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PAPER

Evaluation of Lower Limb Gait Pattern Generation 
from BMI-Based Angular Velocity Estimation 
for Personalized Robotic Rehabilitation

ABSTRACT
This study assesses the ability of gait angle patterns produced by a phase-averaged velocity 
estimation NN-15 model based on BMI and walking speed to serve as personalized joint 
motion references. A total of 424 gait cycles from 24 seen subjects and 131 gait cycles from 
8 unseen subjects across four BMI categories (underweight (U), normal (N), overweight (Ov), 
and obese (Ob)) and both limb sides were analyzed. Similarity was quantified using root 
mean square error (RMSE), mean absolute error (MAE), Pearson correlation coefficient (r), 
and Bland–Altman analysis. The hip joint achieved the strongest agreement (r = 0.82–0.94, 
RMSE = 4.24–8.42°), followed by the ankle (r = 0.19–0.81, RMSE = 6.17–12.39°) and the knee 
(r = 0.15–0.83, RMSE = 9.28–23.80°). The Ov group consistently demonstrated the best per-
formance at the hip and ankle. Significant left–right accuracy at the hip remained bilater-
ally accurate. Based on these findings, the NN-15 framework is validated as a personalized 
hip joint reference for a rehabilitation robot called Picobot. However, adopting different gait 
phase schemes is advised for the ankle, and a position-hold strategy during Phases 1 and 2 is 
proposed for the knee to improve joint estimation.

KEYWORDS
gait pattern generation, joint angle estimation, angular velocity, rehabilitation robot, person-
alized gait control

1	 INTRODUCTION

Stroke is a leading cause of long-term disability worldwide, frequently resulting 
in impaired locomotor function that necessitates prolonged and intensive rehabil-
itation [1]. Among the most significant consequences of stroke is the disruption of 
normal (N) gait, which diminishes patients’ independence and quality of life [2], [3]. 
Rehabilitation robots have emerged as a promising tool to support gait recovery by 
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delivering repetitive, task-specific training with reduced burden on clinical thera-
pists [4]. However, for such systems to be truly effective, they must provide gait ref-
erences that closely reflect the natural motion of the individual patient in healthy 
condition instead of a generic, population-averaged trajectory. This requirement 
for personalization is crucial when patients present with diverse body composi-
tions, as body mass has been shown to fundamentally alter lower limb joint kine-
matics during walking [5], [6]. However, generating personalized gait trajectories 
remains challenging, as the process often requires time-consuming calibration 
procedures, limiting its practicality in clinical settings with long queues of patients.

Existing methods for personalized gait reference generation typically model 
joint angle trajectories directly. This joint angle trajectory is a high-dimensional, 
phase-sensitive, continuously varying signal that is inherently difficult to generalize 
across individuals. Motion capture-based approaches [7], [8], [9] provide highly accu-
rate measurements of joint angles but are limited to laboratory environments due 
to their complexity and cost. Machine learning models, including LSTM and CNN 
architectures, have demonstrated high accuracy in reconstructing gait angle trajec-
tories from IMU or EMG signals [10], [11], but require large, subject-specific training 
datasets and substantial computational resources, constraining their practicality for 
real-time embedded control. Regression-based parametric methods offer simpler 
implementations and have been used to generate three-dimensional ankle and joint 
trajectories from anthropometric and motion parameters [12], [13], but often fail 
to capture nonlinear biomechanical relationships. Meanwhile, approaches such as 
Complementary Limb Motion Estimation (CLME) generate reference trajectories 
from the contralateral limb [14], making them unsuitable for patients with bilateral 
impairment.

A simpler alternative approach is to model the average angular velocity of each 
joint within discrete gait phases, rather than the full continuous angle trajectory. 
This phase-averaged velocity is a compact, scalar descriptor that can be estimated 
from basic, non-invasive inputs. Our previous study [15], [16] demonstrated that 
Body Mass Index (BMI) and walking speed can be used as predictors of lower limb 
joint angular velocity across four gait phases (P1: initial contact to foot flat, P2: foot 
flat to heel off, P3: heel off to toe off, and P4: toe off to next initial contact) for the 
hip, knee, and ankle joints. A neural network model with 15 hidden layers (NN-15) 
achieved a correlation coefficient of R = 0.895 for the hip joint in Phase 2, outper-
forming linear, logarithmic, and polynomial regression models across all joints and 
phases. These estimated phase-averaged velocities were subsequently integrated 
with the Picobot rehabilitation robot’s gait control system, which uses foot contact 
sensing to detect gait phase and drives each joint at the corresponding estimated 
velocity [17]. If the joint position reaches the maximum range of motion (ROM), then 
it will be kept until the gait phase detection changes to the next. While the velocity 
estimation model showed strong statistical correlation, it remains unclear whether 
such low-dimensional, phase-based representations can be used to reconstruct 
physiologically meaningful joint angle trajectories.

The answer to this question is not trivial, because the quality of gait pat-
tern reproduction is expected to vary across clinically relevant subgroups. BMI 
is known to significantly alter gait kinematics. Obese (Ob) individuals exhibit 
reduced knee flexion, greater hip and knee adduction angles, and altered ankle 
ROM compared to N-weight counterparts [5], [6], [18]. Overweight (Ov) individuals 
show greater hip joint angles and shorter knee and ankle trajectory lengths [19]. 
These BMI-related kinematic differences mean that a single universal estimate of 

https://online-journals.org/index.php/i-joe


iJOE | Vol. 22 No. 10 (2026)	 International Journal of Online and Biomedical Engineering (iJOE)	 181

Evaluation of Lower Limb Gait Pattern Generation from BMI-Based Angular Velocity Estimation for Personalized Robotic Rehabilitation

angular velocity may reproduce healthy gait well for one group but poorly for 
another, which is making group-stratified validation essential. Furthermore, gait is 
basically symmetrical activity that does not rely heavily on limb dominance [20]. 
The NN-15 provides a symmetrical gait control reference value for both limbs. Since 
another study also reports that kinematics between limbs side is slightly different 
but significant due to the limb-dominance [21], evaluating the method accuracy on 
each limb can be insightful for bilateral rehabilitation reference. Finally, the three 
joints (ankle, knee, and hip) differ substantially in their biomechanical complexity 
and the stability of their phase-averaged velocity [15], warranting separate evalu-
ation by joint type.

This paper evaluates the similarity between lower limb joint angle patterns gen-
erated by the NN-15 angular velocity model [15] and real joint angle trajectories 
measured using a Vicon motion capture system to understand whether the model 
can serve as a practical alternative to conventional trajectory-based methods for 
personalized rehabilitation. Gait data from healthy adults spanning four BMI catego-
ries (underweight (U), N, Ov, and Ob) and both left and right limbs are used to assess 
pattern fidelity across three joints (ankle, knee, and hip). Similarity is quantified 
using root mean square error (RMSE), mean absolute error (MAE), Pearson correla-
tion coefficient, and Bland–Altman analysis. The specific contributions of this work 
are as follows:

1.	 Trajectory-level validation of phased-averaged angular velocity modelling to 
evaluate whether joint angle trajectories reconstructed from phase-averaged 
angular velocity estimates can approximate real human gait.

