and Scenario Setup

All simulations are implemented in Python (version 3.1, Python Software Founda-
tion, Wilmington, DE, USA) using NumPy and SciPy libraries. A 24 h a discrete-time
simulation environment is constructed to evaluate the coupled opto-mechanical–biological
framework and the hysteresis-based dual-mode defocusing PID control strategy. The pri-
mary simulation scenario assumes clear-sky conditions during typical daytime operational
periods (08:00–18:00), with peak surface irradiance reaching 1000 W/m2 under standard
test conditions.

Direct normal irradiance is computed with the Meinel & Meinel clear-sky model [36]
combined with the Kasten–Young air-mass formulation [37], using standard astronom-
ical solar-position equations (Cooper declination). The implementation was verified
against the NOAA solar-position algorithm (maximum positional deviation 0.31◦) and
the Ineichen–Perez clear-sky model (DNI deviation −1.4% to −5.6% over the day). The
simulated day is the summer solstice (21 June) at 23.5◦ N, UTC+8, representing peak annual
irradiance loading. The diffuse component is neglected on the clear-sky design day. The
multirate solver defined in Section 2.4.1 (RK4 plant integration at h = 0.1 s nested within
the 1 s control sampling period) is used throughout. All boundary conditions, initial states,
and the optimization grid (tube pitch P ∈ [63, 75] mm and the corresponding tube count
parameter range) have been explicitly defined for the simulation.

The PID controller is tuned with a discrete sampling period of Ts = 1 s, with fixed
gains of Kp = 1.25, Ki = 0.05 and Kd = 0.10 (Table 2) to minimize steady-state tracking error
without inducing high-frequency actuator chattering.

2.4.3. Model Validation Protocol and Verification Hierarchy

In the absence of a 100-liter-scale pilot plant, the validation in this study is structured hi-
erarchically. At the sub-model level, the biochemical consistency of the core photoresponse
penalty function (fbio) is assessed through indirect validation: steady-state light-response
curves predicted by the Steele model (Equation (8)) are compared against publicly tabu-
lated experimental data for Chlorella vulgaris, with a focus on reproducing the characteristic
nonlinear decay in photosynthetic efficiency when incident photon flux density exceeds the
light saturation threshold (Isat = 450 W/m2) [38]. At the system level, internal consistency
is verified through multi-scenario numerical simulations of the complete dual-mode track-
ing framework. This protocol provides a rigorous physics-based proof of concept, while we
explicitly acknowledge that it does not substitute for system-level experimental validation;
full-scale outdoor prototype testing, including actual BPV electrical-output measurements
under dynamic environmental conditions, remains an essential future step to fully validate
the proposed control framework.

The normalized Steele photoresponse fbio(I) = (I/Isat) · exp(1 − I/Isat) is adopted as
a shape-level model of the photoinhibited biological response: it is the standard functional
form for light-saturated, photoinhibited photosynthesis in the microalgal literature, and
it provides the two features the controller uses—a single saturation optimum at Isat and a
declining response beyond it. The absolute power level is anchored separately to power
densities reported in the literature through Pmax (Section 2.2.4); no calibration of the curve
against measured BPV electrical output is claimed.

The support for the biological model is therefore threefold and explicitly bounded:
(1) the functional form is standard in the literature for photoinhibited photoresponse;
(2) the saturation irradiance Isat = 450 W/m2 follows the value reported for Chlorella
vulgaris [31]; and (3) the sensitivity of every reported result to Isat and Pmax is quantified
in Sections 2.4.5 and 3.5. Experimental validation against measured BPV output is beyond
the scope of this simulation study and is identified as future work.
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2.4.4. Baseline Strategies and Performance Metrics

To objectively quantify the net energy benefit of the proposed dual-mode strategy, two
baseline configurations are established for comparison:

• Baseline A (latitude-based fixed tilt): a static tubular array facing true south
(azimuth = 0◦) with tilt equal to the local geographical latitude (23.5◦). This is the
standard passive engineering choice for maximizing annual solar interception of static
collectors; it is not presented as an optimized configuration. The baseline incurs no
actuator energy consumption but is exposed to canyon-effect shading at low solar
elevations and to photoinhibition around solar noon.

