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Abstract 

Technical chart patterns serve as crucial indicators for algorithmic 

trading systems, yet automated detection remains challenging due to 

pattern variability and market noise. This paper presents a novel hybrid 

framework that combines rule-based geometric constraints with 

Artificial Neural Networks (ANN) for robust Double Top (DT) pattern 

identification in financial time series. Our methodology employs 

adaptive thresholding derived from Average True Range (ATR) 

metrics, swing point prominence analysis, and post-breakout trend 

confirmation. The ANN component, trained on 16,234 historical 

patterns across 500 stocks, achieves pattern classification with an 

accuracy of 88.1% and an F1-score of 82.3%. We introduce a 

composite validation scoring system integrating geometric fidelity 

(38%), volume dynamics (27%), breakout quality (22%), and trend 

confirmation (13%). Experimental results on S&P 500 constituents 

demonstrate superior performance over baseline methods, with a 

precision of 83.4%, a recall of 81.2%, and an F1-score of 82.3%, along 

with a mean absolute error of 3.1% in measured move projections. The 

framework reduces false positives by 37% compared to traditional rule-

based approaches while maintaining computational efficiency suitable 

for real-time deployment. 
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1. INTRODUCTION 

1.1 MOTIVATION 

Financial market prediction has evolved from manual chart 

analysis to sophisticated algorithmic systems capable of 

processing vast amounts of market data in real-time [1], [2]. 

Among classical technical analysis patterns, the Double Top (DT) 

represents a critical bearish reversal formation characterized by 

two distinct price peaks at approximately equal levels, separated 

by an intermediate trough [3]. While experienced traders can 

visually identify these patterns, automated detection systems face 

substantial challenges: pattern morphology varies across different 

timeframes and volatility regimes, noise in financial data obscures 

genuine formations, and strict geometric constraints often miss 

valid patterns while relaxed criteria generate excessive false 

positives [4]. 

The practical importance of DT patterns in portfolio 

management is well-documented. According to Bulkowski’s 

statistical analysis of 5,324 DT patterns, successful formations 

yield average declines of 18% with 83% success rate in bear 

markets [1]. However, manual identification scales poorly for 

modern portfolio management systems monitoring hundreds of 

securities simultaneously. This operational constraint motivates 

the development of robust automated detection frameworks. 

1.2 RESEARCH GAP 

Existing approaches predominantly employ either pure rule-

based systems with fixed thresholds [5] or machine learning 

models lacking domain-specific geometric validation [6]. Rule-

based methods suffer from parameter sensitivity and inability to 

generalize across different market conditions [7]. Pure machine 

learning approaches, while adaptive, may detect statistically 

significant patterns that lack the structural properties required for 

reliable trading signals [4]. Furthermore, most systems neglect 

post-breakout validation, a critical component for confirming 

pattern completion and reducing premature signals [8]. 

1.3 CONTRIBUTIONS 

This paper addresses these limitations through the following 

contributions: 

• A hybrid detection framework integrating rule-based 

geometric validation with ANN-based pattern classification, 

combining interpretability with adaptability. 

• ATR-based adaptive thresholding that dynamically adjusts 

detection parameters according to market volatility, 

improving robustness across different securities and market 

regimes. 

• Comprehensive post-breakout confirmation mechanism 

requiring sustained trend direction and minimum price 

movement, reducing false positive rates by 43% and 

premature breakout signals substantially. 

• Multi-faceted validation scoring system quantifying pattern 

quality across geometric, volumetric, and trend dimensions, 

enabling ranked detection suitable for portfolio-level 

deployment. 

• Extensive empirical evaluation on 500 S&P 500 constituents 

over 10 years (2014–2024), demonstrating superior 

performance metrics and practical applicability. 

2. LITERATURE REVIEW 

2.1 TECHNICAL ANALYSIS FOUNDATIONS 

Technical analysis, formalized by Dow [2] and systematized 

by Edwards and Magee [3], posits that historical price movements 

contain predictive information. The Double Top pattern, 

classified as a major reversal formation, emerges when advancing 

prices establish resistance at similar levels twice before reversing 

downward [1]. Classical identification requires: (1) prior uptrend 

establishing bullish context, (2) two distinct peaks within 3–5% 

price similarity, (3) intermediate trough separating peaks, (4) 

declining volume at second peak, and (5) breakout below neckline 

with volume surge [8]. 
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2.2 PATTERN RECOGNITION APPROACHES 

2.2.1 Rule-Based Methods: 

The foundational work by Lo et al. [5] introduced 

computational methods for identifying chart patterns through 

kernel-smoothed price data. While their template-matching 

framework successfully automated recognition tasks, 

classification performance remained limited to approximately 

63% for head-and-shoulders formations. Wang and Chan [4] 

implemented perceptually important points (PIP) segmentation 

for double pattern detection, reporting 69% precision but 54% 

recall due to overly restrictive constraints. Zapranis and 

Tsinaslanidis [9] applied wavelet analysis for pattern 

identification, achieving 66% accuracy across multiple 

formations [9]. 

2.2.2 Machine Learning Approaches: 

Support Vector Machines (SVM) demonstrated promise in 

Leigh et al.’s work [7], achieving 73% accuracy on bull flag 

patterns using momentum indicators as features. While soft 

computing methods have been extensively catalogued for 

financial forecasting [6], their application to geometric pattern 

recognition has received less attention. Tsinaslanidis and Zapranis 

[10] applied convolutional neural networks (CNN) to candlestick 

chart images, reporting 81% accuracy but limited interpretability. 

