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 Classical trend-following strategies often exhibit unstable performance in the 

EUR/USD foreign exchange market due to filter lag, noise-induced false 

signals, and abrupt regime transitions associated with chaotic price 

dynamics. This study proposes a hybrid fuzzy multi-expert framework that 

integrates bidirectional exponential filtering for low-latency trend extraction 

with a Mamdani-type fuzzy inference system that jointly evaluates 

quantitative trend indicators and qualitative information derived from 

economic news and textual forecasts. The proposed approach is evaluated on 

minute-level EUR/USD data over 10-, 25-, and 100-day test windows. 

Empirical results show that the fuzzy consensus mechanism improves 

robustness under non-stationary conditions. In a representative 25-day 

evaluation period, net profit increases from 182 to 560 pips, the win rate 

improves from 55% to 67%, and the maximum drawdown decreases from 

118 to 38 pips. These findings suggest that incorporating linguistic 

uncertainty and sentiment-like contextual cues into technical trading signals 

can mitigate spurious trade activation and stabilize decision-making in 

stochastic and chaotic market environments, offering a practical route 

toward more resilient algorithmic trading systems. 
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1. INTRODUCTION 

The Forex market is known for its complexity and unpredictability, often displaying chaotic 

behavior and extreme volatility [1]–[4]. Under stochastic chaos, i.e., dynamically unstable price trajectories 

highly sensitive to initial conditions, traditional trend-following strategies struggle to remain effective [5]. 

Sudden market reversals and irregular fluctuations make standard linear models unreliable over time [6]. 

To overcome these issues, researchers have investigated chaos theory, adaptive control, and robust 

statistics [7], [8]. However, even advanced numerical models prove inadequate when abrupt sentiment-driven 

movements dominate the Forex market [9]–[11]. This highlights the need for more flexible decision-making 

tools capable of handling uncertainty in real-time trading. Fuzzy logic offers a strong framework for 

modeling decisions under uncertainty [12]. Using linguistic variables and fuzzy rules, it enables qualitative 

reasoning in automated systems [13]. These methods have proven useful in financial forecasting, improving 

decision reliability under uncertain conditions [14], [15]. 

In this paper, a hybrid fuzzy multi-expert system designed was introduced to enhance trend-following 

performance in chaotic Forex markets. The system combines technical analysis with fuzzy sentiment analysis 

based on economic news and textual forecasts [5], [16]. It uses bidirectional exponential filters for trend 
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detection and translates them into fuzzy linguistic terms, while a fuzzy sentiment module evaluates market 

mood via text mining. 

These two modules are integrated via a Mamdani-type fuzzy inference system, executing trades only 

when both technical and fundamental signals align [5]. This hybrid approach reduces false signals and 

improves stability, especially during chaotic periods. Tests on EUR/USD data demonstrate that the system 

outperforms single-expert approaches in risk-adjusted returns and resilience to sudden market changes [17]. 

This work contributes to both fuzzy systems research and financial engineering by demonstrating how fuzzy 

logic can manage uncertainty in complex markets.  

The remainder of this paper is as follows. Section 2 presents the theoretical background and 

experimental setup. Section 3 presents the experimental results and discussion. Finally, section 4 presents the 

conclusion and future research directions. 

 

 

2. METHOD 

2.1.  Theoretical background 

In standard stochastic frameworks, observed market data 𝑦𝑘  is typically modeled as a combination 

of an underlying trend 𝑥𝑘 and noise 𝑣𝑘. 

 

𝑦𝑘 = 𝑥𝑘 + 𝑣𝑘 , 𝑘 = 1, . . . , 𝑛  

 

However, real-world financial markets exhibit chaotic behavior, where both components are non-stationary 

and highly volatile [18], [19]. Control-of-chaos research shows that unstable dynamics can be stabilized via 

control and feedback mechanisms [20], making traditional modeling assumptions inadequate and calling for 

tools that explicitly manage uncertainty. 

To extract meaningful trends from noisy data, we employ exponential filtering. 