• Baseline B (continuous dual-axis tracking): the array tracks the sun continuously
under the same actuator model and the same loss accounting as the dual-mode system,
including driving power and standby holding power.

To ensure a methodologically consistent comparison, the biological output model
Pbio = Pmax · fbio(Ie f f ) and the canyon-effect shading model are applied identically to all
three configurations; net energy yield is gross biological output minus actuator consump-
tion for the active configurations. For the active configurations, the net energy yield is
calculated by subtracting the continuous mechanical control efforts—including the sim-
ulated torque-based active driving power (Section 2.2.4) and the standby holding power
(3.5 W)—from the gross BPV output.

Because Baseline B (continuous dual-axis tracking) maintains normal incidence at all
times, it more frequently drives the reactor into the photoinhibition regime and therefore
experiences a systematically stronger biological penalty fbio than the dual-mode strategy,
which actively limits irradiance near the saturation threshold. This asymmetry in biological
stress is an inherent consequence of the different control strategies and constitutes the
core question that the present framework aims to quantify, rather than a methodological
unfairness in the baseline definition.

The primary performance metric is the daily net energy yield (Enet), defined as the
time integral of electrical output minus tracking-related parasitic power consumption over
the 10 h operational window (Equation (11)). Secondary metrics include the percentage im-
provement in net energy yield relative to Baseline A and the hysteresis switching frequency
(number of Mode I/II transitions per day).

2.4.5. Robustness Testing Protocol

To evaluate performance under real-world uncertainty, two supplementary test pro-
tocols are implemented. Uncertainty is quantified by N = 100 Monte Carlo trials with
independent uniform ±10% perturbations on the saturation irradiance Isat, the drive effi-
ciency ηdrive, and the tube pitch P, using a fixed random seed (seed = 42). Outcomes are
reported as mean ± standard deviation with the observed min–max range. Sensor-noise
robustness is evaluated with additive zero-mean Gaussian noise (σ = 50 W/m2) on the
irradiance measurement during the midday defocusing window (12:00–12:30, seed = 7);
mode transitions are counted from the simulated switching signal.

3. Results
The results presented in this section are derived from the multi-physics simulation

framework and the baseline configurations defined in Section 2. All numerical values,
thresholds, and dynamic trajectories are generated under the established parameter bound-
aries; specific scenarios and boundary conditions corresponding to each analysis are de-
tailed in the respective figure captions.
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3.1. Pseudo-Experimental Benchmarking and Solver Configuration

Following the model validation protocol described in Section 2.4.3, the core photore-
sponse penalty function was benchmarked against experimental rapid-light-curve data
for Chlorella vulgaris digitized [38] (Figure 6). The comparison confirms the unimodal
structure of the Steele response—an optimum at the saturation irradiance followed by a
declining photoinhibited branch—while the decay beyond the optimum is deliberately
steeper than the short-exposure fluorometric reference, such that the steady-state penalty
acts as a conservative envelope for chronic daily exposure. Within this validated config-
uration, the dual-mode controller and benchmark tracking strategies are implemented
using a fixed-step fourth-order Runge–Kutta scheme nested within a 1 s control sampling
period, and the subsequent subsections present the resulting dynamic behavior and energy
yield performance.

Figure 6. Validation of the Steele photoresponse model against experimental rapid-light-curve data
digitized from [38]. (a) Normalized shape comparison: the Steele curve attains its optimum at
x = 1, provides an upper-bound rising limb, and imposes a conservative exponential penalty beyond
saturation, whereas the 30 s step fluorometric reference exhibits a broader optimum with weak
dynamic decline; the two responses are comparable in the vicinity of the optimum (shaded band).
The vertical green dashed line indicates the optimum saturation threshold corresponding to the tight
hysteresis band. (b) Native-unit experimental curves for the Chlorella control and Chlorella/CDs
groups (adapted from Figure 3F in [38]); the digitized saturation parameter Ik ≈ 239 µmol·m−2·s−1

is marked.

