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Abstract: Proprioceptive sensor data, including inertial measurement units (IMU), joint encoders, and 

torque sensors, plays a critical role in state estimation for quadruped robots operating in dynamic and 

unstructured environments. However, these signals are often degraded by various sources of error, 

such as high-frequency noise, bias, drift, and contact-induced disturbances, which directly affect esti-

mation accuracy and stability. This study presents a systematic analysis of sensor-specific noise charac-

teristics and evaluates the effectiveness of preprocessing methods tailored to each sensor modality. 

Specifically, moving average filtering is applied to encoder signals to mitigate noise amplification during 

differentiation, while first-order low-pass filtering is employed for IMU and torque signals to suppress 

high-frequency noise. Experimental results on a publicly available quadruped dataset demonstrate that 

encoder velocity RMSE is reduced by 12.09%, high-frequency energy decreases by 59.63%, and signal-

to-noise ratio (SNR) improves by 145.6%. However, variance reductions remain limited (3.39% for 

IMU and 4.05% for torque), indicating the persistence of impulsive, non-Gaussian noise caused by 

contact events. These findings highlight that linear preprocessing methods are effective for attenuating 

high-frequency noise but insufficient for handling non-Gaussian disturbances. The study provides 

practical insights into the effectiveness and limitations of preprocessing strategies, serving as a foun-

dation for developing more robust signal processing and state estimation frameworks in quadruped 

robotics. 

Keywords: Encoder signal processing; IMU noise analysis; Quadruped robots; Sensor data         

preprocessing; Signal-to-noise ratio; State estimation; Sustainable robotics; Torque sensor analysis. 

 

1. Introduction 

Quadruped robots have gained increasing attention due to their ability to traverse com-
plex, unstructured, and obstacle-rich terrains, often outperforming wheeled or tracked plat-
forms in challenging environments [1], [2]. Their applications span a wide range of domains, 
including industrial inspection, exploration, disaster response, and logistics in uncertain and 
dynamic conditions [3]–[5]. To ensure stable and reliable locomotion, accurate state estima-
tion is essential, as it provides critical information regarding body motion, joint states, and 
interactions with the environment [6]–[9]. Sensor systems in quadruped robots can generally 
be categorized into proprioceptive and exteroceptive sensors, as illustrated in Figure 1. Pro-
prioceptive sensors—such as inertial measurement units (IMUs), joint encoders, and torque 
sensors—provide direct measurements of the robot’s internal kinematic and dynamic states. 
In contrast, exteroceptive sensors, including cameras, LiDAR, and radar, provide information 
about the surrounding environment and external context. 

However, in many dynamic motion scenarios and complex environments, exteroceptive 
sensor data may become unreliable, intermittent, or unavailable. As a result, state estimation 
systems in quadruped robots often rely heavily on proprioceptive sensing [10]–[12]. To 
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improve estimation accuracy and robustness, various advanced approaches—such as the Ex-
tended Kalman Filter (EKF), Invariant EKF (InEKF), and graph-based methods—have been 
developed to fuse multi-sensor information under nonlinear system dynamics [13]–[16]. 
These estimation frameworks are inherently probabilistic, where measurement noise directly 
affects the innovation term and covariance update, making them highly sensitive to the quality 
of input sensor data [17]. 

 

Figure 1. Proprioceptive and exteroceptive sensor taxonomy for legged robots [18]. 

In practice, proprioceptive sensor measurements are affected by multiple sources of er-
ror, including noise, bias, quantization, time synchronization issues, and contact-induced dis-
turbances [19]–[21]. Intermittent foot–ground contact generates high-frequency impulses and 
oscillations, significantly altering signal characteristics. Specifically, IMU measurements are 
subject to drift; encoder signals suffer from noise amplification during numerical differentia-
tion; and torque signals exhibit spike-like disturbances during contact events [22]. Despite 
significant advances in state estimation algorithms, most existing studies focus primarily on 
improving estimation frameworks, while the quality and characteristics of raw proprioceptive 
sensor data are often overlooked. In particular, there is a lack of systematic analysis of how 
different types of sensor noise—such as high-frequency noise, bias, drift, and contact-induced 
disturbances—affect preprocessing and, consequently, influence estimation performance. 
This limitation is particularly critical in quadruped robots operating in dynamic environments, 
where intermittent contact events introduce impulsive and non-Gaussian noise. Since estima-
tion performance is fundamentally constrained by the quality of input measurements, a de-
tailed analysis of preprocessing methods is essential for ensuring reliable state estimation. 