2.	 Multi-factor evaluation across joint type, BMI, and limb side, as the proposed 
approach is validated across three joints (hip, knee, ankle), four BMI categories, 
and bilateral limb conditions.

3.	 Identification of joint-specific and phase-dependent limitations of velocity-based 
modelling, based on the distinct error mechanisms for each joint.

4.	 Translation of modeling results into control-oriented design guidelines for the 
personalization of rehabilitation robot gait references using the Picobot system.

The remainder of this paper is organized as follows: Section 2 describes the 
data collection protocol, gait pattern generation procedure, and similarity metrics 
used. Section 3 presents the results of the gait pattern comparison across joints, BMI 
groups, and limb sides. Section 4 discusses the findings in the context of personal-
ized rehabilitation robot control, and Section 5 concludes the paper.

2	 METHODS

This section describes the three main stages of the methodology, as shown in 
Figure 1. First is data preparation, reusing the gait dataset from [15]. Second is 
gait pattern generation, in which estimated angular velocities from the NN-15 
model are combined with real phase-specific timing and initial joint positions to 
reconstruct lower limb joint angle trajectories. Lastly, the research conducted sim-
ilarity analysis between the estimated and real trajectories using multiple quanti-
tative metrics.
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Fig. 1. Research flowchart

2.1	 Participants

The gait data used in this study comprises two groups. The first group consists 
of 424 gait cycles from 24 healthy participants whose data was used to develop 
the NN-15 angular velocity model in the previous study [15]. Because these sub-
jects contributed to model training, this group represents an in-sample evaluation 
that assesses how well the generated gait patterns match the real trajectories of 
the development cohort. The second group consists of 131 gait cycles from eight 
additional participants (two per BMI category: U, N, Ov, and Ob), each contributing 
13–18 gait cycles. These eight participants were not involved in the development 
of the NN-15 model in any capacity, and their data was completely unseen during 
model training and validation. This independent test cohort therefore constitutes a 
subject-independent test set that evaluates the model’s ability to generalize to new 
individuals.

All data collection protocol, participant characteristics, and ethical approval are 
detailed therein. Ethical clearance was obtained from the Health Research Ethics 
Committee of RSUD Haji Sukolilo, Surabaya, East Java Province, Indonesia (Approval 
No. 445/103/KOM.ETIK/2024, dated May 31, 2024). Gait data were collected from 
32 healthy adults aged 25–40 years spanning all four BMI categories: U with 
BMI ≤ 18.5 kg/m2, N with 18.6 ≤ BMI ≤ 23.9 kg/m2, Ov with 24.0 ≤ BMI ≤ 27.9 kg/m2, 
and Ob with BMI ≥ 28.0 kg/m2. Gait data were recorded with a Vicon optical motion 
capture system with 16 reflective markers placed on standard anatomical land-
marks. Joint angle time-series were obtained using the embedded plug-in gait in 
Vicon Nexus software for the hip, knee, and ankle of both left and right limbs. Details 
of the marker placement and segment are explained in previous research [15]. Each 
participant performed six overground walking trials at preferred speed. Gait cycles 
were segmented into four phases consistent with the Picobot system [17]: P1–P4. 
The following parameters were extracted per gait cycle: BMI and walking speed of 
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each participant; duration of each phase (t1, t2, t3, t4); initial joint angular position 
(θ0) measured by Vicon at the start of each cycle; and joint ROM per cycle.

2.2	 Gait pattern generations

The gait pattern generation converts phase-averaged angular velocity estimates 
from the NN-15 model into reconstructed joint angle trajectories using real gait 
phase durations and initial joint positions from the Vicon dataset. The procedure is 
applied independently for each gait cycle trial, each joint (ankle, knee, hip), and each 
limb side (left, right), as follows.

Initially, the angular velocity is estimated via the developed NN-15 model. For 
each gait cycle, the participant’s BMI (x1) and self-selected walking speed (x2) are 
input to the NN-15 model. The model outputs four phase-averaged angular velocity 
references, ω1, ω2, ω3, and ω4 (in °/s), for Phases 1–4, for each of the three joints 
(hip, knee, and ankle). The NN-15 architecture consists of a min–max input normal-
ization layer, 15 hidden layers with hyperbolic tangent sigmoid activation, and a 
linear output layer trained using the Levenberg–Marquardt algorithm. Full architec-
tural details and trained weight matrices are reported in [15].

The reconstructed joint angle θ (t) is built phase-by-phase, starting from the real 
initial angular position θ0. For each phase k ∈ {1, 2, 3, 4}, the joint angle at the end of 
that phase is computed as in Equation 1

	q k = qk−1 + wk . tk,	 (1)

where θk−1 is the angle at the end of the previous phase (with θ0 the Vicon-
measured initial angle), ωk is the NN-15 estimated angular velocity for phase k 
(°/s), and tk is the real measured duration of phase k(s). Real phase durations from 
the Vicon data are used deliberately instead of estimated durations to isolate the 
contribution of angular velocity accuracy to pattern fidelity, independently of any 
phase timing errors. Then, to ensure the generated trajectory remains physiolog-
ically plausible, a ROM constraint is applied at each update step. If the updated 
angle exceeds the observed ROM boundary for that joint (as measured by Vicon), it 
is clamped and held constant for the remainder of the phase, as in Equation 2 and 
Equation 3

	 qk = min(qk−1 + wk ⋅ tk, ROMmax), if ωk > 0,	 (2)

	 qk = max(qk−1 + wk ⋅ tk, ROMmin), if ωk < 0,	  (3)

where ROMmax and ROMmin are the maximum and minimum joint angles 
within the gait cycle of the real trajectories. This models the Picobot behavior of 
holding joint position once maximum displacement is reached, preventing overshoot 
beyond the natural ROM. Those steps are repeated independently for every gait 
cycle trial in the dataset, for each joint (ankle, knee, and hip), and for each limb side 
(left and right). This yields a complete paired set of generated and real joint angle 
trajectories for similarity analysis. The number of valid trials per BMI group and 
limb side is summarized in Table 1, where H is height, BW is body weight, M is male, 
and F is female.

https://online-journals.org/index.php/i-joe
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Table 1. The data demographic used in this study

BMI (Kg/m2) H
(cm)

BW
(Kg)

M 
(n)

F 
(n)

Left 
(n)

Right 
(n)

Mean Cycle (s)