3.2. Dynamic Tracking Behavior and Microclimate Stabilization

Figure 7 illustrates the difference between conventional solar tracking and the pro-
posed dual-mode control strategy. Unlike conventional algorithms that minimize the
incidence angle to maximize photon capture, this behavior demonstrates the feasibility of
utilizing mechanical attitude control as an active optical throttle. By deliberately increasing
the incidence angle θact during solar noon (as governed by the dynamic incidence angle
model in Equation (3) and the forced cosine projection in Equation (13)), the system es-
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tablishes a controlled photonic ceiling at Isat = 450 W/m2. This mechanism indicates that
mechanical systems can be designed to respond to biological irradiance thresholds—not
merely to geometric solar angles.

Figure 7. Simulated tracking trajectories under dual-mode control: the ideal zenith-angle reference,
the commanded tilt, and the actual mechanical tilt angle βm(t). The Mode II defocusing window
(shaded) is taken directly from the simulated mode signal, and the dotted lines mark the effective
linkage-limited tilt bounds (±55.6◦ at L = 300 mm).

In the early morning and late afternoon, the mechanical trajectory closely follows the
ideal solar path within the imposed tilt limits. As shown in Figure 7, the mechanical tilt
angle deviates from the ideal tracking trajectory at midday.

The irradiance stabilization shown in Figures 8 and 9 extends beyond mere optical
leveling. During Mode II operation (5.28 h/day under the nominal scenario), the effective
irradiance is regulated to 450 ± 20 W/m2, reducing the daily over-saturation exposure of
the culture from 5.28 h/day (Baseline B) to 3.08 h/day. Numerically, the Mode II activation
duration coincides with the baseline over-saturation window, since the defocusing mode is
triggered precisely within the over-saturation interval. The present steady-state model does
not resolve NPQ kinetics or ROS dynamics; the exposure-duration reduction is therefore
reported as the model-supported benefit, and its physiological consequences are identified
as an experimental question for future work.

If Baseline B is used, the array will inevitably force surface irradiance beyond a
critical point, causing large-scale photoinhibition. The dual-mode strategy directly reg-
ulates incident irradiance to mitigate excessive illumination during peak periods. It can
improve irradiance uniformity and reduce the likelihood of photoinhibition under high-
light conditions. While noon protection is critical, overall performance depends more on
off-peak hours.
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Figure 8. Simulated effective surface irradiance for the dual-mode strategy and the two baselines,
with the Mode II window taken from the simulated mode signal (shaded band). Flat-top regulation
holds at the saturation threshold except for the kinematically clamped noon peak (571 W/m2); the
shaded areas above the threshold visualize the over-saturation exposure, reduced from 5.28 h/day
(Baseline B) to 3.08 h/day.

Figure 9. Quantification of the macro-shading (canyon effect) at tube pitches P = 63/69/75 mm:
(a) daily evolution of the shading penalty factor; (b) effective beam irradiance against the unshaded
reference. Denser arrays (small P) lose more irradiance at low solar altitudes, while all pitches
converge at midday. The vertical dotted lines indicate the shading-onset and shading-end times for
each tube pitch, with their colors corresponding to the respective legend entries.
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Figure 9 independently quantifies the canyon-effect shading penalty at low solar alti-
tudes, providing complementary evidence for the optical–biological coupling mechanism
discussed above.

3.3. Co-Optimization of Structural Parameters

Tube pitch P and linkage length L are key design variables governing macroscopic
scale shadows and system drive nonlinearity. To explore the combined effects of both, we
conducted a global grid search in a two-dimensional parameter space, with values ranging
from 63 to 75 mm (P) and 200 to 400 mm (L), to systematically evaluate the net daily energy
yield achievable by different parameter combinations.