 

𝑥𝑘 = 𝑥𝑘−1 + 𝛼(𝑦𝑘 − 𝑥𝑘−1),  𝑘 = 2, . . . , 𝑛  

 

Where 𝛼 ∈ (0.001,  0.1) balances responsiveness and smoothness [21]. To reduce phase lag while preserving 

noise reduction, we apply bidirectional exponential smoothing: first in the reverse chronological direction, 

then forward to restore causality: 

 

𝑦̃𝑘
(𝑏) = 𝛼𝑏  𝑦𝑘 + (1 − 𝛼𝑏)𝑦̃𝑘+1

(𝑏)
  

 

𝑦̃𝑘
(𝑓)

= 𝛼𝑓  𝑦̃𝑘
(𝑏) + (1 − 𝛼𝑓)𝑦̃𝑘−1

(𝑓)
  

 

with 𝛼𝑏,𝑓 ∈ [0.005,  0.03] and window length 𝐿 = 20 [5]. 

Filtered trends are then interpreted using fuzzy logic, translating numerical signals into linguistic 

variables such as "strong uptrend" or "no trend" [5]. Performance is measured using cumulative net profit. 

 

Eff(𝑆) = ∑ (𝑚
𝑗=1 −1)𝑐 (𝑦𝑗(𝑘𝑜𝑢𝑡) − 𝑦𝑗(𝑘𝑖𝑛)) 𝑝𝑗  

 

Where 𝑘𝑖𝑛 and 𝑘𝑜𝑢𝑡 are entry and exit times, 𝑦 is the price, 𝑝𝑗 is position size, and 𝑐 indicates trade direction 

(0 for buy, 1 for sell). A strategy is considered successful if it yields positive returns after transaction costs 

and slippage. In chaotic environments, results depend heavily on parameter stability and frequent recalibration. 

Traditional trend-following strategies often generate misleading signals due to filter lag and fail to 

adapt to regime shifts [1], [5]. Even optimized parameters perform poorly out-of-sample, demonstrating the 

limitations of purely numeric approaches. However, when quantitative trend signals are combined with 

qualitative sentiment analysis, decision-making stability improves, especially during chaotic market phases [5]. 

 

2.2.  Experimental setup 

Despite improvements, residual instability remains in fully chaotic regimes. Future work will focus 

on refining fuzzy membership functions, exploring nonlinear fuzzy detectors, and extending the model to 

multi-asset correlations [17]. The system was evaluated on 1-minute EUR/USD open, high, low, close (OHLC) 

quotes from Finam at https://www.finam.ru/ via trade application programming interface (Trade API), over 

three non-overlapping test windows: 10, 25, and 100 trading days. All data were preprocessed using linear 

interpolation for missing values and a rolling median filter (window = 5) for outlier removal. The 
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bidirectional filter used 𝛼𝑏 = 𝛼𝑓 = 0.015 with lookback 𝐿 = 20, entry threshold 𝑑𝑦∗ = 5 pips, and exit 

threshold 𝑑𝑦⁰ = −5 pips. The sentiment module employed a pre-defined financial lexicon with three 

linguistic terms (bullish/neutral/bearish). The Mamdani inference engine applied nine rules with min/max 

operators and center-of-gravity defuzzification. Performance was measured by net profit (pips), win rate (%), 

and maximum drawdown (pips). The complete experimental protocol comprises the following steps: 

i) Data preparation: load 1-minute EUR/USD OHLC data for the specified test window. Apply linear 

interpolation to fill missing ticks. Remove outliers exceeding ± 3 standard deviations from the rolling 

median (window = 5). 

ii) Technical signal generation: apply bidirectional exponential filtering (section 2.1) with α_b = α_f = 0.015 

and L = 20. Compute the smoothed price change dy over window L. Fuzzify dy into linguistic terms: 

"uptrend" if dy > dy, "downtrend" if dy < -dy, and "no trend" otherwise. 

iii) Sentiment signal generation: for each trading period, collect available economic news and textual 

forecasts. Apply lexicon-based classification to compute sentiment scores. Fuzzify scores into: 

"bullish," "neutral," or "bearish" based on predefined membership thresholds. 

iv) Fuzzy inference and trade execution: feed both fuzzified signals into the Mamdani inference engine. 

Apply the 9-rule base. Generate trading action: "buy" only if (trend is "uptrend" AND sentiment is 

"bullish"); "sell" only if (trend is "downtrend" AND sentiment is "bearish"); "hold" otherwise. Execute 

trades at the next available 1-minute open price. 

v) Position management and exit. Hold positions until either: i) the filtered trend crosses the exit threshold 

dy⁰ (dynamic exit), or ii) a stop-loss is triggered (set at 75 pips for baselines; dynamic for TS-2 and TS-3). 

