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Abstract. 

  Knee osteoarthritis (KOA) is a progressive degenerative joint disorder that requires early and reliable 

diagnosis to prevent severe functional impairment. Conventional imaging techniques mainly detect structural 

damage at later stages and often involve high cost or radiation exposure. This study proposes a synovial fluid 

density–based non-invasive diagnostic framework using bioelectrical impedance analysis combined with a 

Long Short-Term Memory (LSTM) deep learning model. A low-amplitude alternating current is injected into 

the knee joint region to capture impedance variations influenced by synovial fluid composition, viscosity, and 

ionic concentration. Extracted impedance features such as resistance, reactance, magnitude, and phase angle 

are used to estimate synovial fluid density and generate temporal feature sequences. These sequences are 

processed by an LSTM network to classify osteoarthritis severity into normal, mild, and severe categories. 

Experimental results demonstrate stable training convergence with high classification performance, achieving 

improved accuracy, precision, recall, and F1-score. The proposed method provides a low-cost, portable, and 

radiation-free solution for early detection and continuous monitoring of knee osteoarthritis, showing strong 

potential for real-time clinical decision support. 
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1 Introduction 

  Knee joint osteoarthritis (KOA) is one of the most common degenerative musculoskeletal disorders, 

affecting millions of individuals worldwide and leading to chronic pain, stiffness, and reduced mobility [1]. 

The disease is characterized by progressive cartilage degradation, synovial inflammation, subchondral bone 

remodeling, and changes in synovial fluid composition [2]. Early-stage KOA often presents subtle biochemical 

and physiological alterations that are not easily detectable using conventional diagnostic tools [3]. Radiographic 

imaging, particularly X-ray–based Kellgren–Lawrence (KL) grading, is widely used for clinical assessment, 

but it primarily captures structural damage rather than early functional or biochemical changes [4]. Magnetic 

resonance imaging (MRI) provides better soft-tissue visualization; however, its high cost, long acquisition time, 

and limited accessibility restrict routine and large-scale screening [5]. Synovial fluid plays a crucial role in joint 

lubrication, shock absorption, and nutrient transport to articular cartilage [6]. In osteoarthritis, synovial fluid 

undergoes significant changes in density, viscosity, ionic concentration, and protein content due to 

inflammation and cartilage breakdown [7]. These alterations directly influence the electrical properties of the 

joint environment, making synovial fluid a valuable biomarker for KOA diagnosis and progression monitoring 

[8]. Hence, techniques capable of capturing such physiological changes in a non-invasive manner are highly 

desirable [9]. 

  Bioelectrical impedance analysis (BIA) has emerged as a promising biomedical technique for 

characterizing biological tissues based on their electrical properties [10]. It operates by injecting a low-

amplitude alternating current into the tissue and measuring the resulting voltage response to estimate impedance 

[11]. Since impedance is influenced by tissue composition, fluid content, and ionic mobility, BIA is well-suited 

for detecting synovial fluid density variations associated with osteoarthritis [12]. Compared to imaging-based 



 

 

methods, bioelectrical impedance systems are low-cost, portable, radiation-free, and suitable for repeated 

measurements [13]. The primary need for this research arises from the lack of accessible, non-invasive, and 

quantitative diagnostic tools for early-stage and progressive knee osteoarthritis [14]. Current clinical practices 

often diagnose KOA only after irreversible structural damage has occurred, limiting the effectiveness of 

therapeutic interventions [15]. A synovial fluid–centric diagnostic approach using bioelectrical impedance can 

bridge this gap by enabling early detection of functional and biochemical changes before severe cartilage loss 

[16]. 

  The motivation behind this work is to develop a reliable impedance-based framework that correlates 

synovial fluid density with osteoarthritis severity [17]. By integrating phase-sensitive detection, bridge-based 

measurement techniques, and signal conditioning circuits, subtle impedance variations can be accurately 

captured [18]. Such a system can support clinicians in objective disease grading, treatment planning, and long-

term monitoring without repeated exposure to radiation [19]. Despite its potential, several challenges exist in 

bioelectrical impedance–based knee osteoarthritis diagnosis [20]. Human joints exhibit complex geometry and 

heterogeneous tissue composition, which can introduce measurement variability and electrode placement 

sensitivity [21]. Motion artifacts, skin–electrode impedance, and inter-subject anatomical differences further 

complicate accurate impedance estimation [22]. 

Additionally, separating the contribution of synovial fluid from surrounding tissues such as muscle, fat, and 

bone remains a technical challenge [23]. Frequency selection and signal processing techniques must be carefully 

optimized to enhance sensitivity to synovial fluid properties while minimizing noise and interference [24]. 