The 3D response surface shown in Figure 10 reveals an obviously infeasible region of
the system under the combined effects of geometric and control constraints. Specifically, the
rigid dead zone constraint (

∣∣θm
∣∣≤ 70

◦
) significantly compresses the action space of the drive

mechanism, while the excessively narrow tube spacing increases the risk of interference
with the physical wall, both of which together lead to substandard performance in this
region. The finalized optimal configuration lies at the boundary of the feasible domain and
requires a delicate balance between land use efficiency (e.g., volumetric productivity) and
deep shadowing: as described in the literature, efficiency gains are often accompanied by
an increase in shadowing, confirming the existence of an inherent contradiction between
the design variables. This finding provides a key rationale for system optimization.

Figure 10. Simulated three-dimensional response surface of the daily net energy yield over tube
pitch P ∈ [63, 75] mm and link length L ∈ [200, 400] mm (7 × 9 grid of full-day simulations). The
surface increases monotonically with P, stays flat for L ≤ 275 mm, and degrades gradually at larger
L (kinematic-clamp region); the optimum (1554.2 kJ/day) lies at the corner where P = 75 mm,
L = 250 mm, with the nominal configuration (P = 69 mm, L = 300 mm; 1482.6 kJ/day) marked. The
black asterisk indicates the optimum configuration.

3.4. Comprehensive Assessment of Net Energy Yield

The core of the industrial feasibility assessment is to balance optical capture efficiency
with tracking energy consumption. We compare three strategies: Baseline A (latitude-based
fixed tilt, zero tracking cost), Baseline B (continuous dual-axis tracking), and the proposed
dual-mode strategy.

https://doi.org/10.3390/en19153597

https://doi.org/10.3390/en19153597


Energies 2026, 19, 3597 21 of 28

Figure 11 shows that the dual-mode array outperforms both baselines in daily net
energy yield. Under the nominal clear-sky design day, and after tracking-related energy
consumption is taken into account under identical loss accounting, the dual-mode strategy
improves the daily net energy yield by +14.9% over continuous dual-axis tracking (Baseline
B) and +6.3% over the latitude-based fixed tilt (Baseline A). These values are simulation-
derived estimates rather than validated performance gains.

Figure 11. Daily energy budget of the three configurations under the nominal clear-sky design day:
latitude-based fixed tilt (A), continuous dual-axis tracking (B), and the proposed dual-mode strategy.
Bars decompose net biological output (solid), standby holding loss (126.0 kJ/day, hatched), and active
driving loss (cross-hatched); net yields are annotated on the bars. The dual-mode strategy improves
the daily net energy yield by +14.9% over Baseline B and +6.3% over Baseline A.

Under the lower-bound biological scenario (Pmax = 0.54 W/m2), both active configu-
rations yield negative net energy benefits (−13.9 kJ/day for the dual-mode strategy and
−27.1 kJ/day for Baseline B, versus +98.1 kJ/day for the passive Baseline A): the passive
baseline dominates at this power density, delineating the feasibility boundary of active solar
management for BPV systems—active attitude control is energetically justified only above a
threshold biological power density. Although Baseline B can improve instantaneous energy
capture efficiency, the dual effects of light suppression and actuator energy consumption
often detract from the system’s net output performance during peak irradiation periods.

3.5. Disturbance Sensitivity and Robustness Analysis

The nominal results are subject to asymmetric uncertainties. Overestimation risks
include the idealized clear-sky design day, the steady-state biological model, and the
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nominal Pmax at the theoretical upper limit. Underestimation risks include the torque-based
actuator model with safety factor SF = 2, standby holding power charged over the full
day, and wind-loading at 6 m/s operational/15 m/s survival ratings. These factors are
quantified individually rather than merged into a single bound claim.