Cao et al. [11] employed Long Short-Term Memory (LSTM) 

networks for pattern-based trading, achieving Sharpe ratios of 

1.23 versus 0.87 for baseline strategies. 

2.2.3 Hybrid Systems: 

Dempster and Jones [12] combined genetic algorithms with 

technical rules, evolving optimal parameter sets for specific 

securities. Their approach yielded 15.3% annualized returns but 

required 6-month retraining periods. Hassan et al. [13] fused 

hidden Markov models with pattern recognition, achieving 76% 

directional accuracy. More recently, Sezer and Ozbayoglu [14] 

proposed deep learning frameworks incorporating multiple 

technical indicators, reporting an 82% accuracy on classification 

tasks. Notably, the majority of prior hybrid approaches do not 

incorporate adaptive geometric thresholding or post-breakout 

confirmation, limiting their applicability across different 

volatility regimes. 

2.3 ADAPTIVE THRESHOLD SYSTEMS 

Market volatility significantly impacts the reliability of pattern 

detection. Following Wilder’s volatility metric [15], the Average 

True Range (ATR) captures the magnitude of price movement. 

This indicator, computed as the exponential moving average of 

true range values, provides a normalized measure of price 

variability suitable for cross-security comparison. Kaastra and 

Boyd [16] demonstrated neural network performance 

improvements when inputs include volatility-normalized features. 

Chen and Huang [17] applied particle swarm optimization for 

adaptive threshold selection in pattern trading systems, achieving 

an 11.2% improvement over fixed parameters. 

2.4 VOLUME ANALYSIS 

Our framework incorporates volume analysis as a critical 

validation layer, recognizing that price movements accompanied 

by atypical trading activity signal institutional participation rather 

than retail noise. Prior empirical research [18] supports the 

predictive relationship between volume patterns and subsequent 

price behavior, motivating our integration of four volume-derived 

features. Granville’s volume principles [19] emphasize declining 

volume at the second peak and surging volume at breakout. Lee 

and Swaminathan [20] demonstrated that momentum strategies 

combining price patterns with volume metrics outperform price-

only approaches by 7.3% annually. 

2.5 POST-BREAKOUT VALIDATION 

Pattern completion requires breakout confirmation to avoid 

false signals. Bulkowski [1] documented that 35% of apparent 

breakouts fail within five bars. Nison [21] emphasized sustained 

movement post-breakout for reliable signals. Recent work by 

Marshall et al. [22] correlated breakout sustainability with 

liquidity metrics, finding high-volume breakouts succeed 76% 

versus 48% for low-volume cases. 

2.6 SUMMARY OF RESEARCH GAPS 

Despite extensive research, several limitations persist: 

• Most systems employ fixed thresholds unsuitable for 

varying volatility regimes [4], [7]. 

• Pure ML approaches lack geometric interpretability required 

for trading compliance [10]. 

• Limited attention to post-breakout confirmation results in 

premature signals [1]. 

• Few studies provide comprehensive validation metrics 

beyond binary classification [6]. 

Our framework addresses these gaps through adaptive 

thresholding, hybrid architecture, rigorous post-breakout 

validation, and multi-dimensional scoring. 

3. METHODOLOGY 

3.1 SYSTEM ARCHITECTURE 

The proposed framework comprises five integrated stages 

(Fig.1): (1) Data Preprocessing and Swing Point Detection, (2) 

Adaptive Threshold Computation, (3) Rule-Based Candidate 

Detection, (4) ANN-Based Pattern Classification, and (5) Post-

Breakout Validation and Scoring. 

3.2 DATA PREPROCESSING 

3.2.1 Input Data Structure: 

The system processes OHLCV (Open, High, Low, Close, 

Volume) time series data represented as: 

   , , , , , 1,2, ,i i i i i iD t O H L C V i n  ∣  (1) 

where it  denotes timestamp, and price/volume metrics are 

indexed accordingly. 

3.2.2 Swing Point Detection: 

We implement three complementary swing identification 

methods: 

• Rolling Window Method: A swing high at index i  

satisfies: 
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  max , , , ,i i N i i NH H H H     (2) 

where N  represents the lookback/lookahead window (default: 20 

bars). 

• ZigZag Method: Flags reversals exceeding threshold  : 

 
prev

prev

iC C

C



  (3) 

where prevC  denotes the previous swing point (default 3%  ). 

• Fractal Method: Williams Fractals identify local extrema 

within symmetric windows [23]. 

 

Fig.1. Proposed hybrid framework for Double Top (DT) pattern 

detection. The five-stage pipeline processes raw OHLCV data 

(Stage 1), computes ATR-based adaptive thresholds (Stage 2), 

applies rule-based geometric filtering with a fallback relaxed-

threshold pass (Stage 3), classifies candidates via ANN with 

invalid patterns discarded (Stage 4), and confirms patterns 

through post-breakout validation and  

composite scoring (Stage 5) 

3.3 ADAPTIVE THRESHOLD COMPUTATION 

Market volatility directly impacts pattern scale. We employ 

ATR-based adaptive thresholding: 

3.3.1 ATR Calculation: 

True Range at bar i : 

  1 1max , ,i i i i i i iTR H L H C L C      (4) 

ATR over period p  (default: 14): 

 

1

1
n

p i

i n p

ATR TR
p

  

   (5) 

3.3.2 Adaptive Parameters: 

Volatility percentage: 

 ATR

p

n

ATR

C
   (6) 

Dynamic thresholds: 

  trough ATRmax 0.02,     (7) 

  prominence ATRmax 0.02, 0.8    (8) 

  similarity ATRmax 0.02, 1.5    (9) 

where 1.0   is the scaling factor, and 0.02 represents minimum 

bounds. 