Left Right
U 162.1 ± 8.96 47.00 ± 4.70 3 1 47 47 1.35 ± 0.16 1.33 ± 0.15

N 157.62 ± 7.87 57.4 ± 7.87 5 5 63 65 1.31 ± 0.19 1.29 ± 0.17

Ov 158.68 ± 4.56 77.76 ± 14.38 5 5 55 57 1.38 ± 0.17 1.40 ± 0.17

Ob 162.03 ± 9.23 90.48 ± 14.22 3 5 113 107 1.31 ± 0.14 1.31 ± 0.15

Total/Mean 160.10 ± 7.76 68.16 ± 20.23 15 17 278 276 1.33 ± 0.16 1.33 ± 0.165

2.3	 Missing data handling

The Vicon data contained two types of missing values. Trailing missing values arise 
from natural variation in gait cycle duration and are preserved, as they represent valid 
differences in cycle length rather than measurement errors. Scattered internal missing 
values caused by transient marker occlusion were filled using linear interpolation 
within the valid data range of each trial. This approach is appropriate for the smooth and 
continuous nature of joint angle signals [22]. Additionally, a small number of hip angle 
records contained angle wrapping artifacts (values outside the physiologically plausible 
range of approximately −35° to +50°) caused by angle wrapping artifacts beyond ±180° 
from the Vicon pipeline. These were corrected by applying the corresponding ±180° 
or ±360° offset, verified by visual inspection of the corrected trajectories before analysis.

2.4	 Similarity metrics

Four complementary metrics quantify the similarity between generated and real 
trajectories, computed per trial at valid (non-missing) time points and then averaged 
within each joint × BMI group × limb side combination. The first metric is RMSE, 
which measures overall angular deviation magnitude, as in

	 RMSE
N
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where N is the number of valid time points, θ̂i  is generated angular position and 
qi is the actual angular position. RMSE is reported in degrees (°). The second param-
eter is MAE, which is the average absolute angular deviation, less sensitive to large 
outlier differences than RMSE. The MAE is calculated using equation 5
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Pearson Correlation Coefficient (r) is the next parameter, as shown in 
Equation (6), which measures the shape correspondence between generated and real 
trajectories independently of absolute magnitude. 
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where θ  is the average of the actual angular position and θ̂  is the average of 
the generated angular position. Pearson correlation values are interpreted following 
established guidelines for gait biomechanics: r < 0.40 as poor, r = 0.40–0.74 as modest, 
and r > 0.75 as excellent agreement [12]. For context, state-of-the-art deep learning 
joint angle estimation methods report r values of 0.97–0.99 for hip and knee trajec-
tories [13], while the simpler angular velocity integration approach of this study is 
expected to yield more moderate but clinically meaningful correlation values. Lastly, 
Bland–Altman analysis is conducted. This method is a clinical standard for compar-
ing two measurement methods [23]. The bias μd and 95% Limits of Agreement (LoA) 
are computed as shown in Equation 7 and Equation 8.

	 � � �
d

i

N

i iN
� �

�
�1

1

ˆ ,	 (7)

	 LoA = µd ± 1.96σd,	 (8)

where σd is the standard deviation of pointwise differences. A narrow LoA indi-
cates high agreement. Bland–Altman analysis is applied, pooling all valid time-point 
pairs within each joint × BMI × side combination.

Lastly, to assess whether estimation accuracy differs significantly between left 
and right limbs, the Shapiro–Wilk test was first applied to assess the normality 
of each distribution. If both limbs were normally distributed (p > 0.05), an 
independent-samples Welch’s t-test was used; otherwise, the Mann–Whitney U test 
was applied. A significance threshold of α = 0.05 was adopted. Results are reported 
as mean ± SD, with significance indicated by markers: *** (p < 0.001), ** (p < 0.01), 
* (p < 0.05), and ns (not significant). The research expects that the estimation model 
can keep its accuracy for both limbs since the input—phase durations, initial angle, 
and ROM—come from each corresponding limb instead of a neighbor limb.

3	 RESULTS

3.1	 Gait pattern similarity across joints, BMI groups, and limb sides

Table 2 summarizes the complete similarity metrics of the development cohort, 
while Table 3 shows the similarity metrics of the independent cohort. Figure 2 
shows the corresponding mean real and estimated trajectories over the normalized 
gait cycle for all six joint–side combinations across the four BMI groups. The trajec-
tories are also grouped into phases: P1 (0–12%), P2 (12–50%), P3 (50–62%), and P4 
(62–100%). The pattern of the trajectories across the joints is fine, but only the ankle 
trajectory of the U-independent cohort seems off. In phase 4, the estimated trajectory 
goes down instead of going up. This is because the NN-15 estimates the ankle ω4 for 
the unseen data to be a negative value, pointing out the limitation of the model for 
wider generalization.

Across all conditions on the development cohort data, the hip joint demonstrated 
the highest agreement, with Pearson r ranging from 0.85 (right U) to 0.93 (left N) and 
relatively low RMSE from 5.09 ± 2.03° (right Ov) to 8.42 ± 3.62° (right Ob). The ankle 
joint showed moderate agreement, with r from 0.67 (left Ob) to 0.81 (left Ov) and RMSE 
from 6.17 ± 1.54° (right Ov) to 10.76 ± 3.89° (right U). The knee joint had moderate cor-
relation and the highest absolute error of the three joints, with r from 0.71 (right N) to 
0.83 (right Ov) and RMSE from 9.28 ± 2.42° (left U) to 15.31 ± 3.31° (right N). These results 
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indicate that reconstruction accuracy is strongly dependent on joint kinematic com-
plexity, with simpler motion patterns, such as the hip joint, yielding greater fidelity. 
The independent cohort data supports the findings, where the hip joint shows the 
highest agreement, with the highest Pearson r of 0.94, compared to the ankle and 
knee trajectories estimation, with the highest Pearson r of 0.47 and 0.40, respectively.

Regarding BMI group effects, the Ov group consistently achieved good perfor-
mance at the hip and ankle for both development and independent cohorts, showing 
the lowest RMSE and highest r for those joints. The Ob BMI group of the indepen-
dent cohort yielded the highest knee RMSE and MAE despite generally stable gait. 
Development cohort data shows different patterns where the N group shows the 
highest knee RMSE and MAE instead, which indicate different accuracy between 
seen and unseen data. The Ob group of the independent cohort showed the highest 
variability, particularly at the left knee (RMSE = 23.80 ± 5.39°). Meanwhile, the U devel-
opment cohort shows the highest variability at the right knee (RMSE 15.31 ± 3.31). 
Overall, these results confirm that BMI influences not only gait kinematics but also 
the predictability of joint motion, directly affecting reconstruction accuracy. The BMI 
influences are also different between development and independent cohort data.