Across the 100 trials, the net energy yield improvement over the latitude-based fixed-
tilt baseline is +6.3% ± 1.8% (mean ± std), with an observed range of +2.9% to +10.0%
(Figure 12); the improvement is positive in every trial. The improvement over Baseline B is
+14.9% ± 3.1% (range +10.0% to +20.7%) and likewise remains positive in every trial. The
dual-mode benefit is therefore robust to simultaneous ±10% uncertainty in the biological,
mechanical, and geometric parameters.

Figure 12. Distribution of the daily net energy improvement across the N = 100 Monte Carlo
trials (seed = 42; independent ±10% uniform perturbation of Isat, ηdrive, and P). Boxes show the
interquartile range with median lines; whiskers extend 1.5 × IQR; jittered points show individual
trials. The improvement is positive in every trial for both baselines (+6.3% ± 1.8% over Baseline A;
+14.9% ± 3.1% over Baseline B).

Under additive irradiance noise (σ = 50 W/m2, 12:00–12:30), the controller executes
two mode-switching events, identical to the noise-free reference case: the ±20 W/m2

hysteresis band prevents noise-induced chattering during the defocusing window. The de-
focusing setpoint tracking error under noise remains within the hysteresis band throughout
the disturbance interval.

The hysteresis band (±20 W/m2) is an anti-chattering design feature: in simulation
it yields two switching events per day under the nominal scenario, and this count is
unchanged under additive measurement noise (σ = 50 W/m2). A formal closed-loop
stability proof is beyond the scope of this study; the reported behavior is the simulated
switching performance of the implemented controller. The results show that the system can
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maintain a robust positive energy yield even if the hardware and meteorological conditions
deviate from the ideal state.

4. Discussion
The structure-control collaborative optimization framework developed in this study

realizes the integrated design of geometry and control strategy under biological constraints,
formally coupling a nonlinear photobiological penalty function with a rigid-body kinematic
tracking model and a closed-loop net energy balance objective. The observed theoretical
improvement in daily net energy yield demonstrates that dynamic regulation of irradiance
distribution is a more appropriate optimization strategy compared to simply pursuing
maximum photon capture—a conclusion that holds even under the conservative mechan-
ical energy consumption boundary (Pmotor = 12 W, SF ≥ 2.0) adopted in this study. The
underlying mechanism is energetically favorable under the modeled conditions: under
high-irradiance conditions, the biological output preserved by maintaining microalgal
cultures below the photoinhibition threshold substantially outweighs the continuous par-
asitic electromechanical losses of the dual-axis tracking system. This finding establishes
a theoretical boundary condition where active mechanical intervention is energetically
justified for low-power-density biological systems—a condition that cannot be determined
from optical efficiency metrics or gross power output alone.

The primary scientific contribution of this study is the direct numerical coupling of a
nonlinear photobiological penalty function—specifically, the Steele-type photoresponse
curve governing microalgal light saturation and photoinhibition—with a rigid-body kine-
matic tracking model and a closed-loop net energy balance framework, applied to a tubular
BPV array configuration. Prior BPV studies have addressed optical optimization, biological
photoinhibition modeling [5,6,12–15], and control-oriented tracking [7,16–18] as separate
problems, but the nonlinear biological–kinematic interaction that emerges when a mechani-
cal actuator must satisfy a biologically defined irradiance ceiling has not been quantitatively
characterized in a net energy framework for BPV systems. It is precisely this interaction
that the dual-mode adaptive defocusing framework formalizes.