3.4 RULE-BASED CANDIDATE DETECTION 

3.4.1 Geometric Constraints: 

For candidate triple  1 2, ,T Tr T  representing Top1, 

intermediate Trough, and Top2: 

• Sequence Validation: Ensure chronological ordering with 

swing flags: 

 
1 2

,T Tr Tt t t   

    1 2swing_high , ,swing_lowT T Tr  (10) 

• Temporal Spacing: Duration constraints prevent V-shaped 

noise: 

  
2 1min maxT Td t t d    (11) 

where min 20d   days, max 90d   days. 

• Peak Similarity: Top levels within tolerance: 

 
 

1 2

1 2

similarity
max ,

T T

T T

H H

H H



  (12) 

3.4.2 Strict Peak Validation Rules: 

Additional constraints ensure pattern quality: 

• Maximum Top Height Difference: 

 
 

 1 2

1 2

strict 0.02 2%
max ,

T T

T T

H H

H H



   (13) 

• Local Peak Window Rule: Top2 must be highest within 

w  bars: 

  
2 2 2 2

max , , , ,T T w T T wH H H H     (14) 

where 10w   bars (local peak window). 

3.4.3 Prominence Requirements: 

Each peak must exhibit local prominence: 

  
 left right

prominence

min ,
prominence

i

i

T

i
T

H L L
T

H



   (15) 
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where leftL , rightL  denote minimum lows in k  bars (default 

5k  ). 

• Trough Depth: Sufficient decline from peaks: 

 
 

 
1 2

1 2

trough

min ,

min ,

T T Tr

T T

H H L

H H



  (16) 

3.4.4 Minimum Move Requirements: 

Enforce significant price swings between landmarks: 

• Top1 to Trough: 

  1

1

move 0.03 3%
T Tr

T

H L

H



   (17) 

• Trough to Top2: 

  2

move 0.03 3%
T Tr

Tr

H L

L



   (18) 

3.4.5 Trend Prerequisite: 

Preceding uptrend validation ensures reversal context. Over 

lookback period 90w   bars: 

  
1start trend1TC H     (19) 

where startC  represents close price at 
1Tt w , and trend 0.15   

(15% advance). 

3.5 BREAKOUT DETECTION 

3.5.1 Neckline Definition: 

The neckline level equals the intermediate trough low: 

 TrNL L  (20) 

3.5.2 Breakout Criteria: 

Bearish breakout occurs when: 

  
2break1 ,j TC NL j t   (21) 

where break 0.015   accounts for noise tolerance. 

• Volume Confirmation: Either condition suffices: 

 pattern voljV V    (22) 

  
5

or 1 2

j

k

k j

C NL





   (23) 

where patternV  denotes average volume during pattern formation, 

vol 1.75   for strict mode, and the alternative requires sustained 

closes below neckline. 

3.6 ANN-BASED PATTERN CLASSIFICATION 

3.6.1 Network Architecture: 

We employ a feedforward neural network with architecture: 

• Input layer: 18 features 

• Hidden layer 1: 64 neurons (ReLU activation) 

• Dropout: 0.3 

• Hidden layer 2: 32 neurons (ReLU activation) 

• Dropout: 0.2 

• Output layer: 3 neurons (Softmax) for classes: {Valid DT, 

Invalid DT, Uncertain} 

3.6.2 Feature Engineering: 

The 18-dimensional feature vector x  comprises: 

• Geometric features (6): 

 
 

1 2

1 2

1
max ,

T T

T T

H H
f

H H


    (peak similarity) (24) 

 
 

 
1 2

1 2

2

min ,

min ,

T T Tr

T T

H H L
f

H H


    (pattern depth) (25) 

  
2 13 T Tf t t     (duration in days) (26) 

 1

2 1

4

Tr T

T T

t t
f

t t





   (trough symmetry) (27) 

  5 1prominencef T  (28) 

  6 2prominencef T  (29) 

• Volume features (4): 

 1

7
90

T TrV
f

V


    (left leg volume ratio) (30) 

 2

8
90

Tr TV
f

V


    (right leg volume ratio) (31) 

 breakout
9

pattern

V
f

V
    (breakout volume spike) (32) 

 2

1

10

Tr T

T Tr

V
f

V





    (volume decline ratio) (33) 

• Price momentum features (4): 

 1 1

1

20

11
20

T T

T

H C
f

C






    (prior trend strength) (34) 

 breakout 5
12

NL C
f

NL


    (post-breakout move) (35) 

  
213 RSI 14 |Tf     (relative strength index) (36) 

 
214 MACD|Tf     (momentum indicator) (37) 

• Volatility features (2): 

 14
15

n

ATR
f

C
    (normalized ATR) (38) 

 
price

16
pattern

f
C


    (price volatility) (39) 

• Market context (2): 

 50
17

50

nC MA
f

MA


    (price vs. moving average) (40) 
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 18 20avg_returnf     (recent market returns) (41) 

3.6.3 Training Procedure: 

Training dataset: 16,234 labeled patterns (8,912 valid DT, 

5,127 false positives, 2,195 uncertain) extracted from 500 S&P 

500 stocks (2014–2024). Loss function: 

  
3

1 1

1
lo ˆg

N

ic ic

i c

y y
N

 

  L  (42) 

where icy  denotes true label and ˆicy  predicted probability for 

class c . 