Table 2. Gait metrics similarity metrics on the development cohort

Joint Side BMI n RMSE ± SD (°) MAE ± SD (°) r Bias (°) 95% LoA (°)

Ankle Left U 33 7.91 ± 4.09 6.73 ± 3.92 0.77 −4.48 [−19.01, 10.06]

N 45 7.88 ± 1.69 5.93 ± 1.45 0.72 −2.40 [−17.52, 12.72]

Ov 38 6.53 ± 2.12 5.17 ± 1.79 0.81 −3.35 [−15.49, 8.80]

Ob 97 7.73 ± 2.87 6.09 ± 2.55 0.67 −4.00 [−18.12, 10.12]

Right U 34 10.76 ± 3.89 9.20 ± 3.64 0.69 −6.25 [−24.49, 11.98]

N 47 6.27 ± 1.59 4.69 ± 1.36 0.74 −1.85 [−13.86, 10.16]

Ov 39 6.17 ± 1.54 4.80 ± 1.32 0.79 −2.91 [−13.95, 8.13]

Ob 91 6.39 ± 2.35 5.14 ± 2.10 0.76 −2.51 [−14.93, 9.91]

Knee Left U 33 9.28 ± 2.42 6.80 ± 1.41 0.75 −0.32 [−18.85, 18.21]

N 45 14.73 ± 3.27 10.99 ± 2.98 0.71 −0.48 [−29.61, 28.65]

Ov 38 12.62 ± 2.36 8.12 ± 1.01 0.80 −3.95 [−28.10, 20.21]

Ob 97 10.62 ± 3.73 7.92 ± 2.58 0.73 −0.60 [−22.74, 21.54]

Right U 34 13.77 ± 2.57 9.14 ± 1.95 0.78 −3.82 [−30.19, 22.55]

N 47 15.31 ± 3.31 11.35 ± 3.56 0.71 −0.82 [−30.93, 29.28]

Ov 39 11.51 ± 2.59 7.95 ± 2.22 0.83 −2.03 [−25.19, 21.13]

Ob 91 11.01 ± 2.76 7.50 ± 1.75 0.82 −3.61 [−24.60, 17.37]

Hip Left U 33 8.27 ± 1.15 6.94 ± 0.77 0.90 0.88 [−15.25, 17.02]

N 45 6.80 ± 1.42 4.99 ± 0.88 0.93 −1.20 [−14.64, 12.24]

Ov 38 5.91 ± 2.32 4.19 ± 1.39 0.89 −2.22 [−14.31, 9.88]

Ob 97 8.05 ± 2.93 6.51 ± 2.40 0.90 2.45 [−13.74, 18.65]

Right U 34 8.06 ± 2.13 5.85 ± 1.49 0.85 −2.57 [−17.85, 12.71]

N 47 7.12 ± 1.32 5.14 ± 1.07 0.92 −1.92 [−15.54, 11.70]

Ov 39 5.09 ± 2.03 3.67 ± 1.23 0.92 −1.67 [−12.44, 9.10]

Ob 91 8.42 ± 3.62 6.53 ± 3.14 0.89 1.46 [−16.37, 19.29]
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3.2	 Bland–Altman analysis

Tables 2 and 3 also summarize the Bland–Altman analysis, and Figure 3 presents 
the Bland–Altman plots for all three joints and four BMI groups (left and right com-
bined). The Bland–Altman plots for all joints were mostly homoscedastic, confirming 
that the phase-averaged angular velocity model reconstructs joint angle trajectories 
with the greatest consistency across individual gait cycles. A consistent negative bias 
was observed across nearly all ankle conditions (range: −8.15° to −1.85°), indicating 
systematic underestimation of ankle angles except for independent cohort data with 
a bias of 2.28. The 95% LoA was widest for the left U ankle of the independent cohort 
([−28.48°, +13.12°]) and narrowest for the right Ov ankle of the development cohort 
([−13.95°, +8.13°]). For the knee, bias was near zero for most conditions (range: 
−3.95° to −0.32°), indicating no systematic directional error on the development 
cohort. But the independent cohort data shows the knee is mostly overestimated, 
with the largest bias on the left Ob (12.66). The 95% LoA were markedly wide (up to 
[−39.52°, +33.62°] for the right Ov of the independent cohort), reflecting substantial 
point-wise variability. For the hip, biases were small (range: −2.82° to +6.48°) with no 
consistent directional tendency for either development or independent cohort. The 
LoA were substantially narrower ([−8.80°, +8.28°] to [−17.85°, +12.71°]).

Table 3. Gait metrics similarity metrics on an independent cohort

Joint Side BMI n RMSE ± SD (°) MAE ± SD (°) r Bias (°) 95% LoA (°)
Ankle Left U 14 12.39 ± 3.01 9.23 ± 2.63 0.37 −7.68 [−28.48, 13.12]

N 18 9.31 ± 1.32 6.39 ± 1.25 0.36 −4.88 [−20.71, 10.94]
Ov 17 11.68 ± 3.89 9.34 ± 3.44 0.34 −8.15 [−26.47, 10.17]
Ob 16 9.06 ± 1.08 7.20 ± 1.05 0.21 2.28 [−14.96, 19.52]

Right U 13 10.52 ± 4.44 7.65 ± 3.60 0.47 −5.19 [−25.90, 15.52]
N 18 8.88 ± 1.90 6.44 ± 1.57 0.46 −5.15 [−19.52, 9.23]
Ov 18 10.30 ± 2.15 7.99 ± 1.54 0.23 −6.52 [−22.81, 9.76]
Ob 16 10.52 ± 2.10 8.54 ± 2.08 0.19 −0.34 [−21.22, 20.55]

Knee Left U 14 15.62 ± 4.85 12.55 ± 4.62 0.32 2.47 [−28.28, 33.22]
N 18 14.89 ± 3.38 13.32 ± 3.27 0.40 7.89 [−18.06, 33.84]
Ov 17 16.77 ± 6.46 12.19 ± 4.83 0.28 −3.98 [−38.67, 30.71]
Ob 16 23.80 ± 5.39 18.90 ± 4.35 0.15 12.66 [−27.29, 52.61]

Right U 13 14.80 ± 3.10 11.14 ± 2.20 0.40 0.25 [−28.98, 29.49]
N 18 16.44 ± 2.93 13.44 ± 3.18 0.40 5.36 [−25.28, 36.00]
Ov 18 18.35 ± 4.20 13.73 ± 3.43 0.35 −2.95 [−39.52, 33.62]
Ob 16 22.00 ± 4.37 17.48 ± 3.61 0.24 10.60 [−27.32, 48.52]

Hip Left U 14 5.18 ± 2.19 4.33 ± 1.88 0.94 −1.90 [−11.97, 8.17]
N 18 5.81 ± 1.00 4.75 ± 0.93 0.91 1.03 [−10.34, 12.41]
Ov 17 4.24 ± 0.90 3.21 ± 0.76 0.94 −0.26 [−8.80, 8.28]
Ob 16 8.36 ± 2.14 6.66 ± 2.05 0.93 6.48 [−5.02, 17.98]

Right U 13 6.01 ± 2.48 4.95 ± 2.18 0.93 −2.82 [−13.82, 8.18]
N 18 6.62 ± 1.19 5.59 ± 0.98 0.90 0.57 [−12.67, 13.81]
Ov 18 5.41 ± 1.07 4.03 ± 0.86 0.90 −0.56 [−11.35, 10.22]
Ob 16 7.28 ± 2.71 5.47 ± 1.96 0.82 4.53 [−8.19, 17.24]
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3.3	 Left-right limb comparison

Figure 4 presents the left–right comparison of RMSE, MAE, and Pearson r for 
each joint and BMI group in both cohorts. The development cohort shows that the 
estimation accuracy is balanced between significant and not significant, which 
are 6 to 6. Mostly, the ankle estimation accuracy differs significantly, such as in the 
U (p = 0.046), N (p < 0.001), and Ob groups (p < 0.001). The hip has the most similar 
accuracy between the right and left limb trajectories, where the Ov group has sig-
nificantly better RMSE on the right side (p < 0.05). Meanwhile, the knee significantly 
differs in the U and Ov groups. The left knee is significantly better (p < 0.001) in the 
U group and is significantly worse (p < 0.05) in the Ov group.

