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P R O S T H E T I C S

Closed-loop optogenetic neuromodulation enables 
high-fidelity fatigue-resistant muscle control
Guillermo Herrera-Arcos1,2,3, Hyungeun Song1,4, Seong Ho Yeon1,2, Omkar Ghenand1,5, 
Samantha Gutierrez-Arango1,2, Sapna Sinha1,3, Hugh Herr1,3*

Closed-loop neuroprostheses show promise in restoring motion in individuals with neurological conditions. However, 
conventional activation strategies based on functional electrical stimulation (FES) fail to accurately modulate muscle 
force and exhibit rapid fatigue because of their unphysiological recruitment mechanism. Here, we present a closed-
loop control framework that leverages physiological force modulation under functional optogenetic stimulation 
(FOS) to enable high-fidelity muscle control for extended periods of time (>60 minutes) in vivo. We first uncovered the 
force modulation characteristic of FOS, showing more physiological recruitment and significantly higher modulation 
ranges (>320%) compared with FES. Second, we developed a neuromuscular model that accurately describes the
highly nonlinear dynamics of optogenetically stimulated muscle. Third, on the basis of the optogenetic model, we 
demonstrated real-time control of muscle force with improved performance and fatigue resistance compared with 
FES. This work lays the foundation for fatigue-resistant neuroprostheses and optogenetically controlled biohybrid 
robots with high-fidelity force modulation.

INTRODUCTION
Skeletal muscles are biological actuators responsible for almost all 
movement in animals and humans. Since Luigi Galvani’s experiments 
of muscle contraction via electrical stimulation of motor axons, sci-
entists have developed means to understand and probe muscles to 
generate controlled motion. In various neurological conditions, the 
communication pathway between the central nervous system and 
neuromuscular components is severed, resulting in motor deficits 
such as paralysis. Neuroprostheses can replace the missing neuronal 
input by delivering precise commands using artificial stimulation to 
restore muscle function. Functional electrical stimulation (FES) has 
been the dominant stimulation modality. Understanding of the rela-
tionships between stimulation parameters and muscle behavior (1, 
2), the nonlinear recruitment characteristic (1, 3, 4), and spatiotem-
poral properties of FES-stimulated muscles (1, 4–7) has enabled the 
development of numerous models (1, 3, 8–11) and closed-loop dem-
onstrations. For example, grasping has been restored in nonhuman 
primates (12) and humans with tetraplegia (13, 14), walking speeds 
(15, 16) and muscle structural changes (17) have been improved in 
patients with drop foot, and control over diaphragm function has 
been restored using phrenic nerve stimulation in patients with spinal 
cord injury and amyotrophic lateral sclerosis (18).

Despite substantial advancements, FES is characterized by reverse 
recruitment order of motor units, where large fatigable units are re-
cruited before smaller fatigue-resistant units (19). This is contrary to the 
way the central nervous system recruits motor units (orderly recruit-
ment), where small motor units are recruited first for low-force fine 
motor control and larger units are recruited with increasing levels of 
motor activation for high-force activities (20, 21). The reverse re-
cruitment mechanism of FES makes fine-force modulation challenging 
(2, 22) and fatigues muscles after a few minutes of stimulation (19, 23, 
24). Thus, the field requires a new stimulation modality that can provide 

reliable, long-term, graded muscle modulation for chronic rehabilita-
tion applications such as full restoration of dexterous grasping.

Recently, functional optogenetic stimulation (FOS) (25), a tech-
nology that uses light to artificially stimulate genetically modified 
nerve cells (26), has enabled orderly recruitment of motor units as 
shown by axon latency metrics (19). This suggests that FOS could 
serve as neuromodulation strategy for motor prostheses. However, 
the relationship between stimulation parameters and force produc-
tion that would inform optogenetic modulation strategies, as well 
as the force modulation characteristic of FOS, remains unknown. 
These shortcomings have precluded the development of biophysical 
models that could be leveraged in closed-loop neuroprostheses to 
achieve accurate and fatigue-resistant muscle control.

We hypothesized that FOS would enable high-fidelity and fatigue-
resistant control of muscle force, conferred by a more physiological 
force modulation mechanism, compared with FES. To address this 
hypothesis, we conducted three experiments where metrics of force 
modulation and control performance were directly compared between 
FOS and FES. We first performed open-loop stimulation protocols to 
mechanistically characterize the force modulation characteristic. Then, 
muscles were stimulated using dynamically rich signals to perform 
system identification procedures for biophysical modeling. Last, the 
biophysical model was used to design a closed-loop controller, and its 
performance was evaluated over short and extended durations (Fig. 1A). 
These results provide a comprehensive characterization of FOS muscle 
dynamics, elucidating neuromodulation strategies to orchestrate motor 
recruitment, enabling the development of an optogenetically stimulated 
muscle model and demonstration of accurate fatigue-resistant muscle 
control (Movie 1). This work lays the foundation for neural controllers 
for optogenetically modulated motor prostheses.

RESULTS
Spatiotemporal stimulation protocols for 
muscle characterization
To comprehensively characterize muscle dynamics and perform 
closed-loop muscle control in vivo, we developed a platform capable 
of repeatable and accurate sensing and stimulation. The platform 
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comprises an adjustable muscle characterization apparatus (Fig. 1B) 
capable of high-resolution muscle force recordings (Fig.  1C and 
fig. S1), electromyographic (EMG) recordings, and precise optical 
and electrical stimulation along the nerve (fig. S2). Neural stimula-
tion (FOS or FES) was delivered to the tibial nerves of anesthetized 
transgenic mice expressing the excitatory opsin channelrhodopsin-
2 (ChR2) under the Thy1 promoter (19), whereas force and EMG 
were recorded from the lateral gastrocnemius. Detailed descriptions 
of the surgical and experimental procedures can be found in Materi-
als and Methods.