• Optimizer: Adam with learning rate 0.001  , batch size 

64, 100 epochs with early stopping (patience: 10 epochs). 

3.7 POST-BREAKOUT VALIDATION 

Critical for reducing false signals, this stage confirms 

sustained movement post-breakout. 

3.7.1 Sustained Trend Requirement: 

For bearish breakout at bar j , examine subsequent m  bars 

(default 5m  ): 

  1, : k jk j j m C C      (43) 

3.7.2 Minimum Move Threshold: 

Require minimum price progression: 

 
 1

move

min , ,j j j m

j

C C C

C


  
  (44) 

where move 0.03   (3% minimum downward movement). 

3.8 PATTERN VALIDATION AND SCORING 

3.9 MULTI-DIMENSIONAL SCORING: 

Detected patterns receive composite scores across four 

dimensions: 

• Geometric Score ( GS , weight: 38%): 

   10.35 1 normGS f    

  20.25 norm ,0.03,0.15f   

   40.20 1 norm 0.5f     

     5 60.20 min norm ,normf f   (45) 

• Volume Score ( VS , weight: 27%): 

  90.40 norm ,1.0,3.0VS f   

   100.30 1 norm ,0.85,1.0f    

     7 80.30 avg norm ,normf f   (46) 

• Breakout Score ( BS , weight: 22%): 

  120.50 norm ,0.03,0.15BS f   

  0.30 1 sustained_closes   

  90.20 norm ,1.5,3.0f   (47) 

• Trend Score ( TS , weight: 13%): 

  110.60 norm ,0.15,0.40TS f   

  130.40 norm 100 ,60,80f    (48) 

• Composite Score: 

 total 0.38 0.27 0.22 0.13G V B TS S S S S     (49) 

where  norm , ,x a b  maps x  from range  ,a b  to  0,1  with 

saturation. 

3.9.1 Measured Move Projection: 

Traditional measured move projects pattern height below 

breakout: 

   
1 2target min ,T T TrP NL H H L    (50) 

4. EXPERIMENTAL SETUP 

4.1 DATASET 

The experimental dataset encompasses the following 

specifications: 

• Securities: 500 stocks from the S&P 500 index 

• Period: January 2014 – December 2024 (10 years) 

• Frequency: Daily OHLCV data 

• Data Sources: Historical data spanning 1994–2023 

combined with live data from Yahoo Finance API (2023–

2024) 

• Total observations: 1,247,500 daily bars 

• Patterns detected: 2,518 DT candidates 

• Training set: 70% (1,763 patterns, 2014–2020) 

• Validation set: 15% (378 patterns, 2021–2022) 

• Test set: 15% (377 patterns, 2023–2024) 

Note: The 16,234 labeled patterns used for ANN training (Section 

3.6) were extracted from a broader historical dataset spanning 

1994–2023, while the 2,518 DT candidates above refer 

specifically to the experimental evaluation window (2014–2024) 

used for baseline comparison. 

The dataset leverages three decades of historical market data 

(1994–2023) to train and validate the ANN component, ensuring 

exposure to diverse market conditions including the dot-com 

bubble (2000), financial crisis (2008), and COVID-19 pandemic 

(2020). Live data integration through Yahoo Finance API enables 

real-time validation and ensures the framework’s applicability to 

current market dynamics. This comprehensive temporal coverage 

spanning bull markets, bear markets, and high-volatility regimes 

strengthens the model’s generalization capability across varied 

economic cycles. 

4.2 BASELINE METHODS 

1. Fixed-Rule Baseline: Traditional geometric constraints 

without adaptive thresholds [4]. 

2. SVM Classifier: RBF kernel with same feature set [7]. 
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3. Random Forest: 100 trees, max depth 10 [6]. 

4. LSTM Network: 2-layer LSTM (64, 32 units) for 

sequence classification [11]. 

4.3 EVALUATION METRICS 

4.3.1 Classification Metrics: 

 Precision
TP

TP FP



 (51) 

 Recall
TP

TP FN



 (52) 

 
2 Precision Recall

F1-Score
Precision Recall

 



 (53) 

 Accuracy
TP TN

TP TN FP FN




  
 (54) 

4.3.2 Trading Performance: 

 
#profitable patterns

Success Rate
#total patterns

  (55) 

 
entry, exit,

entry,1

1
Avg. Return

n
i i

ii

P P

n P



   (56) 

 Sharpe Ratio
f

R

R R




  (57) 

4.3.3 Pattern Quality: 

 target actual, projected,

1

1
MAE

n

i i

i

P P
n



   (58) 

4.4 IMPLEMENTATION 

All experiments were conducted using Python 3.9 with 

PyTorch 1.12 on an NVIDIA RTX 3090 GPU (24 GB VRAM) 

and Intel Core i9-12900K CPU. Average processing time was 

0.13 s per stock on daily data spanning two years. 

5. RESULTS AND ANALYSIS 

5.1 CLASSIFICATION PERFORMANCE 

The Table.1 presents comprehensive classification metrics 

across all methods on the test set. 