Independent cohort data shows contrary behavior. Most of the accuracy is 
not significantly different between left and right, where 9 out of 12 has p > 0.05. 
Although it has a relatively higher RMSE than the hip joint estimation, the knee 
estimation keeps its inter-limb accuracy very good throughout the BMI groups. 
Differently, the hip of the independent cohort has a significant inter-limb accuracy 
difference on the N (p < 0.05) and Ov groups (p < 0.01). The estimation model does 
not distinguish between limb sides, where it uses the same angular velocity ref-
erence for both limbs. Therefore, natural inter-limb kinematic variation, such as 
the (t₁–t₄), the initial joint angular position (θ₀), and ROM can lead to different esti-
mation accuracy between the left and right knees. Here, the result shows that the 
proposed estimation model can be used for both right and left limbs, where the 
inter-limb estimation accuracy difference is not significant (15 out of 24) across 
BMI and joint.

Fig. 2. Estimated trajectories over the normalized gait cycle for all six joint–side combinations across the 
four BMI groups
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Fig. 3. Bland Altman analysis plot: estimated versus real

Fig. 4. Left vs. Right estimation accuracy by joint, BMI, and cohort
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4	 DISCUSSION

4.1	 Comparison with related gait reference generation methods

The proposed framework occupies a distinct niche in the landscape of gait refer-
ence generation methods. Most existing approaches model the joint angle trajectory 
directly as a function of kinematic or sensor inputs. Semwal et al. [10] proposed an 
LSTM-CNN architecture trained on 42 healthy subjects walking at eight different tread-
mill speeds, achieving R² > 0.90 for hip and knee angle reconstruction. Parametric 
regression methods using walking speed, gender, age, and BMI as predictors have 
also been shown to reconstruct lower limb sagittal kinematics with errors within 
one standard deviation of normative waveforms across 54 participants [24]. Speed-
dependent key-event regression for robotic gait support demonstrated that joint 
angle trajectories can be estimated from walking speed and body height alone across 
a wide speed range (0.5–5 km/h) [13]. A parametric 3D gait generation approach 
using walking speed and body height has also been demonstrated for robot-assisted 
rehabilitation with strong kinematic shape correspondence [12]. These methods 
achieve high shape fidelity but require either real-time sensor data, multi-variable 
anthropometric measurements, or large training datasets.

In contrast, the present framework operates from only two inputs (BMI and walk-
ing speed) and produces not a continuous waveform but a phase-averaged angular 
velocity integrated over the real phase duration. This fundamental difference results 
in a less accurate but substantially simpler model. The Pearson r values obtained 
here (0.15–0.94 across joints and conditions) are lower than those reported by full 
trajectory estimation methods [10], [24], but the comparison is not strictly equiva-
lent: the proposed method requires no pre-session anthropometric measurement 
beyond BMI and no waveform-level model training. Moissenet et al. [24] reported 
that a mismatch in walking speed, age, sex, or BMI can introduce errors exceed-
ing 5° in sagittal lower limb kinematics, which directly motivates the BMI-stratified 
personalization approach adopted here. The LSTM-based single-IMU method of 
Park et al. [25] achieved RMSE below 7° and R² > 0.74 for all three joints during 
overground walking, representing a relevant benchmark. The hip RMSE (4.24–8.42°) 
and Pearson R (0.82–0.94) reported in this study are comparable to or better than 
this benchmark. It is also better than other IMU-based kinematic estimation litera-
ture that reports hip joint correlation coefficients of 0.60–0.88 for overground walk-
ing [26], [27]. The NN-15 framework achieves hip pattern fidelity comparable to 
sensor-based methods despite requiring no real-time measurement.

The ankle has moderate agreement with RMSE values in the range of 6.17–12.39° 
for both development and independent cohorts. IMU-based methods without 
explicit angle waveform training report ankle RMSE in the range of 2–7° for level 
walking [26], [28], while EMG-based estimation with LSTM achieves an RMSE of 
approximately 9° [29]. The ankle’s complex two-directional reversal pattern across 
the four gait phases (plantarflexion in P1, dorsiflexion in P2, plantarflexion for 
push-off in P3, and dorsiflexion for foot clearance in P4) places greater demands on 
phase-averaged velocity accuracy than the simpler hip trajectory, since the sign of 
the angular velocity changes between nearly every phase transition.

The knee joint has the highest error compared to other joints. The RMSE is 
high, ranging from 9.28° to 15.31°, yet the Pearson r (0.710–0.825) is moderate in 
the development cohort. For reference, knee angle RMSE values of 9.24° (absolute) 
have been reported for IMU-based PCA methods [30] and approximately 9° for EMG-
based LSTM estimation [29], while a single-IMU LSTM approach achieved RMSE 
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below 7° and R² > 0.74 in overground walking [25]. The knee RMSE values reported 
here exceed these benchmarks, which is expected given that the NN-15 model uses 
no real-time kinematic measurement for knee reconstruction. It does even worse 
on the independent cohort, where the RMSE ranges from a minimum of 14.80° to 
23.80°. The shape is also not preserved with a low Pearson r of 0.15–0.40. The knee 
RMSE values reported here exceed these benchmarks, which is expected given that 
the NN-15 model uses no real-time kinematic measurement for knee reconstruction.

Among robot-specific methods, the CLME approach used in some exoskeletons 
[14] generates trajectories from the contralateral limb but requires at least one func-
tioning limb, making it inapplicable for bilateral impairment. The Gaussian process 
trajectory approach of Hong et al. [31] produces individualized trajectories from 
11 anthropometric variables but imposes a high pre-session measurement burden. 
Compared to all these approaches, the NN-15 framework trades some accuracy for 
substantially lower measurement burden, where the trade-off is appropriate for a 
wearable rehabilitation robot in a crowded clinical setting.