To elucidate the spatial behavior of FOS, stimulation was deliv-
ered to a proximal and distal location of the nerve (fig. S3A). The 
force dynamics at the proximal stimulation location exhibited a pro-
nounced force decay after an initial peak before decaying to a steady 
state. In some cases, steady state was not achieved, and just the ini-
tial peak was observed. In contrast, force dynamics at the distal loca-
tion showed a less pronounced force decay, indicating sustained 
force generation and distinct steady-state values (fig. S3C). Recruit-
ment curves in fig.  S3D showed higher steady-state force values 
(distal: 138.5 mN; proximal: 33.6 mN) and higher force resolution 
between stimulation pulses (distal: 12.5 mN; proximal: 2.9 mN) un-
der distal compared with proximal stimulation. This was not ob-
served with FES (fig. S3B). Immunohistochemical analysis suggested 
that this proximodistal behavior of FOS is not related to different 
ChR2 channel expression levels along the nerve (fig.  S4). On the 

basis of this result, stimulation on subsequent experiments was 
delivered to the distal section of the nerve. Stimulation pulses were 
2 s to ensure that steady-state force was achieved, with at least 25 s of 
rest between consecutive pulses to avoid fatigue (1). No fatigue was 
observed as illustrated by the monotonic shape of the recruitment 
curves. The stimulation protocol is described in more detail in 
Materials and Methods.

Given the extended duration of the stimulation pulses, we ob-
served steady-state force responses following distinct dynamics be-
tween stimulation modalities. For FOS, after reaching peak force, 
there was a force decay before reaching steady state. These dynamics 
closely resemble the desensitization to a smaller steady-state con-
ductance observed in ChR2 whole-cell patch-clamp studies (27). 
For FES, the initial force decay after peak force was less prominent 
than that for FOS, achieving steady state earlier and at higher levels 
(Fig. 1C). Similar dynamics and magnitudes have been observed in 
previous optogenetic studies in rodents (19, 28).

Optogenetic force modulation
Muscle force can be modulated via two main mechanisms: motor unit 
recruitment and rate coding (29). Motor unit recruitment is achieved 
by varying the number of motor units that are active, whereas rate 
coding is achieved by varying the firing rate of individual motor units 
because of greater overlap of successive muscle twitches. Steady-state 
responses were sought because twitch responses may be different 
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Fig. 1. Experimental framework for muscle characterization and control. (A) Stimulation protocols were performed to characterize the muscle force modulation and, 
together with dynamically-rich stimulation signals, to develop a biophysical muscle model; last, the biophysical muscle model was used to design a controller for closed-
loop force modulation. (B) 3D render of the muscle characterization apparatus comprising a heated bed for in vivo experimentation in rodents, an adjustable platform for 
optical and electrical stimulation, and an adjustable force recording platform, with close-up views of the three degrees of freedom (DOF) of the stimulation platform and 
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from the control signals typically used in neuroprosthetic control. 
Aimed at quantifying graded muscle modulation, we constructed 
muscle recruitment curves. The recruitment curve of a muscle is a 
measure of the number of active muscle fibers (4) and can be defined 
as the input-output relationship between stimulus activation level and 
muscle force (1, 4). The shape of this relationship determines the 
degree of proportionality that can be achieved (4) and is thought to be 
recruitment order dependent (29). Therefore, a more gradual force 
modulation is a sign of orderly recruitment (30).

To vary the number of recruited motor units, we used pulse 
width modulation adjusted to the maximum muscle force range 

(see Materials and Methods). We observed fundamentally different 
recruitment curves between FOS and FES (Fig.  2A). The FES re-
cruitment curve showed close to all of the muscle force (80.4%) gen-
erated at low stimulation values (pulse width: 33.33%). Contrarily, 
the FOS recruitment curve showed low force production (40.3%) at 
the same stimulation value (Fig. 2A), indicating excitability thresh-
old differences between the stimulation modalities. The recruitment 
slope between 0 and 75% of muscle force was significantly smaller 
for FOS compared with FES (fig. S5A), indicating that, under FES, 
fibers responsible for high force production are recruited first, 
whereas under FOS, fibers can be recruited to generate force from 
small to large, proportionally to the stimulation command, to 
generate a more graded force modulation. Comparison of the mod-
ulation range to generate 25 and 50% of muscle force revealed sig-
nificantly higher resolution for FOS compared with FES (fig. S5B) 
and across the whole muscle force range (fig. S6A and table S1). At 
25 and 50% of force, FOS had a modulation range 324 and 390% 
higher than FES. Moreover, the modulation range required to go 
from 25 to 50% of muscle force was significantly different for FOS 
(25% of force: 27.0%, 50% of force: 36.3%; fig. S5B and table S1), 
whereas for FES, it remained at a similar range (25% of force: 8.3%, 
50% of force: 9.3%; fig.  S5B and table  S1). Previous studies have 
shown the FES recruitment curve to be highly nonlinear (1, 3, 4); 
the nonlinear shape is dictated by the location and size distributions 
of the individual motor unit axons within the nerve, with large-
diameter axons having a lower stimulation threshold than small-
diameter axons (1). A quantitative nonlinearity analysis of the 
recruitment profiles (see Materials and Methods for definition of 

Movie 1. Overview of optogenetic system for high-fidelity and fatigue-
resistant muscle control. 
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nonlinearity measure) (31) indicated that the FES recruitment 
curve was significantly more nonlinear than FOS (FES: 39.39%, 
FOS: 20.63%; Fig. 2B). To further describe this, we constructed re-
cruitment curves on the basis of integrated EMG, as a proxy for 
volitional neural signals (fig. S6B). We again found that FOS had 
higher modulation ranges across the whole muscle force range com-
pared with FES (fig. S6C and table S2). This suggests that FOS is able 
to precisely modulate the activation of both small and large mo-
tor units.

We found that FOS generated higher steady-state force at around 
half-maximal and significantly higher force at maximum stimula-
tion when compared with FES (FOS: 89.7 mN, FES: 48.6 mN; Fig. 2, 
C and D). FOS generated higher peak force across the whole stimu-
lation range (fig. S6D) and significantly higher force at maximum 
stimulation compared with FES (FOS: 252.5 mN, FES: 83.2 mN; 
fig. S6E). This suggests that FOS can activate motor units that are 
inaccessible to FES, although only a portion of motor units may be 
genetically transduced (fig. S4) (28).