Table.1. Classification Performance Comparison 

Method Precision Recall F1 Accuracy 

Fixed-Rule 68.7% 72.4% 70.5% 74.6% 

SVM 75.8% 77.3% 76.5% 79.8% 

Random Forest 79.6% 78.4% 79.0% 82.7% 

LSTM 81.9% 80.1% 81.0% 85.2% 

Proposed 83.4% 81.2% 82.3% 88.1% 

Our hybrid framework achieves 83.4% precision, 

outperforming the second-best LSTM by 1.5 percentage points. 

The 88.1% accuracy represents a 2.9% improvement over LSTM 

and a 13.5% improvement over the fixed-rule baseline. Statistical 

significance of the accuracy improvement over all baselines was 

confirmed via McNemar’s test  0.01p  . 

5.2 ABLATION STUDY 

The Table.2 demonstrates the contribution of each component. 

Table.2. Ablation Study Results 

Configuration Precision Recall F1 

Full model 83.4% 81.2% 82.3% 

- Adaptive thresholds 78.6% 79.4% 79.0% 

- ANN classifier 77.2% 81.6% 79.3% 

- Post-breakout val. 77.8% 83.7% 80.6% 

- Strict peak rules 80.1% 79.8% 79.9% 

- Volume features 80.3% 78.9% 79.6% 

Rules only 68.7% 72.4% 70.5% 

ANN only 79.8% 77.6% 78.7% 

Removing adaptive thresholds reduces F1-score by 3.3%, 

highlighting volatility adaptation’s importance. Post-breakout 

validation critically reduces false positives, as evidenced by 

precision drop from 83.4% to 77.8% when omitted. The strict 

peak rules (MAX_TOP_HEIGHT_DIFF, LOCAL_PEAK_

WINDOW) contribute 2.4% F1 improvement, demonstrating 

their effectiveness in filtering noise. The ANN component 

contributes 3.6% F1 improvement over pure rules, while rules 

provide 3.6% improvement over pure ANN, validating the hybrid 

approach. 

5.3 TRADING PERFORMANCE 

We simulated short-selling strategies entering at breakout and 

exiting at measured move target or 30-day timeout. Table 3 

summarizes results. 

Table.3. Simulated Trading Performance (Test Period) 

Method Success 
Avg  

Return 
Sharpe Max DD 

Fixed-Rule 70.2% 5.8% 0.91 −16.7% 

SVM 73.8% 7.3% 1.18 −14.3% 

Random Forest 76.1% 8.1% 1.31 −12.8% 

LSTM 78.4% 8.9% 1.43 −11.4% 

Proposed 81.2% 10.2% 1.58 −9.8% 

Buy & Hold 64.2% 7.3% 0.94 −22.6% 

Our framework achieves an 81.2% success rate with 10.2% 

average return per short trade, representing a 4.4 percentage point 

improvement over the fixed-rule baseline (5.8%) in absolute 

return terms. The Sharpe ratio of 1.58 indicates superior risk-

adjusted returns, while the maximum drawdown of −9.8% 

demonstrates enhanced risk control. Statistical testing via 

bootstrap resampling (10,000 iterations) confirms significance 

 0.001p   for return differences versus all baselines. 
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5.4 PATTERN QUALITY METRICS 

The Table.4 evaluates detected pattern quality across multiple 

dimensions. 

Table.4. Pattern Quality Assessment 

Metric Fixed LSTM Proposed Δ% 

Avg Score 0.638 0.746 0.794 +6.4% 

Geometric 0.695 0.771 0.818 +6.1% 

Volume 0.607 0.728 0.773 +6.2% 

Breakout 0.628 0.742 0.796 +7.3% 

Trend 0.672 0.743 0.789 +6.2% 

MAE Target 4.6% 3.5% 3.1% −11.4% 

The proposed method achieves average composite score of 

0.794, with particular strength in breakout quality (0.796). Mean 

absolute error in measured move projections decreases to 3.1%, 

representing 33% improvement over fixed-rule baseline and 

11.4% improvement over LSTM. 

5.5 ADAPTIVE THRESHOLD IMPACT 

The Table.5 illustrates ATR-based threshold adaptation across 

different volatility regimes. 

Table.5. Performance Across Volatility Regimes 

Regime Fixed F1 Adaptive F1 Gain 

Low Vol (σ < 0.015) 73.6% 79.4% +5.8% 

Medium Vol 71.2% 82.7% +11.5% 

High Vol (σ > 0.035) 66.8% 84.1% +17.3% 

Adaptive thresholding provides substantial benefits in high-

volatility environments (+17.3% F1 improvement), where fixed 

thresholds generate excessive false positives. Even in low-

volatility regimes, adaptation yields 5.8% F1 gain, validating the 

approach’s robustness. 

5.6 POST-BREAKOUT VALIDATION ANALYSIS 

The Table.6 quantifies post-breakout confirmation’s impact 

on signal reliability. 

Table.6. Post-Breakout Validation Impact 

Configuration Patterns Success Rate FP Rate 

No validation 438 68.7% 29.8% 

Volume only 394 74.1% 23.4% 

Sustained trend 367 77.9% 18.2% 

Both criteria 351 81.2% 17.6% 

Combined post-breakout validation (volume spike + sustained 

trend) reduces false positive rate by 43% compared to no 

validation (from 29.8% to 17.6%), while improving success rate 

by 12.5 percentage points. Though pattern count decreases by 

20%, signal quality substantially improves. 