Motivated by this gap, this paper presents a systematic analysis of proprioceptive sensor 
signal characteristics and evaluates sensor-specific preprocessing methods in quadruped ro-
bots. Rather than proposing a new state estimation algorithm, this study focuses on signal-
level challenges that directly impact estimation performance. The main contributions of this 
work are summarized as follows: 

• A systematic analysis of noise characteristics in proprioceptive sensors (IMU, encoder, 
and torque) in quadruped robots; 

• An experimental evaluation of sensor-specific preprocessing methods and their effec-
tiveness; 

• Insights into the limitations of linear filtering methods when handling non-Gaussian and 
contact-induced noise. 
 

From a state estimation perspective, the quality of sensor measurements directly influ-
ences the performance of estimators such as EKF and InEKF. Measurement noise affects 
both the innovation term and covariance update, thereby impacting estimation accuracy and 
stability. Therefore, improving sensor data quality through appropriate preprocessing is a crit-
ical step toward achieving reliable and robust state estimation in quadruped robots. The re-
mainder of this paper is organized as follows. Section 2 describes the characteristics and error 
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sources of proprioceptive sensor signals. Section 3 presents the proposed preprocessing pipe-
line. Section 4 provides experimental results and quantitative evaluation. Finally, Section 5 
concludes the paper.. 

2. Characteristics of Proprioceptive Sensor Signals 

2.1. Inertial Measurement Unit (IMU) 

The IMU provides information about the robot’s body motion by measuring linear ac-
celeration and angular velocity at high sampling rates. In quadruped robots, this sensor serves 
as a primary source for estimating short-term body orientation and kinematics, particularly 
when exteroceptive sensing is unreliable or unavailable. The IMU is typically mounted near 
the robot’s center of mass, as illustrated in Figure 2. This placement minimizes the influence 
of limb-induced vibrations and reduces disturbances caused by ground contact. In addition, 
the IMU reference frame is commonly assumed to coincide with the robot body frame, which 
simplifies state estimation models, particularly in Kalman filter-based approaches such as 
EKF and InEKF [23], [24]. 

 

Figure 2. IMU placement in a quadruped robot body [25]. 

Despite its importance, IMU measurements are significantly affected by mechanical vi-
brations and impact forces during locomotion. These disturbances introduce measurement 
noise and lead to cumulative errors over time. Consequently, raw IMU data cannot be directly 
used and must be preprocessed before being integrated into state estimation algorithms. The 
bias and drift characteristics of the IMU can be modeled as follows. The measured angular 
velocity signal is expressed as: 

𝜔𝑚(𝑘) = 𝜔(𝑘) + 𝑏 + 𝑛(𝑘) (1) 

where 𝑏 represents the bias and 𝑛(𝑘) denotes measurement noise. In practice, the bias is 
estimated during a stationary phase: 
In practice, the bias is estimated during a stationary phase: 

𝑏̂ =
1

𝑁
∑𝜔𝑚

𝑁

𝑘=1

(𝑘) (2) 

After bias removal, the corrected signal becomes: 

𝜔𝑐(𝑘) = 𝜔𝑚(𝑘) − 𝑏̂ (3) 

To model drift over time, the bias is represented as a random walk process: 
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𝑏𝑟𝑤(𝑘) = 𝑏𝑟𝑤(𝑘 − 1) + 𝜎𝑤𝑘 (4) 

where 𝑤𝑘 is Gaussian noise. 
The resulting drift-affected signal is given by: 

𝜔𝑑(𝑘) = 𝜔𝑐(𝑘) + 𝑏𝑟𝑤(𝑘) (5) 

This formulation captures the drift behavior commonly observed in IMU signals, especially 
under sustained vibration and repeated impact conditions. 

2.2. Encoder Sensors 

Joint encoders are intrinsic sensors used to measure joint angles in real time. In quadru-
ped robots, they are typically installed at the hip, thigh, and knee joints, as shown in Figure 3, 
providing essential input for kinematic modeling and state estimation [26]. 