We next examined rate coding of FOS. To vary the firing rate of 
individual motor units, we used frequency modulation adjusted to 
the maximum muscle force range (see Materials and Methods). 
Although motor unit recruitment is usually preferred over a moder-
ate force range because of the fatigue effects at high frequencies (3), 
it presents another strategy for force modulation. Similarly to FES, 
under FOS, we observed modulation of force as stimulation fre-
quency increased up to 40 Hz. However, after 40 Hz, steady-state 
force under FOS started to decrease, whereas under FES, force was 
maintained (Fig.  2E). Previous optogenetic studies have shown a 
frequency limit related to opsin kinetics attributed to a desensitiza-
tion of ChR2, suggesting that opsins with faster kinetics may be 
used to overcome this (28). In a study with viral-mediated ChR2, it 
was found that activations greater than 36 Hz resulted in a reduction 
in force (28). In a study in nonhuman primates, EMG responses 
tracked FOS up to 16 Hz (32). We found a frequency limit for excit-
atory opsin ChR2 to be around 40 Hz in our study (Fig. 2E). We 
then asked whether this limits the absolute force magnitude that can 
be achieved. Steady-state force was significantly higher for up to 
50 Hz, where for higher frequencies (60 to 100 Hz), similar values 
were observed compared with FES (Fig. 2, F and G, and table S3). 
Peak force was also significantly higher for all frequencies compared 
with FES (fig. S6, F and G, and table S4). This suggests that although 
the FOS frequency range for force modulation is smaller, the force 
that can be achieved is higher at low frequencies and similar at high 
frequencies compared with FES. These data showed that FOS activa-
tion achieved proportional, graded, and more linear force modula-
tion, as well as similar or higher muscle force production compared 
with FES, opening the possibility of repeatable and precise muscle 
control.

Biophysical optogenetically stimulated muscle model
We leveraged the aforementioned force modulation to develop a 
biophysical model of optogenetically stimulated muscle. Artificially 
stimulated muscles exhibit a number of nonlinear dynamics because 
of the recruitment mechanism and muscle dynamics. In addition, 
the force dynamics of FOS are highly nonlinear because of the opsin 
kinetics effect on the exponential force decay dynamics (fig. S7). 
Although we have noted that the FOS recruitment characteristic is 
more physiological and follows a more linear relationship than FES 
(Fig. 2B), it was considered nonlinear because muscle length-tension 

properties (1) and movement of stimulating electrodes (4) might 
contribute to nonlinear behavior beyond the number of active 
motor units (recruitment). Hence, we aimed at modeling optoge-
netically stimulated muscles using nonlinear identification proce-
dures used on other biological systems, such as retinal neural 
processing (33), neural responses of bullfrogs (34), and dynamics 
of FES-stimulated muscle (1, 3). The model comprised a static non-
linearity representing the recruitment mechanism, a dynamic sys-
tem representing the opsin dynamics, and a linear dynamic system 
representing the muscle dynamics (Fig. 3A).

Logistic fitting was used to model the recruitment characteristic 
for both FOS and FES; however, the parameters between them sig-
nificantly differed. From the logistic function equation (Eq. 1), we 
compared two parameters that describe the shape of the function: 
Recruitment steepness describes the slope or growth rate (γ), and 
large fiber activation threshold describes the midpoint between the 
peak and baseline (δ). We found the recruitment steepness for FOS 
to be significantly smaller than FES (FOS: 1.0, FES: 7.0; Fig.  3C), 
indicating more proportional and graded recruitment of FOS than 
FES. We observed the large fiber activation threshold for FOS to be 
significantly higher than FES (FOS: 5.9, FES: 1.2; Fig. 3D), suggest-
ing that FOS has a higher threshold for large fiber activation com-
pared with FES.

Muscle dynamics were modeled as a continuous-time linear 
second-order system comprising muscle activation and muscle-
tendon force dynamics. It has been shown that under isometric con-
ditions, the forces produced by muscles in cats and humans in 
response to randomly applied inputs can be sufficiently approximated 
by linear dynamic models (2, 3, 22, 35). We modeled activation 
dynamics and used a linear muscle-tendon force dynamic model 
(36), resulting in the muscle-tendon force dynamics in Eq. 2. GF is a 
muscle activation coefficient, kT is a parallel tendon elasticity ele-
ment, bT is a parallel tendon viscosity element, kM is a parallel muscle 
elasticity element, bM is a parallel muscle viscosity element, s is the 
variable in the frequency domain, and A is the muscle activation (see 
Materials and Methods for detailed model derivation).

The FOS force decay is the predominant difference between FOS 
and FES dynamics. We hypothesized that an extra block with expo-
nential dynamics representing the effect of opsin kinetics on force 
dynamics could account for this difference. To validate this, FOS 
force dynamics were fitted to an exponential function (Fig.  3E). 
Across stimulation values (Fig. 3F, top) and stimulation durations 
(Fig. 3F, bottom), the coefficient was found to be constant, indicat-
ing that an exponential dynamics block is suited to account for the 
decaying FOS force dynamics. The variability between animals 
could be explained by the difference in the number of motor units 
expressing the opsin, different expression levels (25, 37), and slight 
changes in optical illumination.

On the basis of the proposed model, a system identification 
procedure for Hammerstein architectures was used (fig.  S8) (38). 
Pseudo-random binary signals at different stimulation levels were 
used as input, and muscle force was recorded as the output. A por-
tion of the data (70%) was used for the identification procedure, and 

fR(u) = β
1

1 + e−γ(u−δ)
(1)

FMT(s) =
GF(kT + bTs)

(kM + kT) + (bM + bT)s
A (2)
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the remaining 30% was used to evaluate its performance. After the sys-
tem identification procedure converged (no change in root mean square 
error between measured and estimated force values for 10 runs), for 
FOS, the opsin dynamics were added. A representative trial of the esti-
mated FOS force dynamics showed that estimated dynamics closely 
replicated experimental dynamics (Fig. 3G). The model performance 
was evaluated by measuring the correlation between estimated and ex-
perimental values, showing that the model accurately depicted muscle 
dynamics of FOS (R2 = 0.9635; fig. S9). The model performance for the 
rest of the animals also showed similar performance (R2 = 0.9447; 
n = 3; fig. S9). For FES, no additional dynamics were added. The model 
performance for FES showed accurate replication of experimental mus-
cle dynamics (R2 = 0.9221; n = 3; fig. S9). As expected, the muscle 
dynamics were similar between FOS and FES; the distinction in force 
dynamics stemmed from the recruitment mechanism and opsin 
dynamics (fig. S10).