5.7 STRICT PEAK RULES EFFECTIVENESS 

The Table.7 evaluates the impact of strict geometric 

constraints on Double Top detection. 

Table.7. Strict Peak Rules Impact 

Configuration Patterns Precision Success Rate 

Basic similarity only 487 74.6% 72.1% 

+ Max height diff (2%) 421 78.9% 76.3% 

+ Local peak window 389 81.2% 78.8% 

+ Min move (3%) 351 83.4% 81.2% 

The strict peak validation rules progressively filter weak 

patterns: enforcing 2% maximum top height difference improves 

precision by 4.3%, the local peak window constraint adds 2.3%, 

and minimum move requirements contribute 2.2%. These 

cumulative improvements validate the multi-layered validation 

strategy. 

5.8 ANN FEATURE IMPORTANCE 

Feature importance analysis via permutation testing reveals 

key predictive factors (Table 8). 

Table.8. Top 10 Feature Importance Rankings 

Feature Importance Category 

f9 (Breakout vol spike) 0.148 Volume 

f12 (Post-breakout move) 0.132 Momentum 

f2 (Pattern depth) 0.121 Geometric 

f1 (Peak similarity) 0.114 Geometric 

f10 (Volume decline) 0.096 Volume 

f5 (Top1 prominence) 0.088 Geometric 

f11 (Prior trend) 0.082 Momentum 

f4 (Trough symmetry) 0.074 Geometric 

f15 (Normalized ATR) 0.069 Volatility 

f13 (RSI) 0.065 Momentum 

Breakout volume spike ( 9f ) emerges as the most predictive 

feature (14.8% importance), followed by post-breakout 

movement ( 12f , 13.2%) and pattern depth ( 2f , 12.1%). Volume 

decline ratio ( 10f ) at 9.6% importance confirms that lower 

volume at the second peak correlates with pattern validity, 

consistent with exhaustion principles in technical analysis [19]. 

5.9 COMPUTATIONAL EFFICIENCY 

The Table.9 compares computational requirements across 

methods. Despite incorporating neural network classification, our 

framework processes each stock (500 days data) in 0.13s, 71% 

faster than LSTM while maintaining modest memory footprint 

(305 MB). The hybrid architecture balances computational 

efficiency with prediction accuracy, enabling real-time 

deployment for portfolio-level monitoring. 
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Table.9. Computational Performance 

Method Time/Stock Memory Scalability 

Fixed-Rule 0.07s 118 MB Excellent 

SVM 0.29s 274 MB Good 

Random Forest 0.18s 398 MB Good 

LSTM 0.45s 1.7 GB Moderate 

Proposed 0.13s 305 MB Excellent 

5.10 CROSS-VALIDATION RESULTS 

Five-fold cross-validation ensures generalization across 

different market periods. 

Table.10. 5-Fold Cross-Validation Results 

Fold Precision Recall F1 Accuracy 

Fold 1 84.1% 80.3% 82.2% 87.6% 

Fold 2 82.9% 81.8% 82.3% 88.2% 

Fold 3 83.7% 80.7% 82.2% 87.9% 

Fold 4 82.6% 82.4% 82.5% 88.4% 

Fold 5 83.9% 80.9% 82.4% 88.3% 

Mean 83.4% 81.2% 82.3% 88.1% 

Std Dev 0.61% 0.89% 0.12% 0.31% 

Low standard deviation across folds (F1 std: 0.12%) 

demonstrates stable performance. Mean metrics closely match 

test set results, confirming model generalization without 

overfitting. 

5.11 ERROR ANALYSIS 

Analysis of 78 false positives and 74 false negatives (a 

representative subset of 34 FPs and 31 FNs manually reviewed in 

detail) reveals systematic error patterns: 

5.11.1 False Positives (34 analyzed): 

• 41.2% – Weak preceding uptrend (marginal qualification) 

• 26.5% – Neckline breakout failed to sustain (reversed within 

10 bars) 

• 20.6% – Third top formed (actually triple top pattern) 

• 11.7% – Low volume breakout with insufficient 

confirmation 

5.11.2 False Negatives (31 analyzed): 

• 45.2% – Irregular trough position (asymmetric formation) 

• 25.8% – Peak similarity at boundary (3.2–3.6% difference) 

• 19.3% – Extended duration beyond 90-day limit 

• 9.7% – Insufficient preceding trend magnitude 

These insights suggest future improvements: relaxing duration 

constraints for trending markets, implementing triple-top 

detection, and enhancing asymmetric pattern tolerance. 

5.12 COMPARISON ACROSS MARKET 

CONDITIONS 

The Table.11 evaluates framework performance during 

different market regimes. 

Table.11. Performance by Market Regime 

Market Regime Patterns F1 Success 
Avg  

Return 

Bull Market (VIX < 15) 127 79.8% 77.2% 8.4% 

Normal (VIX 15–25) 186 83.6% 82.8% 10.9% 

Volatile (VIX 25–35) 29 81.4% 84.1% 12.6% 

Crisis (VIX > 35) 9 74.3% 88.9% 15.3% 

Interestingly, Double Top patterns perform best during crisis 

periods (88.9% success rate, 15.3% average return), as bearish 

reversals are more pronounced during market panic. Performance 

remains robust across all regimes, with F1-scores above 74% even 

in challenging conditions. 

5.13 FALLBACK PASS ANALYSIS 

The detection algorithm implements a fallback pass with 

relaxed thresholds when initial pass finds no patterns. The 

Table.12 quantifies its contribution. 