Record entry and exit prices, timestamps, and trade direction. 

vi) Performance evaluation. After completing all trades within the test window, compute net profit using 

𝐸𝑓𝑓(𝑆) = 𝛴(−1)𝑐 (𝑦𝑗(𝑘𝑜𝑢𝑡) − 𝑦𝑗(𝑘𝑖𝑛)) 𝑝𝑗, win rate (𝑝𝑟𝑜𝑓𝑖𝑡𝑎𝑏𝑙𝑒𝑡𝑟𝑎𝑑𝑒𝑠/𝑡𝑜𝑡𝑎𝑙𝑡𝑟𝑎𝑑𝑒𝑠 × 100), and 

maximum drawdown (largest peak-to-trough decline). Aggregate results across the three test windows 

(10, 25, and 100 days). 

All parameter values, preprocessing choices, and evaluation criteria were fixed across all experiments to 

ensure consistent comparisons. Source code is available from corresponding author upon reasonable request.  

 

 

3. RESULTS AND DISCUSSION 

3.1.  Baseline trend-following strategy 

The baseline strategy employs a single exponential filter with fixed thresholds and exits. Table 1 

summarizes its implementation. As shown in Figure 1, the baseline trend-following strategy with fixed stops 

(TS-1) generates frequent whipsaws in range-bound markets [1], [5], confirming that fixed-threshold rules 

fail in non-trending regimes. 

 

 

Table 1. Baseline trend-following strategy with fixed stops 
Component Implementation Performance Optimization Key limitations 

Data 
preparation 

‒ 1-min EUR/USD quotes 
‒ 10/25/100-day windows 

‒ Preprocessing: interpolation, 

rolling-median outlier removal, 
time alignment 

N/A N/A High-frequency noise 
affects signal quality 

Entry condition |𝑑𝑦𝑘−𝐿,𝑘| > 𝑑𝑦∗  

‒ 𝑑𝑦 is smoothed price change 

‒ 𝐿 is lookback window 

‒ 𝑑𝑦∗ is threshold 

Initial (10-day): 

‒ +133 pips 
‒ 57% win rate 

Optimized params: 

P∗ = (0.01,70,10) → 

+ 532 pips, 69% win 

rate (in-sample) 

Lags in sideways 

markets; late entries 
near reversals 

Exit rules Fixed take-profit / stop-loss = 75 pips Effective in strong 
trends 

None (static exits) Fails in volatile/choppy 
conditions 

smoothing Exponential filter (α = 0.01) Reduces noise but 

adds lag 

Tested α∈[0.005–

0.03] 

Trade-off between 

responsiveness and 
false-signal rate 

Optimization Grid search: 

‒ α (smoothing) 

∈[0.005–0.03] 

‒ L (window) 

∈[10–100] 

‒ dy∗ (entry threshold) 

∈[10–50] 

Best in-sample: 

+532 pips 

Out-of-sample drop Overfitting risk; poor 

generalization 

Key insight Fixed-threshold strategies fail in non-
trending regimes 

Works only in 
strong trends 

Adaptive methods 
needed 

Hybrid fuzzy logic 
proposed for robustness 
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Figure 1. Effectiveness of the TS-1 trend strategy implementation 

 

 
3.2.  Adaptive trend strategy with flexible exit 

Traditional trend-following strategies often use fixed take-profit (TP) and stop-loss (SL) levels, 

which perform poorly in chaotic markets. To improve adaptability, TS-2 was developed, a strategy that uses 

dynamic exit rules based on real-time trend strength (Table 2). After optimization, TS-2 improved net profit 

from 182 to 261 pips and win rate from 55% to 56% (Figure 2), but remained vulnerable to sudden reversals. 