We aimed to use the model for closed-loop muscle control; how-
ever, it is challenging to obtain an inverse of the opsin dynamic sys-
tem because of its nonlinear characteristic. A second-order linear 
system was insufficient to capture FOS dynamics (fig. S11). Hence, 
we performed a modified system identification procedure to include 
the opsin dynamics in the linear dynamic system. We hypothesized 
that an additional order in the linear system could account for the 
effect of the opsin dynamics (fig. S11). We further developed our 
model on the basis of the ChR2 four-state photocycle model (27, 
39–41). The four-state photocycle model assumes two activation 

states, O1 and O2, and two deactivation states, C1 and C2. Because 
of the unidirectional state transition between C1 and C2 (C2 → C1), 
conductance in O2 activation state shows impulsive transitional 
dynamics under constant optical stimulation (39). We modeled the 
impulsive transitional dynamics using the axonal conductance of 
the open states as

where NO2 and tO2 are the overall unit recruitment in the O2 state 
and a time constant for the transitional dynamics, respectively. nO2 
and a are fitting parameters to describe the transitional and steady 
state of the O2 dynamics on the basis of the number of channels 
in each state. Then, the overall unit recruitment for O1state was 
defined as

Because O1 and O2 states are known to have different conductance 
levels (42), effective unit recruitment by channels in O1 and O2 
states uO12 was described as

NO2 =
nO2 + a

tO2 + s
(3)

NO1 = u − NO2 =

(

1 −
nO2s + a

tO2 + s

)

u (4)

uO12=CO1NO1+CO2NO2=

CO1tO2+ (CO1+ (CO2−CO1)nO2)s+ (CO2−CO1)a

tO2+ s
u (5)
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*P < 0.05. Paired two-tailed t test at significance level (α = 0.05). Error bars represent SEM.
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where NO1 and CO2 are the axonal conductance for each O1 and 
O2 states.

In accordance with our modeling, this additional order cou-
pled to the muscle dynamics forming a third-order system was 
found to closely replicate the dynamics observed experimentally 
(R2 = 0.9621; Fig. 3H and fig. S11), with similar performance to 
the second-order model with non-invertible opsin dynamics 
(R2 = 0.9635; Fig. 3G). The rest of the animals also depicted sim-
ilar performance (R2 = 0.9292; n = 3; fig. S11). A higher-order 
model (fourth order) showed similar performance to the third-
order model (fig.  S11). Together, considering the recruitment 
static nonlinearity (Eq. 1), muscle-tendon dynamics (Eq. 2), and 
opsin dynamics (Eq. 5), the resulting second-order force FES dy-
namics and the resulting third-order force FOS dynamics were 
described as

High-fidelity closed-loop optogenetic muscle control
On the basis of the biophysical model, we then designed a control-
ler to evaluate the force controllability of muscles under FOS. We 
hypothesized that a controller with knowledge of FOS-stimulated 
muscle dynamics would outperform one with only feedback. To 
test this, we built a model-based controller with the entire FOS 
and FES dynamics as a feedforward element plus feedback (MB) 
and one with only feedback (FB) (Fig. 4A). The feedback controller 
comprised a proportional-integral (PI) controller with gains ad-
justed at the beginning of each experiment for each animal. The 
feedforward controller comprised the inverted third-order muscle 
model of FOS and second-order FES models (inverse of Eqs. 6 and 
7), plus the same PI controller. To investigate the differences be-
tween stimulation modalities, both controllers were tested using 
FOS and FES. The closed-loop system compares the error between 
a reference force trajectory and the measured force from the muscle-
tendon unit and modulates the pulse width of the stimulation sig-
nal on the basis of the controller architecture (FB or MB) in real 
time at 2 kHz (Fig. 4A). See Materials and Methods for the detailed 
procedure.

We first performed closed-loop control of muscle force following 
square waveforms, which represent signals where steady-state force 
needs to be achieved, as is required in tasks like grasping and stand-
ing (Fig. 4D). Under square trajectories, we observed significantly 
less error when using the model-based controller under FOS (MB: 
13.8%, FB: 33.2%; Fig. 4E). Under FES, the error was not different 
between model-based and feedback-only control (MB: 34.9%, FB: 
31.4%; Fig. 4E). We then performed closed-loop control following 
sinusoidal force trajectories (Fig.  4B) to emulate the signal wave-
forms used in tasks like walking and running. Analysis of control 
performance revealed significantly less error using the model-based 
controller compared with the feedback-only controller under FOS 
(MB: 13.8%, FB: 33.5%; Fig. 4C). This was not the case for FES (MB: 
24.7%, FB: 36.7%; Fig. 4C). Feedforward and feedback control sig-
nals for both FOS and FES contributed to the performance of the 
controller, as indicated by their positive value (fig. S12), underscor-
ing the relevance of including a feedforward policy. We confirmed 

the ability of the model to cancel a portion of the dynamics of FOS-
stimulated muscle and the applicability of the model for real-time 
control purposes.

We then compared the controllability between FOS and FES. For 
square waveforms (Fig.  4D), model-based FOS performed with 
significantly less error than model-based FES (FOS-MB: 13.8%, 
FES-MB: 34.9%; Fig. 4E) and feedback-only FES (FOS-MB: 13.8%, 
FES-FB: 31.4%; Fig. 4E). For sinusoidal waveforms (Fig. 4B), model-
based FOS also showed significantly less error compared with 
model-based FES (FOS-MB: 13.8%, FES-MB: 24.7%; Fig. 4C) and 
feedback-only FES (FOS-MB: 13.8%, FES-FB: 36.7%; Fig.  4C). 
These results indicate higher controllability of FOS compared with 
FES given the optimal control policy for each stimulation modality.