Table.12. Fallback Pass Contribution 

Source Patterns Precision Success Rate 

First pass (strict) 289 86.2% 83.7% 

Fallback pass 62 73.4% 72.6% 

Combined 351 83.4% 81.2% 

The fallback pass recovers 17.7% additional patterns (62 out 

of 351 total) with acceptable quality (73.4% precision). While 

these patterns score lower than strict-pass detections, they still 

provide viable trading signals, demonstrating the value of 

adaptive multi-pass detection. 

6. DISCUSSION 

6.1 ADVANTAGES OF HYBRID ARCHITECTURE 

The proposed hybrid framework synergistically combines 

rule-based geometric validation with machine learning 

adaptability. Rule-based components ensure detected patterns 

maintain structural properties required for classical technical 

analysis, providing interpretability crucial for trading compliance 

and risk management. The ANN classifier adds contextual 

learning, capturing subtle interactions between features that fixed 

rules cannot encode. This architecture outperforms pure 

approaches: rules-only systems lack adaptability (68.7% 

precision vs. 83.4%), while ANN-only methods miss geometric 

constraints (79.8% precision vs. 83.4%). 

6.2 ATR-BASED ADAPTATION EFFECTIVENESS 

Adaptive thresholding addresses a fundamental challenge: 

pattern scale varies with volatility. During high-volatility periods 

(March 2020 COVID crash, September 2022 inflation peak), 

fixed thresholds generated 2.6× more false positives than adaptive 

methods. Conversely, in low-volatility regimes (2017, early 

2024), fixed thresholds missed 21% of valid patterns by requiring 

excessive similarity. ATR-based scaling dynamically adjusts to 

current market conditions, improving F1-score by 11.5% in 

medium-volatility and 17.3% in high-volatility environments. 



ISSN: 2229-6956 (ONLINE)                                                                                                                     ICTACT JOURNAL ON SOFT COMPUTING, OCTOBER 2026, VOLUME: 17, ISSUE: 03 

4427 

6.3 STRICT PEAK RULES NECESSITY 

The additional strict validation rules (MAX_TOP_HEIGHT_ 

DIFF, LOCAL_PEAK_WINDOW, MIN_MOVE_PCT) 

represent key innovations for Double Top detection. The 2% 

maximum height difference ensures genuine peak similarity 

beyond general tolerance thresholds. The local peak window 

requirement (Top2 must be highest within ±10 bars) filters cases 

where the second “peak” is merely a minor retracement within a 

larger uptrend. The 3% minimum move constraints eliminate 

micro-patterns that lack sufficient magnitude for profitable 

trading. Together, these rules reduce false positives by 28% while 

maintaining 92% recall of genuine patterns. 

6.4 POST-BREAKOUT VALIDATION NECESSITY 

Classical technical analysis emphasizes follow-through after 

breakout [1], yet many automated systems neglect this principle. 

Our results quantify this oversight’s cost: without post-breakout 

validation, false positive rate reaches 29.8% versus 17.6% with 

validation a 43% reduction. The sustained trend requirement (all 

closes beyond breakout level for 5 bars + 3% minimum move) 

effectively filters premature breakouts that reverse quickly. While 

this reduces pattern count by 20%, the success rate improvement 

(+12.5%) substantially enhances trading viability. 

6.5 VOLUME DYNAMICS CRITICAL ROLE 

Volume feature importance analysis confirms Granville’s 

exhaustion principles [19]: breakout volume spike ( 9f ) ranks as 

the most predictive feature (14.8% importance), and volume 

decline ratio ( 10f ) ranks fifth (9.6%). Patterns exhibiting proper 

volume characteristics (declining at second peak, surging at 

breakout) succeed at 85.3% rate versus 71.2% for volume-

anomalous patterns. This 14.1 percentage point difference 

validates volume analysis integration in automated detection 

systems. Declining volume at Top2 indicates weakening buying 

pressure, confirming bearish reversal momentum. 

6.6 MEASURED MOVE PROJECTION ACCURACY 

The framework achieves 3.1% mean absolute error in 

measured move target projections, enabling quantitative price 

target estimation. 69.4% of successful patterns reached 90–110% 

of projected target, while 84.3% reached at least 70%. This 

projection accuracy supports practical trade planning: short entry 

at breakout, initial target at measured move, stop-loss above 

Top2. Risk-reward ratios average 3.4:1, favorable for systematic 

short-selling strategies. 

6.7 MARKET REGIME INSIGHTS 

The superior performance during crisis periods (88.9% 

success rate, 15.3% average return) reveals important 

characteristics: Double Tops form more reliably when markets 

transition from greed to fear, as resistance levels hold more firmly 

during distribution phases. Normal market conditions (VIX 15–

25) provide the optimal balance of pattern frequency (186 

patterns) and quality (82.8% success rate). Bull markets generate 

fewer patterns (127) but still maintain adequate success rates 

(77.2%), suggesting the framework appropriately identifies 

genuine reversals even in predominantly uptrending 

environments. 

6.8 LIMITATIONS AND CHALLENGES 

Despite strong performance, several limitations warrant 

acknowledgment: 

• Data Quality Dependency: The system requires clean 

OHLCV data with accurate volume reporting. Low-liquidity 

securities with sparse volume may generate unreliable 

signals. 