 

Figure 3. Joint encoder placement in a quadruped robot leg [27]. 

However, encoder measurements are inherently relative and do not directly provide ab-
solute motion information. In practice, joint velocity is often computed via numerical differ-
entiation of position signals, which significantly amplifies noise and quantization errors, par-
ticularly during rapid movements or contact events. 

The effect of numerical differentiation on noise amplification is expressed as follows. 

Let 𝑞(𝑡) denote the joint angle signal, and the joint velocity is computed using a central dif-
ference approximation: 

𝑞̇(𝑘) =
𝑞(𝑘 + 1) − 𝑞(𝑘 − 1)

2Δ𝑡
 (6) 

This operation amplifies high-frequency noise components in 𝑞(𝑘), leading to: 

𝑞̇(𝑘) = 𝑞̇𝑡𝑟𝑢𝑒(𝑘) + 𝜖(𝑘) (7) 

where 𝜖(𝑘) represents noise amplification in the high-frequency domain. 
Experimental observations indicate that velocity signals derived through numerical dif-

ferentiation exhibit significantly higher noise levels compared to directly measured signals, 
especially during dynamic motion phases. 
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2.3. Joint Torque Sensors 

Joint torque sensors measure interaction forces between the robot and its environment 
and are commonly used to detect contact states in quadruped locomotion. Variations in 
torque signals reflect transitions between stance and swing phases, providing valuable infor-
mation for control and estimation. 

However, torque measurements are highly sensitive to contact events. Foot–ground in-
teractions generate impulsive disturbances, resulting in spikes and high-frequency noise com-
ponents. These disturbances are inherently non-Gaussian and cannot be effectively mitigated 
using simple linear filtering techniques. 

Contact-induced disturbances in torque signals are modeled as follows. The measured 
torque signal is expressed as: 

𝜏𝑚(𝑘) = 𝜏(𝑘) + 𝑑𝑐(𝑘) (8) 

where 𝑑𝑐(𝑘) represents contact-induced noise. 
In practice, 𝑑𝑐(𝑘) appears as large-amplitude, discontinuous spikes in the signal. These 

disturbances exhibit impulsive behavior and deviate significantly from Gaussian distributions, 
making them difficult to suppress using conventional linear filters. Therefore, preprocessing 
of torque signals must be performed carefully to reduce noise while preserving meaningful 
information related to contact dynamics, which is essential for reliable state estimation and 
control. 

3. Sensor Data Preprocessing 

The overall preprocessing workflow adopted in this study is illustrated in Figure 4. This 
pipeline summarizes the sequence of processing steps applied to each sensor type, starting 
from raw data acquisition, followed by noise characteristic analysis, sensor-specific prepro-
cessing, normalization, and subsequent evaluation. 

 

Figure 4. Preprocessing pipeline for proprioceptive sensor data in quadruped robots. 

Proprioceptive sensor data in quadruped robots exhibits distinct noise characteristics 
depending on the sensor modality. Consequently, a single preprocessing method is not suffi-
cient for all sensor types. Encoder signals are primarily affected by noise amplification due to 
numerical differentiation; IMU signals are dominated by high-frequency noise and cumulative 
bias; while torque signals contain impulsive disturbances caused by contact events. Therefore, 
preprocessing methods are selected based on the specific characteristics of each signal. The 
primary objective is to reduce noise while preserving essential dynamic information required 
for reliable state estimation. 

3.1. Moving Average Filter for Encoders 

Encoder signals provide joint position measurements, while joint velocity is typically 
obtained through numerical differentiation. This operation amplifies high-frequency noise, 
resulting in significant errors in the velocity signal. To mitigate this issue, the position signal 
is first smoothed using a moving average filter before differentiation. The filtered position 
signal is expressed as: 
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𝑞̃(𝑘) =
1

𝑀
∑ 𝑞(𝑘 − 𝑖)

𝑀−1

𝑖=0

 (9) 

where 𝑀 is the window size. 
In this study, a window size of 10 samples is employed. This value is empirically selected 

to balance noise reduction and preservation of dynamic characteristics. The joint velocity is 
then computed from the filtered signal using: 

𝑞̇𝑓(𝑘) =
𝑞̃(𝑘 + 1) − 𝑞̃(𝑘 − 1)

2Δ𝑡
 (10) 

This approach reduces noise prior to differentiation, thereby limiting noise amplification 
while maintaining the overall dynamic behavior of the system. 