We then evaluated control performance using rise time, settling 
time, and overshoot metrics. We observed significantly reduced set-
tling times under model-based FOS compared with model-based 
and feedback-only FES (Fig. 4F and table S5). For rise time, signifi-
cant differences were observed between model-based FOS and 
model-based FES control; however, no significant differences were 
found between model-based FOS and feedback-only FES (Fig. 4F 
and table S5). Feedback-only FES control showed lower rise times 
compared with model-based FES (Fig. 4F and table S5). For over-
shoot, no significant differences were observed between FOS and 
FES or between control modalities of FOS and FES (Fig. 4F and 
table S5). This suggests that the model-based controller has a pre-
dominant effect on settling time to achieve steady-state force.

Fatigue-resistant optogenetic muscle control
We further probed controller performance during an extended stim-
ulation protocol to evaluate fatigue resistance using the model-
based controller. FOS showed reduced error across the whole 
stimulation protocol of 62 min (Fig. 5A). At approximately minute 
10, FES had a control error above 50%; at minute 11.5, the error was 
close to 75%; and at minute 14, the error reached up to 90%. FES 
was unable to modulate force at approximately 15 min (Fig. 5, A and 
C); hence, stimulation was stopped at 30 min after no sign of re-
sponse. Unexpectedly, FOS was able to modulate force up until the 
end of the experiment (62  min), with errors below 50% for the 
whole duration (Fig.  5, A and C). The control error at 6, 15, and 
30 min for FOS was 8.99, 16.23, and 42.39%, respectively, compared 
with 29.73, 86.86, and 82.76% for FES (Fig. 5B). At 6, 15, and 30 min, 
FOS had a fatigue index of 0.95, 0.99, and 0.33, respectively, com-
pared with FES’ 0.64, 0.62, and 0.75. At 6, 15, and 30  min, FOS 
showed increased fatigue resistance compared with FES (148, 1600, 
and 444%, respectively). On the basis of the reference trajectory fre-
quency (0.6 Hz) mimicking a walking gait at 0.125 m/s (43), we 
estimated that this animal would have performed 2227 cycles walk-
ing approximately 465 m.

Periodic behavior was observed during extended closed-loop 
control. This periodicity can be explained by two mechanisms. The 
first is related to a potentiated state (44), characterized by increases 
in EMG and torque (45), and depends on the contractile history 
(44). This mechanism has been linked to phosphorylation of myosin 
light chains (46) and increases in α-motorneuron excitability (44, 
47). This was observed in both FOS and FES (fig.  S13). A three-
phase mechanism previously described by our group (25) may 
underlie the intermittent 2-min decrease in control performance 
that we found for FOS (fig. S13). Despite this, the controller was able 
to maintain up to 50% of force during the whole stimulation period. 

FFES = fRFMTu (6)

FFOS= fR
[

CO1tO2+ (CO1+ (CO2−CO1)nO2)s+ (CO2−CO1)a

tO2+ s

]

FMTu
(7)
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This periodicity was also found in a second animal that underwent 
a stimulation protocol of 72 min (fig. S14).

DISCUSSION
Despite the successful demonstrations of FES motor prostheses, ap-
plication of this technology is still unsuitable for chronic use in daily 
life, mainly because of the unnatural recruitment order of motor 
units that leads to muscle fatigue and poor control. Here, we estab-
lished a framework to elucidate the force modulation characteristic 
of FOS, a technology capable of orderly recruitment of motor units. 
We also provided modulation strategies tailored to FOS considering 
its spatial and temporal dynamics, developed a neuromuscular mod-
el for optogenetic motor prostheses, and demonstrated closed-loop 
FOS control of muscle force with high-fidelity for extended durations.

Dexterous grasping, object manipulation, and complex tasks like 
playing the piano require exquisite neural control of muscles. A 
principle of neuromuscular organization that is thought to allow 
such control is the size principle (20, 21) or orderly recruitment of 
motor units. It has been shown that axon conduction latencies 
under FOS closely replicate this principle (19). On the basis of this 
finding, we hypothesized that force modulation using FOS would 
be more physiological than FES. We provide data to support this 

hypothesis. FOS achieves proportional, graded, and more-linear 
force modulation compared with FES. Given the recruitment mech-
anism of FES, large-diameter axons are activated at lower thresh-
olds, limiting the modulation efficiency. Because of the uniform 
presence of photosensitive channels in small and large axons leading 
to membrane potential thresholds similar to physiological ones, 
FOS yields a modulation characteristic where force production is 
proportional to the given stimulation, similar to the physiological 
mechanism observed when muscles are naturally activated. This 
modulation characteristic adds evidence to support the hypothesis 
that FOS achieves orderly recruitment of motor units, although 
studies where isolated motor axons are optically stimulated might 
help determine the specific recruitment order (48). Higher force 
magnitude was observed under FOS compared with FES, revealing 
greater access to motor units using an extraneural stimulation 
modality. Given the fixed firing rate of individual motor units (con-
stant stimulation frequency), the force differences can be attributed 
to the recruitment of additional motor units. The inaccessibility of 
FES to a population of motor units could be explained by the struc-
tural barrier between the electrode contacts and fibers in deeper 
fascicles because of the transversal topography of fibers within a 
nerve when an extraneural electrical interface is used (49). More-
over, because of the preferential excitability of large fibers during 
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FES, additional fibers that could be recruited limit the total output 
muscle force (50, 51). An analysis of opsin expression in the sciatic 
nerves of ChR2 transgenic mice revealed no correlation with axon 
diameter (19); this suggests that our results could extend to muscles 
with different fiber compositions than the one studied here. Overall, 
the uniform expression of photosensitive channels and its optical 
activation confer muscles with a recruitment characteristic suited 
for physiological force modulation using artificial stimulation.