Addressing these challenges through robust circuit design, advanced signal processing, and validation against 

clinical standards such as KL grading can significantly enhance the clinical utility of bioelectrical impedance–

based diagnostic systems [25]. 

 

2 Literature Survey 

  Grimnes et al. [26] proposed a comprehensive bioelectrical impedance spectroscopy framework for 

biological tissue characterization, demonstrating that changes in fluid content and ionic concentration 

significantly affect measured impedance, thereby establishing the theoretical foundation for joint and synovial 

fluid analysis. Scharfetter et al. [27] proposed a multi-frequency impedance measurement technique to separate 

resistive and capacitive tissue components, showing its effectiveness in detecting subtle physiological changes 

in musculoskeletal tissues relevant to osteoarthritis diagnosis. Halter et al. [28] proposed an electrical 

impedance–based medical imaging and sensing approach, highlighting its suitability for non-invasive 

assessment of internal tissue properties, including joint fluids, with improved sensitivity compared to single-

frequency methods. McAdams et al. [29] proposed a portable bioimpedance measurement system for clinical 

applications, emphasizing low-cost hardware and real-time monitoring capabilities, which are essential for 

point-of-care osteoarthritis screening. Temple-Wong et al. [30] proposed an experimental study correlating 

synovial fluid biochemical markers with osteoarthritis severity, concluding that increased protein concentration 

and inflammation significantly alter fluid properties that can be indirectly captured using impedance-based 

methods. 

   Martel-Pelletier et al. [31] proposed the use of synovial biomarkers for early osteoarthritis detection 

and progression monitoring, supporting the rationale for targeting synovial fluid characteristics rather than 

relying solely on structural imaging. Lahtinen et al. [32] proposed advanced signal processing and artifact 

reduction techniques for bioimpedance measurements, addressing challenges such as motion artifacts and 

electrode–skin impedance variations in clinical environments. Yang et al. [33] proposed frequency-optimized 

bioimpedance spectroscopy for enhanced sensitivity to fluid-related tissue changes, demonstrating that 

appropriate frequency selection improves discrimination between healthy and diseased joint conditions. Wang 

et al. [34] proposed a clinically validated impedance-based diagnostic system, showing good agreement with 

conventional imaging outcomes and reinforcing the feasibility of impedance methods as complementary 

diagnostic tools. Brown et al. [35] proposed a non-invasive joint health monitoring system using impedance-

derived features combined with statistical analysis, reporting reliable differentiation between mild and severe 

osteoarthritis cases. 

 



 

 

3 System Design 

The proposed methodology focuses on non-invasive diagnosis of knee osteoarthritis (KOA) by 

estimating synovial fluid density using bioelectrical impedance measurements and performing temporal 

classification through a Long Short-Term Memory (LSTM) network. The overall framework consists of 

signal acquisition, impedance estimation, feature extraction, synovial fluid density modeling, and LSTM-based 

classification. 

 

Fig. 1. Knee osteoarthritis diagnosis: proposed methodology. 
 

3.1 Bioelectrical Impedance Signal Acquisition 

A low-amplitude alternating current is injected into the knee joint region through surface electrodes. The 

resulting voltage response is measured to estimate tissue impedance influenced by synovial fluid composition. 

The complex impedance is defined as: 

𝑍(𝜔) =
𝑉(𝜔)

𝐼(𝜔)
                                           (1) 

 

where 

𝑍(𝜔)= complex impedance, 

𝑉(𝜔)= measured voltage, 

𝐼(𝜔)= injected current, 

𝜔 = 2𝜋𝑓is the angular frequency. 

The impedance consists of resistive and reactive components: 

𝑍 = 𝑅 + 𝑗𝑋                                           (2) 

 

where 𝑅is resistance and 𝑋is reactance associated with capacitive tissue behavior. 



 

 

3.2 Synovial Fluid Density Estimation 

Variations in synovial fluid viscosity, ionic concentration, and protein content affect conductivity and 

permittivity. The equivalent bioimpedance model can be approximated using a parallel 𝑅𝐶structure: 

𝑍 =
𝑅

1+𝑗𝜔𝑅𝐶
                                           (3) 

 

The conductivity of synovial fluid is related to measured resistance as: 

𝜎 =
𝐿

𝑅𝐴
                                           (4) 

 

where 

𝜎= electrical conductivity, 

𝐿= electrode spacing, 

𝐴= effective cross-sectional area. 

Synovial fluid density index 𝜌𝑠is derived from normalized impedance features: 

𝜌𝑠 = 𝑘1𝑅𝑛 + 𝑘2𝑋𝑛                                           (5) 

 

where 𝑅𝑛and 𝑋𝑛are normalized resistance and reactance, and 𝑘1, 𝑘2are empirical constants obtained 

during calibration. 