3.2. Low-Pass Filtering for IMU and Torque Sensors 

Both IMU and torque signals contain significant high-frequency noise components re-
sulting from mechanical vibrations and contact events. In addition, torque signals are affected 
by impulsive disturbances that are distributed across a wide frequency range. To attenuate 
high-frequency noise, a first-order low-pass filter is applied: 

𝑦(𝑘) = 𝛼𝑥(𝑘) + (1 − 𝛼)𝑦(𝑘 − 1) (11) 

where 0 < 𝛼 < 1 is the filter coefficient. 
This recursive filter reduces noise while preserving signal continuity. However, smaller 

values of α result in increased smoothing at the cost of signal delay, which may degrade fast 
dynamic responses. In this work, α=0.2 is selected based on empirical tuning to achieve a 
balance between noise attenuation and temporal responsiveness. 

While the low-pass filter effectively reduces high-frequency noise in IMU signals, its 
effectiveness is limited for torque signals due to the presence of non-Gaussian, impulsive 
disturbances caused by contact. As a result, only partial noise suppression can be achieved for 
torque measurements using this approach. 

3.3. Data Normalization 

To ensure consistent scaling across different sensor modalities, data normalization is 
applied. In this study, Z-score normalization is adopted due to its simplicity and effectiveness 
in handling multi-sensor data with different units and magnitudes. The normalized signal is 
defined as: 

𝑥𝑛𝑜𝑟𝑚 =
𝑥 − 𝜇

𝜎
 (11) 

where 𝜇 and 𝜎 denote the mean and standard deviation of the signal, respectively. 
It is important to emphasize that normalization does not directly reduce noise. Instead, 

it standardizes the data scale, facilitating comparison across sensors, improving numerical 
stability, and supporting multi-sensor integration. 

3.4. Implications for State Estimation 

The effectiveness of preprocessing extends beyond signal-level improvements and has 
direct implications for state estimation. In Kalman filter-based frameworks such as EKF and 
InEKF, measurement noise characteristics determine the reliability of sensor updates. Reduc-
ing high-frequency noise improves measurement consistency and can lead to reduced estima-
tion variance and more stable state estimates. However, non-Gaussian disturbances—such as 
impulsive noise in torque signals caused by contact events—cannot be adequately modeled 
under standard Gaussian assumptions. This mismatch may degrade estimator performance 
and highlights the need for more advanced preprocessing or robust estimation techniques. 

In typical EKF/InEKF frameworks, the state is updated using sensor measurements 
and their associated noise models. Therefore, improving the statistical properties of sensor 
data through preprocessing can lead to more consistent innovation updates and reduced es-
timation uncertainty. It should be noted that the implementation of a complete state 
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estimation algorithm is beyond the scope of this study. Instead, this work focuses on signal-
level preprocessing as a fundamental step that supports downstream estimation methods. 

Table 1. This is a table. Tables should be placed in the main text near to the first time they are cited. 

Method Sensor Parameter Value 

Moving Average Filter Encoder Window size (𝑀) 10 samples 

Low-pass Filter IMU Coefficient (𝛼) 0.2 (first-order) 

Low-pass Filter Torque Coefficient (𝛼) 0.2 (first-order) 

Normalization All Method Z-score 

 

The parameters listed in Table 1 are empirically selected to balance noise reduction and 
preservation of dynamic characteristics. In particular, the moving average window size miti-
gates noise amplification during differentiation, while the low-pass filter coefficient controls 
the trade-off between smoothing and signal delay. All parameters are fixed across experiments 
to ensure consistency and reproducibility. 

4. Experimental Results and Discussion 

4.1. Experimental Setup 

The experimental analysis follows the preprocessing pipeline illustrated in Figure 4. The 
experiments are conducted using the Proprioceptive Sensor Dataset for Quadruped Robots 
available on IEEE Dataport [28]. The dataset contains synchronized measurements from 
IMU, joint encoders, and torque sensors, with a duration of approximately 350 seconds and 
a sampling frequency of approximately 400 Hz. 