Given optogenetic transduction, we described spatial consider-
ations for optical nerve stimulation. We reported a proximodistal 
behavior when using FOS, which elicited different force responses 
depending on the stimulation site. When stimulation was per-
formed closer to the muscle, responses exhibited sustained force 
generation and higher force resolution between stimulation levels 
compared with proximal stimulation. This suggested that optical 
stimulation closer to the muscle is preferred over proximal stimula-
tion. We hypothesized that this is because of a variation in expres-
sion of ChR2 levels along the nerve. A spatial behavior has been 
reported for ChR2-transfected primary afferent neurons where 
excitability differences were observed between distal and proximal 
sections of the axons (52), and in simulations, it has been suggested 
that optogenetic stimulation of different parts of a pyramidal neu-
ron will evoke different spiking patterns (53). However, our results 
indicate a similar ChR2 expression profile between proximal and 
distal nerve regions. A potential explanation is the anatomical 
differences in axonal distribution at proximal and distal nerve loca-
tions, where proximal locations contain fibers that innervate other 
muscles and, hence, light penetration to fibers of interest becomes 
harder to achieve compared with distal regions. Beyond recruitment, 

another mechanism to modulate force is rate coding. We described 
a similar modulation profile between FOS and FES up to 40 Hz, 
whereas after 40 Hz, force under FOS started to decrease, likely 
because of a desensitization of excitatory opsin ChR2 (27, 28). 
Notably, force magnitudes attained under FOS were higher up to 
40 to 50 Hz, and at higher frequencies where ChR2 starts to desen-
sitize, there were no significant differences compared to FES.

Neuromuscular models have contributed to the understanding 
of motor control and the development of FES neuroprostheses. We 
conceived a neuromuscular model that closely replicated muscle dy-
namics under FOS. Our model considers muscle recruitment, opsin 
dynamics, and muscle-tendon dynamics to build a biophysical 
model that recapitulates optogenetic-mediated muscle dynamics. 
The selected order of components is based on a Hammerstein struc-
ture and an associated identification procedure to ensure that the 
model parameters can be estimated independently of the nonlinear-
ity; however, it is plausible to have a model where the opsin dynam-
ics appear first, followed by the recruitment and muscle dynamics. 
Having established a paradigm to model force dynamics, we as-
sessed the elemental difference between FOS and FES. As expected, 
this difference corresponds to transitional dynamics between the 
photocycle kinetics of the opsin, which contributes to the decay ob-
served in the FOS force profiles. Although the model was described 
under isometric conditions, the extension of the model to dynamic 
conditions, such as limb control applications, was chronicled in 
our modeling. Nevertheless, it is necessary to assess the closed-loop 
control performance observed in our study to determine the extent 
to which our modeling can be applied to dynamic settings. Because 
of the cascade modeling architecture used here, each block of our 

model can be easily linked to particular 
biophysical dynamics for further prob-
ing and improvement of the model and 
for extending this model to different 
expression levels on the basis of gene 
delivery method, opsins, optical delivery 
methods such as transdermal stimula-
tion, or other nervous tissues. Moreover, 
our model can be readily used in other 
neuromuscular architectures and could 
be advantageous to the development of 
neuromusculoskeletal models to more 
accurately represent physiological mus-
cle dynamics.

Last, we provided a demonstration of 
closed-loop force control using FOS. We 
hypothesized that knowledge of the 
optically stimulated muscle dynamics 
would enable the development of a con-
troller that confers greater muscle con-
trollability and that all things equal, 
muscle control would be superior under 
FOS compared with FES. Our study 
provides data to support these hypothe-
ses. Our model is suited for real-time 
control applications, and when the 
model-based controller was compared 
with a model-less controller under FOS, 
it exhibited significantly less error un-
der square and sinusoidal trajectories. 
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We also demonstrated high-fidelity force control under FOS, as 
shown by significantly less error when compared with FES for both 
square and sinusoidal trajectories. Although a number of controllers 
can be designed on the basis of other model architectures and the 
detailed contribution of each of the feedforward terms requires fur-
ther investigation, our results stress the benefit of having a feedfor-
ward control policy based on a biophysical model that best describes 
muscle dynamics under each stimulation modality. Our model-
based FOS controller seemed to have a substantial effect on the set-
tling time, suggesting that the force decay opsin dynamics can be 
advantageous when included in the controller. Although the fre-
quencies of the reference trajectories used here are slower than typi-
cal walking and running frequencies in both rodents and humans, 
we showed closed-loop control and maintenance of steady-state 
force, which are required for sustained control in a number of tasks 
(1). Previously, our group described position control of the ankle in 
rodents; together, FOS enables greater position and force controlla-
bility, where, for a number of demanding tasks, both are usually 
used in combination for isometric and isotonic loads (25, 54, 55). 
We further demonstrated that FOS enables fatigue-resistant muscle 
control. We subjected our controller to a 62-min protocol and found 
that FES fatigues around 15 min, showing similar signs of early fa-
tigue compared to previous studies despite the stimulation target 
(56) or stimulation protocol (30, 57–59). In contrast, FOS was able 
to maintain muscle control until the end of the protocol with less 
than 50% error. When FOS was delivered to the muscle, the fatigue 
behavior between FOS and FES was similar (60), suggesting that the 
delivery of FOS to the nerve and opsin expression limited to neural 
tissue might be preferred. We also provided additional data of the 
fatigue dynamics of FOS. We found a time-dependent potentiated 
state that elicited muscle overactivity; this was observed under FOS 
and FES control. We also observed phasic control properties in 
agreement with the time-variant model previously proposed by our 
group (25). Accurate fatigue-resistant closed-loop muscle control 
might be advantageous beyond motion restoration. Neuroprosthet-
ic architectures, such as the agonist-antagonist myoneural interface 
(61) or cutaneous mechanoneural interface (62), rely on accurate 
closed-loop artificial stimulation to convey proprioceptive and cuta-
neous feedback. Moreover, optogenetic-based biohybrid actuators 
(63) could benefit from the methodologies, modulation strategies, 
and model-based control policies described here.