4.2	 Phase wise gait pattern similarity

The similarity metrics across the four gait phases are shown in Figure 5. The hip 
joint has the simplest motion profile and strong agreement, in other words, having 
the strongest gait pattern similarity across all BMI groups and limb sides. The hip 
also shows good generalization, where the strong agreement is also true for both 
development and independent cohorts. The Pearson r consistently exceeds 0.81, and 
the RMSE is as low as 4.24 ± 0.90° in the Ov group. This is directly attributable to the 
biomechanical simplicity of hip motion during the gait cycle. The hip undergoes a 
predominantly unidirectional motion pattern: extension during P1 and P2 and flex-
ion during P3 and P4 [32], [33]. This single-reversal trajectory is highly amenable to 
reconstruction from phase-averaged angular velocity estimates, since the direction 
of motion is consistent within each phase and the transition between extension and 
flexion aligns naturally with the four-phase gait segmentation of the Picobot system.

The phase-wise analysis in Figure 5 confirms a consistent and monotonically 
increasing error pattern across all BMI groups, both development and independent 
cohort. P1 yielded the lowest RMSE (0.97–3.64o across groups) with acceptable to 
strong r (0.63–0.99 across groups), while P4 produced the highest RMSE (6.22–10.96° 
across groups) with high r (0.86–0.97 across groups). A notable anomaly was 
observed in P3 (heel off to toe off). Pearson r dropped sharply for the Ov (r = 0.56) 
and Ob (r = 0.23) of the development cohort. Pearson r is even worse on the indepen-
dent cohort group across BMI, where the range is -0.39 to 0.09. Negative correlations 
mean the model estimates different directions of angular velocity. This phase marks 
the onset of hip flexion, which may follow a less linear and more complex trajectory 
than the phase-averaged velocity model assumes. Less linearity is possible due to 
altered pelvis mechanics, trunk lean compensation, or reduced hip flexor power 
associated with higher body mass [6]. The actual trajectory changes to the positive 
direction may also happen at the end of P2, where the angular velocity estimation is 
in the negative direction; thus, explaining the negative correlation.

The ankle joint shows error patterns that varied similarly to the hip error pat-
tern across both gait phases and BMI groups. In the development cohort, the ankle 
joint followed a phase-wise accuracy pattern broadly similar to that of the hip, with 
the estimation performing well in the early cycle and degrading toward the end. 
Averaged across BMI groups, Phase 1 showed the lowest error (average RMSE = 3.12°), 
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and the mid-cycle phases retained strong shape correspondence, with Phase 2 and 
Phase 3 reaching Pearson r of 0.88 and 0.86, respectively, comparable to the hip in 
the same cohort. As with the hip, the largest errors appeared in the terminal phases, 
with Phase 3 and Phase 4 RMSE rising to 9.05° and 8.42°. This indicates that, when 
evaluated on the same subjects used for model development, the ankle reconstruc-
tion captured the overall sagittal motion pattern with acceptable fidelity across most 
of the gait cycle.

However, this favorable pattern did not transfer to the independent cohort. When 
the model was tested on completely unseen subjects, the ankle similarity dropped 
sharply, particularly in the shape-based metric. Averaged across BMI groups, Phase 3, 
which has rapid plantarflexion push-off [12], exhibited the worst similarity of all 
phases, with RMSE increasing to 15.75°. Pearson r is also collapsing to −0.10, indicat-
ing that the estimated push-off trajectory no longer followed the real motion on new 
individuals. Phase 1 (r = 0.50) and Phase 4 (r = 0.11) also performed poorly, mirroring 
the low correlations already observed in the development cohort for these phases. 
This is expected and biomechanically interpretable. During P4, the ankle is free from 
ground contact, and the dorsiflexion trajectory varies considerably across individ-
uals in both timing and magnitude [26], making it the most challenging phase to 
reconstruct from a scalar phase-averaged velocity.

In contrast, Phase 2 retained an appropriate level of similarity even on unseen 
subjects (RMSE = 6.73°, r = 0.864), remaining the most reliable phase for the ankle. 
A likely explanation is that Phase 2 corresponds to the most stable segment of ankle 
motion, during which the joint moves consistently in a single direction (progres-
sive dorsiflexion as the tibia advances over the planted foot) from the beginning 
to the end of the phase. This monotonic, low-variability motion is well matched to 
a single phase-averaged angular velocity, allowing it to generalize. Meanwhile, the 
more dynamic and direction-changing Phase 3 and Phase 4 estimation could not 
match the real trajectory well. Future iterations should consider different gait phase 
schemes to estimate the angular joint velocity.

The knee joint showed a different phase-wise behavior from the ankle and hip. 
Averaged across BMI groups in the development cohort, the error was smallest in 
Phase 1 (RMSE = 2.23°) and grew steadily toward the end of the cycle, reaching its 
maximum in Phase 4 (RMSE = 17.62°) during swing, where the knee undergoes 
its largest flexion. A distinctive feature appeared in Phase 2, where the Pearson r 
was very low (r = 0.195) despite a modest RMSE of 5.83°. This indicates that the 
knee trajectory shape was poorly captured during mid-stance, even though the 
absolute error remained small. The reason is that the knee stays close to full exten-
sion during Phase 2 and moves very little, so the real angular velocity is near 
zero. The phase-averaged velocity model assigns a small but non-zero velocity, 
producing a gradually drifting trajectory that does not follow the near-flat real 
motion, which lowers the correlation while keeping the RMSE small. Phase 3 and 
Phase 4 retained strong shape correspondence (r = 0.901 and 0.806), confirming 
that the model captured the direction of knee flexion even where the magni-
tude was underestimated.

In the independent cohort, the knee accuracy dropped across all phases. 
Averaged across BMI groups, Phase 4 remained the largest source of error 
(RMSE = 19.09°), and Phase 3 also rose sharply (RMSE = 21.37°). More importantly, 
the near-zero Phase 2 correlation persisted on unseen subjects (r = −0.03), con-
firming that the poor mid-stance shape agreement is not a cohort-specific arti-
fact but a consistent limitation of the phase-averaged velocity approach for the 
knee. Phase 1 remained the most reliable phase (RMSE = 4.30°). Phase 3, which 
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had shown strong shape correspondence in the development cohort (r = 0.901), 
dropped to r = 0.330 on unseen subjects, indicating that the earlier high correla-
tion did not generalize. Zhang et al. [34] similarly reported that the largest estima-
tion error in knee exoskeleton control occurred during phases of rapid angular 
change, such as in P3 and P4, while error was smallest during the stable mid-
stance period, consistent with the low P1 error observed here. But, since phase 2 
has a near-zero correlation in both cohorts, this study recommends holding the 
knee at its initial position during the early stance phases rather than driving it 
with a velocity reference, reserving active velocity control for the later phases 
where the knee genuinely moves.