Limitations of the Simplified Biological Model: Several simplifying assumptions
define the theoretical scope of the present framework and must be acknowledged for
proper interpretation of the results. First, the biological model employs a steady-state Steele
photoresponse function calibrated to Chlorella vulgaris under well-mixed culture conditions;
transient intracellular processes including non-photochemical quenching (NPQ) kinetics,
reactive oxygen species (ROS) accumulation, and temperature-dependent metabolic shifts
are not resolved. Second, the optical model omits internal light gradients within the algal
suspension, potential biofouling-induced glass surface attenuation, and the microlensing
effect induced by the cylindrical tube geometry. Third, the isothermal assumption does not
account for temperature-induced inhibition effects arising from thermo-optical coupling
under peak solar loading. Fourth, the electrochemical subsystem is represented by a
lumped extraction-efficiency coefficient ηext = 0.82 rather than a full kinetic electrode
model. Both the lumped extraction-efficiency coefficient ηext = 0.82 and the attenuation
coefficient κ = 0.15 mm−1 are chosen within experimentally reported ranges for graphene-
based BPV electrodes and well-mixed Chlorella cultures at biomass concentrations of
1.2–1.8 g/L, respectively, so that the macroscopic behavior remains representative despite
the simplified treatment. Collectively, these omissions mean that the reported +14.9%
and +6.3% improvements represent simulation-derived estimates under idealized clear-
sky, isothermal, and biofouling-free conditions. Consequently, no claim regarding the
prevention of photodamage is made; the model quantifies exposure duration above the
saturation threshold, and any physiological benefit must be established experimentally.
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The actuator consumption is parameterized from a bottom-up torque budget rather than
measured on hardware. Experimental prototype validation and year-round TMY-driven
simulation are required future work. The impact of ±10% perturbations in the key optical,
biological and mechanical parameters on daily net energy yield has been quantified in
Section 3.5, which indicates that the qualitative conclusions of the framework remain
robust within this uncertainty band. Future studies should couple CFD, heat transfer, and
radiation transport models to more fully resolve the internal micro-environment of the
reactor, thereby providing the theoretical substrate for Life Cycle Assessment (LCA) and
Techno-Economic Analysis (TEA) for large-scale BPV deployments.

Meteorological Variations and Seasonal Applicability: Under realistic meteorolog-
ical profiles—such as overcast days with high diffuse radiation or winter seasons with
lower peak solar elevation—the local effective irradiance may naturally remain below
450 W/m2. Under such conditions, the defocusing mode would not be triggered. In this
regime the system reduces to a conventional dual-axis tracker: the strategy degrades grace-
fully rather than failing. Under such conditions, however, the marginal energy benefit
of tracking itself diminishes, and the bandwidth analysis (Section 3.5) delineates the bio-
logical power-density range over which active solar management remains energetically
justified. Transitioning this proof-of-concept to real-world deployment will require cou-
pling the algorithm with annual Typical Meteorological Year (TMY) datasets to optimize the
tracking-standby logic across multi-day cloudy conditions. It should be emphasized that,
in the present work, these cloudy-sky and seasonal effects are discussed qualitatively only;
quantitative long-term simulations using full Typical Meteorological Year (TMY) datasets
remain outside the current scope and are identified as a priority for future extensions of
the framework.

Framework Versatility and Applicability to Diverse Algal Strains: The proposed
dual-mode framework features a species-agnostic control architecture that extends its ap-
plicability beyond the Chlorella vulgaris case studied here. The controller’s decision logic is
governed entirely by two biologically defined setpoints—the saturation irradiance thresh-
old Isat and the biological penalty function fbio—both of which are strain-specific but freely
reconfigurable. Adapting the framework to Spirulina (Arthrospira platensis), for instance,
requires only updating Isat to match the strain’s characteristic photophysiological limit and
adjusting the shape parameters of fbio to reflect its filamentous self-shading geometry and
different light-harvesting antenna cross-section. The kinematic model, hysteresis switching
logic, and net energy balance objective function remain structurally unchanged. This algo-
rithmic flexibility positions the dual-mode defocusing strategy as a generalizable platform
for optimizing energy yields across diverse electrogenic microorganism platforms, provided
that the relevant strain-specific photoresponse parameters are experimentally characterized
and supplied as calibration inputs. It should nevertheless be emphasized that all quanti-
tative results in this study are parameterized for Chlorella vulgaris (Isat = 450 W/m2) with
Pmax bounded by the literature range 0.54–7.7 W/m2. Transfer to other strains, reactor
geometries, or latitudes requires re-parameterization; the bandwidth and Monte Carlo
analyses (Section 3.5) indicate how sensitive the conclusions are to such changes, but do
not constitute evidence of performance for other configurations.