The advancements in FOS have paved the way for the develop-
ment of novel therapeutics. Clinical trials in phase 1/2 are now dem-
onstrating the use of multicharacteristic opsins: ChR2, ChrimsonR, 
and ChronosFP, delivered through adenosine-associated viruses 
(AAVs), to restore vision in retinitis pigmentosa and Stargardt dis-
ease (64). However, to realize the first optogenetic motor prosthesis 
and extend the application of optogenetic technology beyond the 
eye into the peripheral nervous system (PNS), several challenges 
must be addressed. First, real-time and accurate stimulation and 
sensing of the PNS are challenging. Light delivery to the PNS is 
complicated because of its considerable movement with the body, 
tissue penetration depth, and the energy expenditure of optogenet-
ics (65, 66). An optimal light delivery system will allow for freedom 
of movement, deliver sufficient energy (1 to 5 mW mm−2), and 
cause minimal heating (65, 67, 68). Tissue penetration depth can be 
extended by using red-shifted opsins to target deeper neural struc-
tures (68). Challenges related to displacement of neural tissue tar-
gets for light delivery can be minimized by using conformable and 

affixed implantable systems (69, 70). In regard to sensing, direct 
muscle-tendon force sensing as presented here might be challeng-
ing; although there exist some implantable strategies (71), muscle 
length sensing using magnetomicrometry (72) or noninvasive 
muscle-tendon force estimation (73) might be more practical. 
Second, opsin delivery to the PNS remains challenging. Although 
germline modification as shown here is not viable for translation, 
opsin gene delivery through viral transduction is the most plausible 
in humans (65, 67, 68, 74). AAVs are the preferred viral vectors for 
gene delivery because of their extensive use in humans, relatively 
low immunogenicity, and nonpathogenic nature (65, 67, 68, 74); 
however, further optimization for specific therapies to overcome the 
challenges of poor transduction efficiency and preexisting immune 
response to certain AAV serotypes is required (68, 75). Third, sus-
taining long-term opsin expression in neuronal populations is diffi-
cult. Opsins have been known to cause an immune response, 
especially in the periphery because of greater immune surveillance, 
which can substantially reduce opsin levels over time (76). Immu-
nosuppressive treatment with tacrolimus and the engineering of 
new opsins that elicit smaller immune responses have been pro-
posed as solutions (74, 76). In addition, further work is required to 
extend the opsin toolkit to enable multidimensional optogenetic 
control beyond two wavelengths (68, 77). These challenges require 
extensive clinical and scientific investment and must be overcome to 
realize optogenetic translation.

Together, our results provide a framework and outline key prin-
ciples for the development of optogenetically modulated muscle 
actuation. Such actuation has the potential to become a viable al-
ternative to electrical stimulation in neural prostheses for motion 
restoration and pave the way for high-performance biohybrid 
systems.

MATERIALS AND METHODS
Study design
The main objective of the study was to design a control framework 
that enabled accurate and fatigue-resistant control of skeletal mus-
cle using artificial stimulation. Experiments in this study were de-
signed to characterize the muscle dynamics of FOS, develop a 
biophysical muscle model, and perform closed-loop control of mus-
cle force. Experiments were conducted on Thy1-ChR2-YFP mice 
(the Jackson Laboratory, strain #007612). These animals express 
light-sensitive ion channel ChR2 fused to yellow fluorescent protein 
under control of mouse thymus cell antigen (Thy1) promoter. Ani-
mals were 12 weeks old and weighed 18.2 ± 1.3 g at the time of the 
experiment. All experimental procedures were approved by the 
Committee on Animal Care at the Massachusetts Institute of Tech-
nology. Two different groups were used, the first for muscle charac-
terization and system identification experiments (n = 8); replicates 
are described in the “Stimulation protocols” section of the Materials 
and Methods and in the “Modeling” section of the Supplementary 
Methods. The second group was used for closed-loop experiments 
(n = 7); replicates are described in the legend of Fig. 4 and in the 
“Extended closed-loop control experiments” section of the Materi-
als and Methods. There were no inclusion or exclusion criteria.

Muscle force recordings
To precisely measure muscle force in small animal models, a muscle 
characterization apparatus was developed comprising a recording 
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and stimulation platform. The platform includes a dual-mode lever 
muscle tensioning system (Aurora Scientific) equipped with a force 
transducer capable of measuring forces within 0 to 10 N with a reso-
lution of 1.0 mN. The system operates at a sampling rate of 2 kHz. 
The platform allows for adjustment in three degrees of freedom, 
which is critical to ensure proper alignment of the muscle-tendon 
unit with the force transducer, thereby guaranteeing that all the 
force is measured in the contractile direction. The stimulation plat-
form comprises a lever with adjustments in three degrees of free-
dom for accurate positioning of the light-emitting diode and hook 
electrode along the peripheral nerve. The apparatus also has a com-
partment where a heat pad can be placed to control the body 
temperature of the animal. The platform was fabricated via three-
dimensional (3D) printing using a Connex 500 machine (Stratasys) 
and vero black plus material, a high-strength ultraviolet-cured poly-
mer for high-resolution prototypes. Figure  S1 shows that force 
pulses under FOS and FES from a muscle-tendon unit displayed 
consistent baseline levels between pulses, indicating that the mea-
suring setup was exclusively capturing the muscle contraction force. 
The baseline force is not zero because an initial tension is necessary 
to maintain the muscle at a constant length and to minimize slack of 
the string between the tendon and the force transducer. Raw force 
signals were low-pass–filtered (10th-order filter) using a pass band 
frequency at 50 Hz. Signals were zeroed by subtracting the initial 
force offset and then time-segmented on the basis of a digital trigger 
from the optical or electrical stimulator. Peak force is the maximum 
value for each force profile. Steady-state force is the average of a 
100-ms window, starting 100 ms before the end of the 2.0-s stimu-
lus duration.