Overall, the similarity metrics are acceptable throughout the gait phases if the 
current and previous gait phases have the same directions. This is expected from the 
nature of the model, which reconstructs each phase from a single phase-averaged 
angular velocity. When the current phase keeps the same direction as the preceding 
one, the estimated velocity carries the correct sign and the trajectory follows the real 
motion, as seen in the ankle Phase 2, the knee Phase 3, and the hip Phases 1, 2, and 4, 
where the Pearson r remained high. But if the opposite happened, then there is a 
risk of inappropriate estimation, such as positive angular velocity instead of nega-
tive angular velocity, which lowers the correlation even when the absolute error 
stays small. This is visible in the hip Phase 3 and the ankle Phase 4, both of which 
follow a direction reversal. A second, related case occurs when the joint moves very 
little within a phase, such as the knee during Phase 2, where the joint stays near full 
extension. In this situation the real angular velocity is close to zero, but the model 
still assigns a small non-zero velocity, producing a drifting trajectory with a low 
correlation despite a small RMSE. These two situations: (1) direction reversal and 
(2) near-zero motion—account for the phases where the estimation is least reliable. 
In the independent cohort the same pattern held and became more pronounced, 
with the reversal-affected ankle Phase 3 showing the sharpest drop in correlation. 
This indicates that the direction of motion within and between phases, rather than 
the BMI group or the specific joint, is the primary factor governing the reliability 
of the phase-averaged velocity estimation.

Fig. 5. (Continued)
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Fig. 5. Phase-wise gait pattern similarity by joint and BMI—Development vs. Independent cohort

4.3	 BMI group effects and clinical relevance of personalization

The overweight group consistently achieved the best hip and ankle agreement, 
consistent with the lower within-group angular velocity variance found in the previ-
ous research [15]. This reflects the kinematic regularity of Ov’s gait: Valeria et al. [19] 
demonstrated that young Ov adults show specific but consistent gait adaptations, 
including altered hip and knee angles, while Malek et al. [6] showed that BMI 
significantly influences sagittal ankle kinematics and knee dynamics. The regularity 
of these BMI-specific adaptations is precisely what makes BMI a valuable personaliza-
tion variable, where the NN-15 model learns these systematic deviations and applies 
them to generate group-appropriate references. In this case, the references are joint 
angular velocity at certain gait phases.

This work is closely related to Moissenet et al. [24], who demonstrated using 
multiple regression that walking speed, gender, age, and BMI together predict lower 
limb sagittal kinematics with errors within one standard deviation of normative 
waveforms. Their finding that a mismatch in BMI alone can introduce errors exceed-
ing 5° in sagittal kinematics directly supports the personalization rationale of this 
study: using a patient’s own BMI as the model input, rather than a group average, 
reduces this mismatch error. The hip RMSE values reported here (4.24–8.42°) are in 
the same order as the BMI-mismatch prediction errors in [24], suggesting that the 
NN-15 personalization reduces but does not fully eliminate this source of error.

The U group showed the highest estimation variability, consistent with the faster 
and more variable gait associated with lower body mass [19]. The small U sample 
(two participants) further limited the model’s exposure to within-group diversity. 
The Ob group maintained moderate but stable performance. Although obesity 
is associated with altered knee and ankle biomechanics, including reduced knee 
flexion and reduced ankle ROM [5], the Ob group’s consistency within this dataset 
(188 gait cycles from 6 participants) suggests that the NN-15 model can represent 
this group reliably given sufficient training data.

4.4	 Comparison of estimation accuracy between left and right limbs

By design, the NN-15 model produces a symmetrical motion reference for the left 
and right limbs. The model uses only body parameters, such as BMI and walking 
speed, as inputs. Obviously, they do not distinguish between limb sides and there-
fore generate an identical set of phase-averaged angular velocity references (ω₁–ω₄) 
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for both limbs. As a result, the reconstructed gait trajectories for the left and right 
limbs are largely similar in shape, where 15/24 non-significant differences across 
BMI, joint, and cohort group are found. The minor differences that do arise between 
sides originate not from the velocity estimates themselves but from the limb-specific 
timing and initial conditions used during reconstruction: the measured duration 
of each gait phase (t₁–t₄), the initial joint angular position (θ₀), and the joint ROM 
can differ slightly between the left and right limbs even within the same gait cycle. 
Since the joint angle is reconstructed by integrating the shared velocity over these 
limb-specific durations, small differences in phase duration or initial position trans-
late into modest differences in the resulting trajectory. Consequently, the model 
produces more or less symmetrical gait references, with only minor side-to-side 
variation attributable to natural differences in gait timing between limbs.

This design characteristic is reflected in the results. The differences in estimation 
accuracy between the left and right limbs were not significant in many joint and 
BMI group combinations. Most notably, estimation accuracy at the hip was compa-
rable across both limbs in all BMI groups. Where significant differences did appear 
(primarily at the ankle and knee in certain BMI groups), they cannot be attributed 
to the model, since the model applies the same velocity reference to both sides; 
rather, they reflect the natural inter-limb kinematic variation present in the real 
gait data, which a symmetric model is inherently unable to reproduce. Such natural 
left–right variation is well documented even in healthy individuals [35], [36], arising 
from individual strategy to accommodate functional differences between the dom-
inant and non-dominant limbs in their contributions to support and propulsion. 
Because the present framework cannot account for this natural variation, future 
work should investigate extending the model to differentiate between the left and 
right limbs. For instance, introducing limb side and limb-dominance as an addi-
tional model input would be meaningful to better capture the inherent inter-limb 
differences. This extension would be particularly valuable for post-stroke rehabil-
itation, where pronounced and clinically meaningful gait asymmetry between the 
affected and unaffected limbs is a defining feature that a symmetric reference model 
cannot represent.

4.5	 Implications for Picobot and clinical translation

The results collectively define a health population joint-specific deployment 
strategy for the NN-15 framework in Picobot. The working principle of Picobot is 
shown in Figure 6. The system identifies the gait phase using a force-sensing resistor 
beneath the insole. Picobot then moves accordingly with phase-averaged angular 
velocity references (ω1, ω2, ω3, ω4) using a BLDC motor equipped with a rotary 
encoder located at each joint. For instance, if the system detects the current gait 
phase is phase 2, then it will move the joint with the respective ω2. Positive and neg-
ative values correspond to the direction of the flexion. The initial joint angle is the 
current angle measured using the encoder in the beginning of each cycle. Gait phase 
durations are not measured because it is the consequence of each gait cycle detected. 
The joint ROM is measured before the training using the rotary encoder. Firstly, the 
user uses the Picobot. Then, they do positive and negative flexion as much as they 
can according to their own current joint ROM. This is especially useful for adjusting 
the gait control, which depends on patient recovery progress (an early-stage patient 
might have less joint ROM than a mid-stage patient). This will also capture the inter-
limb capabilities where one limb might have larger ROM than the other.
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Implementing the current gait pattern generator using the Picobot system should 
consider the error tracking performance. Previous studies report no exact tolerable 
threshold. Despite that, the acceptable level of error may depend on the rehabili-
tation phase and patient condition. Early-stage rehabilitation may tolerate slightly 
higher errors if the focus is on passive mobilization, while advanced stages may 
require greater precision for active or resistive exercises [37]. One study on upper 
limbs reports that tracking error below 10o is preferable [38]. Another study reports 
that knee flexion tracking error between 4.47o to 13.72o is acceptable depending on 
the assistance mode [39]. Meanwhile, the tracking error of the proposed method 
reaching 15o for the knee flexion, which raises a concern as it could compromise the 
effectiveness of rehabilitation by deviating from the intended therapeutic trajectory. 
Precise trajectory tracking is critical for ensuring proper joint alignment, muscle 
activation, and neuromotor recovery [38].