5. Conclusions
In outdoor movable high-density tubular microalgae BPV systems, canyon-effect

shading and photoinhibition phenomena lead to significant energy losses. To solve the
above challenges, a hysteresis-based dual-mode defocusing PID controller with hysteresis
switching is proposed in the framework of system optimization. The controller regulates
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the tubular array irradiance near the biological saturation threshold, thereby improving the
operational stability of solar-integrated BPV systems.

Under the simulated nominal clear-sky design-day conditions, the dual-mode strategy
achieves a daily net energy yield improvement of +14.9% over continuous dual-axis tracking
and +6.3% over the latitude-based fixed-tilt baseline. These values are simulation-derived
estimates obtained under idealized clear-sky and isothermal conditions; the conservative
bottom-up actuator parameterization (12 W nameplate motor, gearbox safety factor SF = 2,
standby holding power charged over the full day) ensures that the estimates remain ro-
bust even under elevated parasitic-loss boundary conditions. Nonetheless, the scientific
significance of this framework lies not in this specific numerical outcome, but in its formal
integration of nonlinear photobiological dynamics with rigid-body kinematics and net en-
ergy balance—a multi-physics coupling that has not been previously characterized in a net
energy framework for BPV systems. This integration provides a quantitative theoretical ba-
sis for evaluating when active mechanical defocusing is energetically justified, establishing
a mathematical benchmark for future experimental design and prototype validation.

The dual-mode strategy is robust to irradiance disturbances and parameter variations:
across 100 Monte Carlo trials with ±10% perturbations, the net energy yield improvement
over the latitude-based fixed-tilt baseline (Baseline A) remains positive in every trial
(+6.3% ± 1.8%, range +2.9% to +10.0%), and the hysteresis controller maintains exactly two
switching events under additive irradiance noise (σ = 50 W/m2). This framework offers a
physics-based computational path to balancing light regulation and energy efficiency in
BPV systems, pending future experimental prototype validation.

The dual-mode defocusing framework is presented as a physics-based simulation and
evaluation tool. Practical deployment presupposes prototype-scale experimental validation
and year-round TMY-based analysis, both identified as future work.
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BPV Biophotovoltaic
PET Photosynthetic Electron Transfer
NPQ Non-Photochemical Quenching
ROS Reactive Oxygen Species
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PSII Photosystem II
DET Direct Electron Transfer
MCU Microcontroller
STC Standard Test Conditions
RK4 Fourth-Order Runge–Kutta
LCA Life Cycle Assessment
TEA Techno-Economic Analysis
Symbol Description
IDNI Direct normal irradiance, clear-sky beam irradiance on a sun-normal plane (W/m2)

Iav
Available beam irradiance measured by the sun-facing reference sensor; the
mode-switching signal (W/m2)

Ie f f

Effective surface irradiance on the tubular array after cosine projection and
canyon-effect shading; the regulated quantity and the argument of the
biological response (W/m2)

fbio(Ie f f ) Normalized biological photoresponse (dimensionless)
Pmax Peak areal power density (W/m2)
P Center-to-center tube pitch (mm)
D Tube outer diameter (mm)
G Clear gap (mm)
ξ Canyon-effect shading penalty factor, Equation (4) (dimensionless, dynamic)
βm(k) Actual mechanical tilt angle at step k (◦)
βre f Reference (target) tilt angle (◦)
u(k) Commanded slew rate (◦/s)
e(k) Tracking error (◦)
∆Ihys Hysteresis band around Isat (±20 W/m2)
ωmax Slew-rate limit (1.4◦/s)
J Rotational inertia of the array (kg·m2)
τs, τc Break-away static and Coulomb dynamic friction torques (N·m)
ηdrive Drive-chain efficiency (–)

Note: All irradiances are reported in W/m2; for comparison with the microalgal literature, 1 W/m2

PAR ≈ 4.6 µmol photons m−2 s−1.
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