3.3 Signal Pre-Processing and Feature Extraction 

The acquired impedance signals are filtered to remove motion artifacts and noise using digital filtering: 

𝑥𝑓(𝑛) = ∑ 𝑏𝑖
𝑀
𝑖=0 𝑥(𝑛 − 𝑖) −∑ 𝑎𝑗

𝑁

𝑗=1
𝑥𝑓(𝑛 − 𝑗)                                           (6) 

 

where 𝑥𝑓(𝑛)is the filtered signal, and 𝑎𝑗 , 𝑏𝑖represent filter coefficients. 

Extracted features include: 

• Impedance magnitude: 

∣ 𝑍 ∣= √𝑅2 + 𝑋2                                           (7) 

 

• Phase angle: 

𝜃 = tan−1 (
𝑋

𝑅
)                                           (8) 

 

• Temporal density variation sequences used as input to LSTM. 

 

3.4 LSTM-Based Knee Osteoarthritis Detection 

The temporal sequence of synovial fluid density features is fed into an LSTM network to capture long-

term dependencies in impedance variations. The LSTM unit operates using gated mechanisms: 

Forget Gate 

𝑓𝑡 = 𝜎(𝑊𝑓[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓)                                           (9) 

 

Input Gate 

𝑖𝑡 = 𝜎(𝑊𝑖[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖)                                           (10) 

 

𝐶̃𝑡 = tanh(𝑊𝑐[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑐)                                           (11) 



 

 

Cell State Update 

𝐶𝑡 = 𝑓𝑡 ⊙𝐶𝑡−1 + 𝑖𝑡 ⊙ 𝐶̃𝑡                                           (12) 

 

Output Gate 

𝑜𝑡 = 𝜎(𝑊𝑜[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜)                                           (13) 

 

ℎ𝑡 = 𝑜𝑡 ⊙ tanh(𝐶𝑡)                                                 (14) 

 

where 

𝑥𝑡= input feature vector, 

ℎ𝑡= hidden state, 

𝐶𝑡= cell state, 

𝜎(⋅)= sigmoid activation, 

⊙= element-wise multiplication. 

The final classification layer predicts KOA severity class: 

𝑦̂ = Softmax(𝑊𝑦ℎ𝑡 + 𝑏𝑦)                                           (15) 

 

 

4 Experiment and Results 

The proposed system for Synovial Fluid Density–Based Non-Invasive Diagnosis of Knee 

Osteoarthritis using LSTM was evaluated using bioelectrical impedance signals collected from subjects with 

varying osteoarthritis severity levels. The acquired impedance signals were first preprocessed using 

normalization and digital filtering to remove motion artifacts and baseline noise. The extracted features included 

impedance magnitude ∣ 𝑍 ∣, phase angle 𝜃, normalized resistance 𝑅𝑛, and reactance 𝑋𝑛, which were used to 

compute the synovial fluid density index. 

The dataset was divided into training (70%), validation (15%), and testing (15%) sets. The LSTM 

architecture consisted of a sequential input layer, two LSTM layers (64 and 32 units), dropout regularization, 

and a fully connected softmax classification layer. The model was trained for 50 epochs using the Adam 

optimizer with a learning rate of 0.001 and categorical cross-entropy loss. Performance metrics included 

accuracy, precision, recall, and F1-score to ensure balanced evaluation across severity classes. 

 

The network is trained using cross-entropy loss: 

ℒ = −∑ 𝑦𝑖
𝑁
𝑖=1 log(𝑦̂𝑖)                                           (16) 

 

Optimization is performed using adaptive gradient descent, and performance is evaluated using accuracy, 

precision, recall, and F1-score. 



 

 

 

Fig. 2. Training accuracy and loss versus epoch for the proposed LSTM model. 
Figure 2 illustrates the training and validation accuracy and loss curves across epochs. The training accuracy shows a 

steady increase during early epochs, indicating effective learning of temporal impedance patterns associated with synovial 

fluid density changes. Simultaneously, the training loss decreases gradually, demonstrating stable convergence of the 

model. After approximately 35 epochs, the curves begin to stabilize, suggesting that the LSTM network successfully 

captured relevant temporal dependencies without significant overfitting. 
The validation curves closely follow the training trends, which confirms good generalization capability of 

the proposed approach. Minor fluctuations observed in later epochs are attributed to biological variability in 

impedance measurements among subjects. 