Improvement of the proposed method is urgent for future work because the 
proposed method only measures the joint angle and no other parameters like muscle 
activation or trunk stability as control feedback. For hip control, the framework can 
serve as a stand-alone personalized velocity reference across all BMI groups and 
both limbs. For ankle control, the framework provides reasonable stance-phase 
references but should incorporate a reduced-gain or ROM-limiting mode during 
P4 to account for swing-phase variability or use a different gait phase scheme. 
For knee control, implementing a position hold during P1 and P2 and reserving 
velocity-driven control for P3 and P4 would substantially reduce the largest avoid-
able error. These modifications constitute a hybrid control strategy: (1) position hold 
during near-stationary phases and (2) velocity-driven motion during active dis-
placement phases. Hopefully the modifications will better reflect the phase-specific 
biomechanical role of each joint.

Fig. 6. Working principle of Picobot to perform gait movement for training purposes: (a) hardware setup; 
(b) joint flexion direction; (c) overall gait control algorithm
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A key practical advantage of this framework is that it requires no pre-session 
anthropometric measurement beyond BMI and joint ROM. Walking speed can be 
estimated from IMUs already integrated in Picobot or preset for treadmill-based 
training [40]. This simplicity positions the framework as a strong candidate for 
high-throughput clinical rehabilitation settings. The BMI-based personalization 
addresses a documented clinical problem, which is the error introduced by applying 
normative gait references across diverse body compositions [24], without the com-
plexity of full trajectory modeling. By doing this, the patient can train to follow the 
gait movement of the healthy population, which is represented by the phase-average 
joint velocity reference. Therefore, future work should make an effort in validat-
ing the impact of using the proposed method in the Picobot system for post-stroke 
patient recovery.

The proposed method also can facilitate patient recovery progress by calibrating 
the joint ROM according to the subject joint ROM capability. It is also worth noting 
that the proposed method tracking error is always inside the joint ROM. Meaning 
overextension is out of the table. Meticulous calibration of the joint ROM is import-
ant to be done before using the Picobot system with the proposed gait pattern 
generation method to ensure no over-extension. On the contrary, the less extension 
due to the tracking error given by the Picobot system might decrease the effective-
ness of the training, which is a subject for future studies.

Future work should also validate the framework on post-stroke participants, 
evaluate performance across a range of walking speeds, and explore incorporating 
additional inputs (cadence, leg length) to improve ankle and knee accuracy. Real-time 
adaptation, for instance by using the first few strides to refine the reference based 
on observed kinematics via a lightweight IMU feedback loop, could progressively 
reduce the residual estimation error during each rehabilitation session. Updating 
the neural network using more health population data is also suggested in the future 
to refine the estimation tracking error.

4.6	 Limitations

Several limitations should be considered. First, only healthy adults at preferred 
walking speed were tested. Applicability to post-stroke patients with pathological 
gait, reduced ROM, and pronounced asymmetry has not been validated. The gen-
erated references represent the target healthy trajectory for rehabilitation of the 
patient, but not the patient’s current gait. Second, only preferred walking speed 
was evaluated; performance across controlled speeds remains untested. Third, real 
Vicon-measured phase durations were used in reconstruction to isolate the contri-
bution of velocity accuracy; in actual Picobot deployment, phase durations are deter-
mined by real-time foot contact events and may differ from healthy adult norms, 
introducing additional timing errors not captured here. Additionally, the phase-wise 
RMSE analysis employed approximate gait cycle boundaries from standard liter-
ature [32], [33] rather than trial-specific foot contact timings, which represents a 
further simplification.

The measured joint trajectories in Figure 2 show a relatively large dispersion 
(Tables 2 and 3), even within BMI groups. This dispersion comes from the data 
itself, not the estimation model. Each BMI group is small (two to eight partici-
pants), so a single atypical walker widens the standard-deviation band. All trials 
used a self-selected preferred speed, and sagittal knee and ankle kinematics are 
speed-dependent [13], [41], which adds further variability. Marker placement also 
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introduces uncertainty at the hip and knee joint centers, where different operators 
might place the marker slightly differently. Time normalization to 0–100% can also 
introduce minor variability across trials. The same factors explain the clustered 
points in some Bland–Altman plots, where individual subjects appear as separate 
clusters due to the small group size. Larger and more homogeneous cohorts with 
controlled walking speeds would reduce this dispersion in future work.

5	 CONCLUSION

Unlike prior studies that focus on maximizing reconstruction accuracy, this 
work emphasizes the trade-off between accuracy and system simplicity, which is 
critical for real-world deployment in wearable rehabilitation robotics. This study 
evaluated the gait pattern similarity between lower limb joint angle trajectories 
generated from a BMI- and walking-speed-based angular velocity model (NN-15) 
from a previous study [15] and real Vicon-measured trajectories across 424 gait 
cycles from a development cohort (24 subjects) and 131 gait cycles from an inde-
pendent cohort of unseen 8 subjects. The hip joint achieved the strongest agree-
ment (r = 0.82–0.94, RMSE = 4.24–8.42°) owing to its simple unidirectional motion 
pattern (extension in stance, flexion in swing), while the ankle showed moderate 
agreement (r = 0.19–0.81, RMSE = 6.17–12.39°) with the largest error in the swing 
phase due to highly variable dorsiflexion, and the knee exhibited the highest error 
(r = 0.15–0.83, RMSE = 9.28–23.80°) driven by near-zero angular velocity during 
stance and a non-linear trajectory during swing. The Ov BMI group demonstrated 
the best overall performance at the hip and ankle, while the U group showed the 
highest variability. The Bland–Altman plots for all joints show a homoscedastic pat-
tern, indicating consistency of the phase-averaged angular velocity model across 
individual gait cycles. The model was also able to serve both limbs despite produc-
ing only a single phase-averaged angular velocity per phase for both sides, as the 
left and right estimation accuracy did not differ significantly in most joint and BMI 
combinations.

Based on these findings, it is evident that the compact angular velocity NN-15 
model can reproduce physiologically plausible gait patterns without complex 
anthropometric measurement. Also, while the NN-15 framework is recommended 
as a personalized hip joint reference for Picobot without modification, room for 
improvement is still available. Adopting a different gait phase scheme is advised for 
ankle control, and a position-hold strategy during Phases 1 and 2 is proposed for the 
knee to eliminate avoidable stance-phase error. Future work also should validate 
the framework on post-stroke patients, especially regarding the impact of using 
the Picobot system with the proposed gait control strategy. Extend evaluation 
across multiple walking speeds, and a more homogenous cohort is also the case for 
the future.
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