The analysis focuses on evaluating the effects of noise, bias, and preprocessing methods 
on IMU, encoder, and torque signals. All results are obtained from a single dataset sequence 
without averaging across multiple trials. The dataset provides continuous and synchronized 
measurements, enabling consistent evaluation of preprocessing performance under identical 
motion conditions. 

4.2. Effect of Moving Average Filtering on Encoder Signals 

Figure 5 illustrates the effect of applying a moving average filter to encoder signals. 

 

Figure 5. Comparison of encoder signals before and after applying a moving average filter. 
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Since the original position signal is relatively smooth, the difference between raw and 
filtered signals is not significant at the position level. However, when considering the velocity 
signal obtained through numerical differentiation, the improvement becomes substantial. The 
velocity derived from raw encoder data exhibits significant noise due to amplification during 
differentiation. After applying the moving average filter prior to differentiation, the noise level 
is significantly reduced, resulting in a smoother and more stable velocity profile. This confirms 
that pre-smoothing is essential for mitigating noise amplification and improving the quality 
of velocity estimation. 

4.3. Effect of Low-Pass Filtering on IMU and Torque Signals 

The effect of low-pass filtering on IMU and torque signals is presented in Figure 6. For 
IMU signals, the low-pass filter effectively suppresses high-frequency noise caused by me-
chanical vibrations while preserving the overall signal trend. This improves the stability of 
integrated quantities, such as orientation estimates. For torque signals, the filtering process 
exhibits more complex behavior. While the signal-to-noise ratio (SNR) increases significantly 
(145.6%) and high-frequency energy decreases by 59.63%, the variance shows only a minor 
reduction (4.05%). This discrepancy is attributed to impulsive, non-Gaussian noise caused by 
foot–ground contact. Although the filter attenuates high-frequency components, it cannot 
fully suppress large-amplitude spikes, which continue to dominate the variance. Furthermore, 
low-pass filtering only partially reduces contact-induced disturbances and may also attenuate 
meaningful contact-related information. This highlights a trade-off between noise reduction 
and preservation of physically relevant signal characteristics. 

 

Figure 6. Results of applying a low-pass filter to IMU and torque signals. 

4.4. Effect of Data Normalization 

The effect of normalization on multi-sensor signals is shown in Figure 7. Normalization 
brings all sensor signals to a common scale, facilitating comparison and integration across 
different modalities. It does not alter noise characteristics or reduce signal variance but stand-
ardizes the magnitude of the signals. This transformation is particularly beneficial in multi-
sensor fusion and learning-based frameworks, where differences in signal magnitude may bias 
the processing. By ensuring consistent scaling, normalization improves numerical stability and 
enables balanced contributions from IMU, encoder, and torque signals. 
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4.5. Evaluation Metrics and Quantitative Results 

The evaluation employs multiple metrics to capture different aspects of signal quality. 
RMSE is used to quantify the error in encoder-derived velocity signals. Variance measures 
overall signal dispersion, while SNR evaluates signal quality as the ratio of signal power to 
noise power. High-frequency energy is computed using Fast Fourier Transform (FFT) to 
capture frequency-domain noise characteristics. It is important to note that variance alone is 
insufficient to characterize impulsive and non-Gaussian noise. Therefore, additional statistical 
measures are considered. Kurtosis is used to quantify heavy-tailed distributions caused by 
spike-like disturbances, while power spectral density (PSD) analysis provides a more detailed 
frequency-domain representation. These measures complement variance-based evaluation; 
however, a full quantitative analysis using these metrics is left for future work. 

 

Figure 7. Normalized sensor signals after preprocessing. 

Table 2. Quantitative evaluation of preprocessing methods on IMU, encoder, and torque signals. 