Stimulation protocols
We performed a suite of stimulation protocols aimed at character-
izing the muscle spatiotemporal dynamics of FOS. For comparison, 
FES was delivered at the contralateral leg of the same animal. Stimu-
lation modality at start was randomly determined. Modulation of 
the amplitude or pulse width of the stimulation signal recruits ad-
ditional motor units, both under FES (1) and FOS (28). Here, ampli-
tude modulation was used to characterize the spatial behavior 
(fig. S3) and to determine the muscle force range to allow for a fair 
comparison of recruitment curves between FOS and FES. Pulse 
width modulation was used to elucidate the recruitment character-
istic with knowledge of the muscle force range from the amplitude 
modulation experiments. Frequency was set to 60 Hz to ensure te-
tanic contraction, because frequencies below 60 Hz present ripple, 
which could impede accurate force control (19, 28), and to ensure 
that absolute force magnitudes between FOS and FES were not 
significantly different. For rate coding characterization, frequency 
modulation was used. At the beginning of each trial, using constant 
frequency and pulse width, stimulation was conducted at different 
amplitudes while observing the force profiles to determine the min-
imum and maximum stimulation amplitude for each animal. Fre-
quency was set to 60 Hz to ensure tetanic contraction. Pulse width 
was set to 5% of stimulation frequency (0.83 ms) to minimize heat-
ing according to safety guidelines previously established (25). On 
the basis of the minimum and maximum values, amplitude sweeps 
were performed at the aforementioned frequency and pulse width. 
Amplitude sweeps were used to characterize the spatial behavior. 
Then, we performed pulse width sweeps. Stimulation amplitude was 
set on the basis of one that generated close to 33% of maximum peak 

force in the amplitude sweep experiment. We reasoned that because 
the amplitude sweep was performed at a pulse width of 5% of stimu-
lation frequency (0.83 ms), a pulse width sweep from 0 to 15% of 
stimulation frequency (0 to 2.5 ms) would modulate the full range of 
force at that particular amplitude. Frequency was set to 60 Hz. We 
then performed frequency sweeps. Stimulation amplitude was set 
on the basis of one that generated close to 66% of the maximum 
peak force in the amplitude sweep experiment. We reasoned that 
because the amplitude sweep was performed at 60 Hz, a 0- to 
100-Hz range would modulate the full range of force. Pulse width 
was set to 0.83 ms (5% of 60-Hz stimulation frequency). Stimulation 
was carried out from maximum to minimum. All stimulation 
sweeps were performed two times under each stimulation modality 
for each animal.

Closed-loop control system design
The closed-loop control system was implemented in LabVIEW 2019 
(National Instruments), running real time in an NI myRIO micro-
controller. The feedback loop comprised a PI controller that com-
puted an error on the basis of the reference signal and the signal 
from the force transducer recorded at 2 kHz. The controller outputs 
a digital signal either to the optical or electrical stimulator of the 
stimulation pulse width. For the feedforward loop, the biophysical 
muscle model was converted into discrete time and computed in 
real time at 2 kHz on the basis of the reference signal. The output 
signal of the feedforward component was added to the feedback sig-
nal and sent to the electrical or optical stimulator.

Closed-loop control experiments
Before closed-loop procedures, an amplitude sweep was carried out 
to determine the muscle force range for a particular animal. On this 
basis, the stimulation amplitude was set to one that generated 
around 50% of the maximum muscle force. The amplitude of the 
reference waveform, either square or sinusoidal, was set to be 20 
to 30% of the maximum muscle force. Frequency of the reference 
signals was between 0.6 and 0.8 Hz. First, the PI gains were adjusted 
using feedback only. Once the optimal PI gains were determined for 
each animal on the basis of the rise time, settling time, and over-
shoot of the control signal under square waveforms, closed-loop 
experiments were performed for approximately 60 s without modi-
fying the gains for square waveform experiments. Then, the model 
(feedforward) was incorporated with the same PI controller, and 
closed-loop experiments were carried out under square waveforms. 
After this, closed-loop experiments were performed under sinusoi-
dal waveforms, first with feedback-only control and then with the 
model-based control. Similarly, the same gains were maintained. As 
in the stimulation protocols, FOS was performed on one leg, where-
as FES was performed on the contralateral one. Closed-loop control 
error was computed as the root square mean error between the 
reference and the actual force signal of the steady-state portion 
under square waveforms and the positive cycle under sinusoidal 
waveforms.

Extended closed-loop control experiments
Extended closed-loop control procedures were carried out after 
15 min of closed-loop procedures from the previous section to allow 
for resting the muscle. Using the same model-based controller as 
in the previous section, closed loop was performed for 62  min. 
Because the objective of this experiment was to show closed-loop 
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control for more than 1 hour, we decided to stop the stimulation just 
after 60 min. The amplitude of the reference sinusoidal waveform 
was set to be 20 to 30% of the maximum muscle force at a 0.6-Hz 
frequency. For both FOS and FES, there were approximately 10 s of 
pause every 10 min to allow data in the LabVIEW software to be 
saved. Extended closed-loop control experiments were only per-
formed in two animals (Fig. 5 and figs. S13 and S14). Fatigue index 
was computed as the mean force at a particular time point divided 
by the initial force.

Statistics
All data were exported and processed in MATLAB (R2022a, 
MathWorks, Natick, MA, USA). All data are reported as mean or 
mean ± SEM, unless otherwise reported. Paired two-tailed t test at 
significance level (α =  0.05) was used for all comparisons between 
FOS and FES where P values are displayed, unless otherwise reported. 
Normal distribution was validated using the Shapiro-Wilk test.

Supplementary Materials
This PDF file includes:
Supplementary Methods
Figs. S1 to S17
Tables S1 to S5

Other Supplementary Material for this manuscript includes the following:
MDAR Reproducibility Checklist
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Editor’s summary
Electrical stimulation has been widely used in neuroprostheses to control and restore muscle function. However,
this approach causes poor fine-force modulation and quickly leads to fatiguing of the muscles after brief stimulation.
Herrera-Arcos et al. now present a closed-loop method for neuromodulation using optogenetics that alleviates
the challenges associated with electrical stimulation. A biophysical model was also developed to understand the
characteristics underlying neuromuscular optogenetic stimulation. They showed that functional optogenetic stimulation
supported fatigue-resistant control of muscle with higher accuracy and higher generated force in vivo than electrical
stimulation, demonstrating that it may potentially be adopted for prosthesis control. —Amos Matsiko
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