 
 

Table 2. Adaptive trend strategy with dynamic exits 
Component Fixed-threshold 

baseline 

TS-2 innovation Optimization results Key limitations 

Exit mechanism Fixed TP/SL levels Dynamic exits based on real-
time trend strength 

Reduced losses by 38% vs fixed 
exits in backtests 

Still reactive to 
sudden reversals 

Core parameters Single threshold 

systems 

4 adaptive parameters: 

‒ α (smoothing) 
‒ L (window) 

‒ dy* (entry) 

‒ dy⁰ (exit) 

Optimal set found: 

P* = (0.015, 20, 5, -5) 

High parameter 

sensitivity 

Initial performance N/A ‒ 25 pips net loss 

‒ 43% win rate (default 

params) 

Highlighted smoothing-induced 

delays 

Weak in range-

bound markets 

Optimization Manual tuning Two-phase grid search: 

‒ Broad: α∈ [0.005:0.03], 

L∈[10:100] 

‒ Refined: dy*∈[5:25] 

Best results: 

‒ 261 pips profit 

‒ 56% win rate (20 min 
window,  

-5 exit threshold) 

Computationally 

intensive 

Market adaptation Works only in 
strong trends 

Better handles weakening 

trends via dy⁰ 
Profitability improved by 10.4 × 
after optimization 

Fails in extreme 
volatility 

Forward path N/A N/A Proposed solution: Hybrid fuzzy 

logic + sentiment analysis 

Requires non-

numeric inputs 

 

 
3.3.  Dual-window trend strategy with fuzzy potential (TS-3) 

TS-3 confirms trends across two independent time windows to reduce false entries. Table 3 presents 

the dual-window design. Optimized results in Figure 3 demonstrate that requiring concurrence across short 

(L₂) and long (L₁) windows halves the frequency of false entries and stabilizes returns during the 5-day test 

interval. From a practical perspective, TS-3 shows how combining multiple time horizons improves 

robustness — but it's not enough in highly unpredictable environments. Stability analysis was conducted by 

optimizing strategy parameters on a 100-day interval and testing them on subsequent 10-day intervals. 

Results revealed that parameters optimal for one regime frequently led to substantial losses in the next, 

highlighting the fragility of numeric-only approaches under chaotic dynamics. For example, the TS-1 

strategy produced negative returns in all subsequent intervals after initial optimization, while TS-2 and TS-3 

showed only marginal improvement. This instability underscores the necessity of hybrid decision 

frameworks that explicitly model regime shifts and incorporate qualitative, expert-based signals. This finding 

is consistent with the work [5] and is further supported by studies on the limitations of standard time-series 

models under non-stationary conditions [11]. 
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Figure 2. The TS-2 strategy with optimal parameters 

 

 

Table 3. Dual-window trend strategy with prospective fuzzy integration 
Component Challenge TS-3 innovation Key limitations 

Window length Trade-off: 

‒ Short windows: 
noise sensitivity 

‒ Long windows: lag 

Dual-window validation: trends 

must confirm in both timeframes 
(L₁, L₂). 

Delayed entries during rapid trends; 

misses early trend phases. 

Entry condition False signals from 

single-window systems 

Threshold-based: 

|dy(k-L₁,k)| > dy₁* AND  

|dy(k-L₂,k)| > dy₂* 

Still reactive; thresholds require 

frequent recalibration. 

Initial performance Subjective optimization Full parameter set: 

P = (α, L₁, L₂, dy₁*, dy₂*, TP, SL) 

Overfitting risk; poor generalization to 

new data. 

Optimization Manual tuning 
ineffective 

Grid search: 

‒ α ∈ [0.005:0.025] 

‒ L₁ ∈ [10:50], L₂ ∈ [5:17] 

Computationally intensive; results 
degrade in non-stationary markets. 

Performance High false entries  
(TS-1/TS-2) 

Improved filtering: 
‒ Fewer false signals 

‒ Better profit consistency 

Vulnerable to chaotic reversals; early 
exits during volatility. 

Key insight Purely numerical 
strategies fail in chaos. 

Forward path: hybrid fuzzy logic + 
sentiment analysis for adaptability. 

Requires integration of qualitative data 
(e.g., news, events). 

 

 

 
 

Figure 3. The TS-3 trend strategy with optimized parameters 
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3.4.  Discussion 

The comparative analysis across TS-1, TS-2, and TS-3 reveals a clear progression: adaptive exits 

and dual-window confirmation progressively reduce false signals and improve profitability. However,  

even the best numerical configuration (TS-3) remains vulnerable to chaotic reversals and parameter 

instability across regimes. The primary obstacle is the inherent trade-off between noise suppression and 

responsiveness — stronger smoothing introduces lag, while weaker filtering increases false triggers. 