Sensors Metric Raw Filtered Improvement 

Torque High-frequency energy 3.0644 × 10¹⁵ 1.2370 × 10¹⁵ ↓ 59.63% 

 Signal-to-noise ratio 18.896 46.396 ↑ 145.6% 

 Variance 1.0102 × 10⁶ 9.6919 × 10⁵ ↓ 4.05% 

Encoder RMSE 0.0387 0.0340 ↓ 12.09% 

IMU Variance 0.0430 0.0415 ↓ 3.39% 

 

The selection of evaluation metrics is aligned with the characteristics of each sensor. For 
encoder signals, RMSE captures the error introduced by differentiation and reflects the ef-
fectiveness of preprocessing in reducing this error. For IMU signals, variance and high-fre-
quency energy quantify noise reduction, particularly for vibration-induced disturbances. For 
torque signals, a combination of SNR, variance, and high-frequency energy is used to evaluate 
performance under non-Gaussian noise conditions. 

4.6. Discussion 

The results demonstrate that the effectiveness of preprocessing methods strongly de-
pends on the noise characteristics of each sensor. For encoder signals, moving average filter-
ing reduces noise amplification during differentiation, leading to a clear improvement in 
RMSE (12.09%). For IMU signals, low-pass filtering effectively reduces high-frequency noise, 
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as reflected by a significant decrease in high-frequency energy, while maintaining the signal’s 
dynamic trend. For torque signals, the results reveal a more complex behavior. The significant 
increase in SNR, combined with a small reduction in variance, indicates the presence of im-
pulsive, non-Gaussian noise caused by contact events. These spike-like disturbances are not 
fully attenuated by linear filters and continue to dominate the variance. This highlights a fun-
damental limitation of linear preprocessing methods in handling contact-induced noise.  

Additionally, robot motion conditions—particularly dynamic contact interactions—in-
troduce both high-frequency and impulsive disturbances, which affect preprocessing perfor-
mance differently across sensors. This further emphasizes the need for sensor-specific pre-
processing strategies. From a state estimation perspective, improved signal quality contributes 
to more stable estimation performance in EKF and InEKF frameworks. Reduced high-fre-
quency noise leads to more consistent measurements and improved integration stability. 
However, the persistence of impulsive noise suggests that conventional linear filtering is in-
sufficient for robust estimation in real-world conditions. 

4.7. Limitations and Future Work 

Despite the observed improvements, several limitations remain. The limited reduction 
in variance for torque signals indicates that linear filters are not effective for suppressing im-
pulsive, non-Gaussian disturbances caused by contact dynamics. This suggests the need for 
more advanced preprocessing approaches, such as nonlinear or robust filtering techniques. 
Future work should also integrate preprocessing with state estimation frameworks (e.g., 
EKF/InEKF) to quantitatively evaluate its impact on estimation accuracy. In addition, fur-
ther studies should investigate the influence of different locomotion modes and dynamic con-
ditions on preprocessing performance. 

5. Conclusions 

This paper presents a systematic analysis of proprioceptive sensor signal characteristics 
and sensor-specific preprocessing methods for quadruped robots. The study demonstrates 
that preprocessing effectiveness strongly depends on the underlying noise characteristics of 
each sensor modality. In particular, moving average filtering effectively reduces noise ampli-
fication in encoder-derived velocity, while low-pass filtering significantly attenuates high-fre-
quency noise in IMU signals. For torque signals, although improvements in signal quality are 
observed—such as increased SNR and reduced high-frequency energy—impulsive, contact-
induced disturbances remain largely unaffected. 

These findings confirm that linear preprocessing methods are effective for handling 
Gaussian and high-frequency noise but are inherently limited in addressing non-Gaussian and 
impulsive noise. This highlights the importance of selecting preprocessing strategies based on 
sensor-specific characteristics and reinforces the role of signal-level processing as a critical 
foundation for reliable state estimation. From a broader perspective, the results provide prac-
tical insights into the design of preprocessing pipelines for quadruped robotics and contribute 
to improving the robustness of downstream estimation frameworks such as EKF and InEKF. 
By enhancing measurement consistency, preprocessing can support more stable and accurate 
state estimation. 

However, this study is limited to signal-level analysis and does not include direct evalu-
ation within a complete state estimation framework. In addition, the preprocessing methods 
are restricted to linear filtering techniques, which are insufficient for handling impulsive dis-
turbances. Future work should explore advanced preprocessing approaches, such as nonlinear 
or robust filtering methods, and investigate their integration with state estimation algorithms 
under varying locomotion conditions.. 
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