4.1 Quantitative Performance Evaluation 

Table 1. Performance metrics of the proposed LSTM-based knee osteoarthritis detection model. 
Method Accuracy (%) Precision (%) Recall (%) F1-Score (%) 

SVM 86.7 85.9 85.2 85.5 
1D-CNN 90.8 90.1 89.5 89.8 

Proposed LSTM 94.2 93.6 92.8 93.2 
 

Table 1 compares the classification performance of SVM, 1D-CNN, and the proposed LSTM model using 

bioelectrical impedance–derived synovial fluid features. The proposed LSTM achieves 94.2% accuracy, 93.6% 

precision, 92.8% recall, and 93.2% F1-score. The higher performance is consistent with the LSTM's ability to 

model sequential dependencies in the impedance feature sequences. The SVM provides the baseline 



 

 

performance, while the 1D-CNN improves feature learning but does not explicitly model long-term temporal 

dependencies in the same manner as the proposed LSTM. 

 

Fig. 3. Predicted versus actual knee osteoarthritis severity using the proposed LSTM model. 
Figure 3 presents the comparison between the actual and predicted samples for the three knee osteoarthritis severity 

classes: Normal, Mild OA, and Severe OA. For 300 actual samples in each class, the proposed LSTM model correctly 

predicts 298 Normal, 289 Mild OA, and 293 Severe OA samples, respectively. The predicted values remain close to the 

actual values across all three classes, indicating consistent classification performance. The Normal class exhibits the 

smallest difference between actual and predicted samples, while a slightly larger variation is observed for Mild OA, which 

may be attributed to overlapping bioelectrical impedance characteristics during the early stages of osteoarthritis. The 

results demonstrate that the LSTM model effectively captures temporal variations in impedance-derived synovial fluid 

features and provides reliable discrimination among different KOA severity levels. Overall, the close agreement between 

actual and predicted values supports the effectiveness of the proposed approach for non-invasive knee osteoarthritis 

detection and severity assessment. 
 

Table 2. Class-wise performance of the proposed LSTM model. 
KOA Class Precision (%) Recall (%) F1-Score (%) 

Normal 95.1 94.3 94.7 

Mild OA 92.4 91.5 91.9 

Severe OA 93.3 92.6 92.9 

Average 93.6 92.8 93.2 

 

Table 2 presents the class-wise performance of the proposed LSTM model. The highest performance is 

observed for the normal class, whereas mild osteoarthritis shows comparatively lower recall because early 

pathological changes may produce impedance characteristics overlapping with normal and moderate joint 



 

 

conditions. Nevertheless, the balanced precision, recall, and F1-score across all three classes demonstrate the 

capability of the LSTM model to discriminate different KOA severity levels. 

Table 3. Ablation analysis of input features. 
Input Features Accuracy (%) 

Resistance (R) only 84.6 
R + Reactance (X) 87.9 

R + X + Impedance Magnitude (|Z|) 90.7 
R + X + |Z| + Phase Angle 92.3 

All Features + Synovial Fluid Density Index + LSTM 94.2 

Table 3 demonstrates the contribution of individual bioimpedance features. Resistance alone provides 

limited discrimination, whereas the inclusion of reactance, impedance magnitude, and phase angle 

progressively improves classification. The highest accuracy is obtained when the synovial fluid density index 

and complete temporal feature sequence are processed by the LSTM model. 

4.2 Discussion of Results 

The experimental findings reveal that impedance-derived synovial fluid density patterns contain strong 

discriminative information for knee osteoarthritis detection. The LSTM network effectively models temporal 

variations in impedance signals, enabling accurate classification of disease severity. The convergence behavior 

observed in Fig. 2 and the high performance metrics in Table 1 collectively demonstrate the feasibility of the 

proposed non-invasive diagnostic framework for clinical decision support and long-term joint health 

monitoring. 

 

 

5 Conclusion 

  This work presented a novel synovial fluid density–based non-invasive diagnosis method for knee 

osteoarthritis detection using bioelectrical impedance and LSTM networks. The proposed framework 

successfully integrates biomedical signal acquisition, impedance-based synovial fluid modeling, and deep 

temporal learning to identify disease severity. Experimental analysis shows that impedance-derived density 

features contain significant diagnostic information, and the LSTM model effectively captures temporal 

variations associated with osteoarthritic progression. The training accuracy and loss trends demonstrate stable 

learning behavior with minimal overfitting, while quantitative evaluation confirms high classification 

performance across multiple metrics. Compared with traditional imaging-based approaches, the proposed 

technique offers advantages such as reduced cost, portability, and absence of radiation exposure. 

Despite promising results, challenges such as inter-subject variability, electrode placement sensitivity, and 

noise in bioimpedance measurements remain important considerations for real-world deployment. Future 

research will focus on multi-frequency impedance analysis, larger clinical datasets, and hybrid deep learning 

architectures to further enhance diagnostic robustness and generalization. Overall, the proposed approach 

establishes a strong foundation for intelligent, non-invasive knee osteoarthritis detection and long-term joint 

health monitoring. 
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