Bidirectional exponential filtering mitigates this lag (Figure 4) but cannot eliminate it entirely. 

 

 

 
 

Figure 4. Comparison of conventional vs. bidirectional filtering 

 

 

The fuzzy multi-expert system addresses this limitation by requiring alignment between technical 

trend signals and qualitative sentiment context. This consensus mechanism effectively filters out spurious 

trades that would otherwise be executed during noisy or range-bound periods. Empirical results on the 25-day 

window demonstrate substantial improvements over the best baseline: net profit increased from 

approximately 410 to 560 pips, win rate from 61% to 67%, and maximum drawdown decreased from  

55 to 38 pips. These gains are attributed to the system's ability to defer decisions under conflicting signals 

and exploit only high-confidence opportunities, as illustrated in Figure 5. 

 

 

 
 

Figure 5. Fuzzy multi-expert decision process 

 

 

Nevertheless, the hybrid framework remains subject to certain limitations. First, the sentiment 

lexicon must remain relevant to current market narratives; abrupt policy shocks or structural breaks can 

degrade classification accuracy [22], [23]. Second, the fuzzy membership functions were pre-defined and 

may not adapt to evolving volatility regimes [24]. Future work will focus on online recalibration of fuzzy sets 

via clustering techniques, dynamic sentiment lexicon updates, and extension to multi-asset correlation signals 

to provide additional regularization during turbulent conditions [25]. 
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4. CONCLUSION 

The tests confirm that classical EUR/USD trend-following works only during sustained,  

well-defined trends lasting ≥ 5–10 days. However, under chaotic conditions — marked by instability, random 

fluctuations, and sensitivity to external shocks — these methods become unreliable. Strategy performance 

breaks down quickly as market regimes shift, making previously optimal parameters ineffective. The central 

challenge remains the balance between noise suppression and prompt signal response: stronger smoothing 

invariably delays entry. Although advanced smoothing techniques like bidirectional filters help reduce lag, 

they cannot fully overcome the unpredictability of chaotic environments. Ex post parameter optimization 

may boost short-term results but often leads to overfitting, limiting generalization across changing 

conditions. For real-world traders, especially in volatile markets like Forex, this highlights the need to go 

beyond pure trend signals. Strategies should incorporate adaptive risk controls, diversified portfolios, and 

flexible exit rules to improve resilience. Despite their flaws, trend indicators remain useful when integrated 

into multi-expert systems based on fuzzy logic. The findings show that combining quantitative trend analysis 

with qualitative sentiment evaluation significantly improves decision-making under uncertainty. By 

translating economic news and expert opinions into linguistic variables, fuzzy systems filter misleading 

signals and enhance robustness. Despite the marked improvements, the hybrid fuzzy system is not immune to 

structural breaks or unforeseen shocks that can invalidate pre-trained sentiment or trend models. As future 

work, online adaptation of fuzzy membership functions, dynamic retraining of sentiment lexicons, and 

extension to multi-asset and cross-market signals are promising directions. Such developments would further 

enhance system resilience and adaptability under ever-evolving market conditions. Future research should 

explore nonlinear fuzzy strategies applied to multidimensional financial data. Capturing interdependencies 

across multiple assets using fuzzy inference could stabilize forecasts and improve reliability. Building on 

recent advances in chaotic time-series modeling, further studies should refine parameter adaptation, optimize 

preprocessing for fuzzy inputs, and benchmark hybrid systems against traditional approaches. 
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    x  k =   x  k − 1 + 𝛼  (   y  k −   x  k − 1 ) ,   k = 2 , . . . , n
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      y ~  k   ( b ) =   𝛼  b     y  k +  ( 1 −   𝛼  b )     y ~  k + 1   ( b )


      y ~  k   ( f ) =   𝛼  f       y ~  k   ( b ) +  ( 1 −   𝛼  f )     y ~  k − 1   ( f )


    𝛼  b , f ∈  [ 0 . 005 ,   0 . 03 ]
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    𝛼  b =   𝛼  f = 0 . 015


  L = 20


  d   y ∗ = 5


  d y ⁰ = − 5


  E f f  ( S ) = 𝛴    ( − 1 )  c  (   y  j  (   k  o u t ) −   y  j  (   k  i n ) )   p  j
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