• Short-Selling Constraints: Practical implementation 

requires securities that are shortable with reasonable 

borrowing costs. During market squeezes, short interest and 

borrowing fees can make trading detected patterns 

economically unfeasible. 

• Market Regime Sensitivity: Performance degrades during 

extreme momentum trends (strong bull runs) when reversal 

patterns break down more frequently. Extended bull market 

periods exhibit 8–11% lower success rates. 

• Lookback Bias: Post-breakout validation introduces 5-bar 

delay (approximately 1 week), during which 7–10% of 

potential profit may be missed. This represents a tradeoff 

between signal reliability and timeliness. 

• Parameter Sensitivity: While adaptive thresholds reduce 

sensitivity, parameters like mind , maxd , and move  still 

require empirical tuning. Suboptimal values degrade 

performance by 5–8%. 

• Pattern Overlap: When multiple patterns overlap 

temporally (e.g., larger DT containing smaller DT), the 

system may detect both, requiring deduplication logic. 

Currently, we retain the highest-scoring pattern per 

timeframe. 

• Asymmetric Formations: The framework struggles with 

asymmetric Double Tops where the trough is significantly 

off-center (19.3% of false negatives), suggesting need for 

relaxed symmetry constraints. 

6.9 COMPARISON WITH PRIOR LITERATURE 

The Table.13 contextualizes our results within the existing 

literature on automated chart pattern recognition. 

Table.13. Comparison with Prior Art 

Study Method Accuracy Pattern 

Lo et al. [5] Kernel Reg. 63% H&S 

Leigh et al. [7] SVM 73% Bull Flag 

Wang & Chan [4] PIP 69% Double 

Zapranis [9] Wavelet 66% Multiple 

Tsinaslanidis [10] CNN 81% Multiple 

Cao et al. [11] LSTM 78% Trend 

This work Hybrid ANN 88.1% Double Top 

Our 88.1% accuracy surpasses the previous best result 

(Tsinaslanidis CNN: 81%) by 7.1 percentage points. For the 

specific Double Top pattern category, our framework outperforms 

Wang & Chan’s PIP method by 19.1% in absolute accuracy. The 
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hybrid architecture, adaptive thresholding, and strict geometric 

validation collectively contribute to this performance gain. 

6.9 PRACTICAL DEPLOYMENT 

CONSIDERATIONS 

For real-world trading system integration: 

• Real-time Processing: At 0.13s per stock, the system 

monitors 500 securities in 65 seconds, suitable for end-of-

day analysis. Intraday deployment requires optimization 

(vectorization, GPU acceleration) for sub-second latency. 

• Risk Management: Detected patterns should incorporate 

position sizing based on composite score. High-scoring 

patterns (> 0.75) might receive 1.5× standard position, while 

lower scores (< 0.65) receive 0.5× or are filtered entirely. 

• Short-Selling Infrastructure: Implementation requires 

integration with securities lending systems to verify 

shortability and assess borrowing costs before executing 

trades. 

• Multi-Timeframe Analysis: Patterns detected across 

multiple timeframes (daily, weekly) provide stronger 

signals. Weekly Double Tops confirmed by daily patterns 

show 89.3% success rate versus 81.2% for daily-only 

signals. 

• Integration with Other Indicators: DT patterns perform 

best when confirmed by momentum indicators showing 

bearish divergence. RSI below 70 at Top2 (feature 13f ) 

correlates with 6.5% higher success rates. 

• Market Context Filtering: During confirmed bull markets 

(S&P 500 above 200-day MA with positive slope), reducing 

position sizing by 30–40% accounts for reversal pattern 

lower reliability in strong uptrends. 

7. CONCLUSION AND FUTURE WORK 

7.1 SUMMARY OF CONTRIBUTIONS 

This research presents a novel hybrid framework for 

automated Double Top pattern detection, achieving state-of-the-

art performance through: 

• Hybrid Architecture: Synergistic integration of rule-based 

geometric constraints with ANN-based classification, 

balancing interpretability and adaptability to achieve 88.1% 

accuracy and 83.4% precision. 

• ATR-Based Adaptation: Dynamic threshold adjustment 

based on market volatility, improving F1-score by 3.3% 

overall and 17.3% in high-volatility regimes versus fixed 

thresholds. 

• Strict Peak Validation Rules: Novel constraints including 

maximum top height difference (2%), local peak window 

requirement (±10 bars), and minimum move thresholds 

(3%), reducing false positives by 28% while maintaining 

92% recall. 

• Rigorous Post-Breakout Validation: Sustained trend 

confirmation reducing false positive rate by 43% (from 

29.8% to 17.6%), substantially improving signal reliability 

for practical trading. 

• Multi-Dimensional Scoring: Composite quality 

assessment across geometric, volumetric, breakout, and 

trend dimensions, enabling pattern ranking and risk-adjusted 

position sizing. 

• Empirical Validation: Comprehensive evaluation on 10 

years of S&P 500 data (2,518 patterns) demonstrating 81.2% 

trading success rate, 10.2% average return per short trade, 

and 1.58 Sharpe ratio. 

7.2 IMPLICATIONS FOR ALGORITHMIC 

TRADING 

The framework provides reliable pattern detection suitable for 

systematic short-selling strategies. The 3.4:1 average risk-reward 

ratio and 1.58 Sharpe ratio suggest favorable risk-adjusted 

returns. Computational efficiency (0.13s per stock) enables 

portfolio-level deployment, while composite scoring supports 

prioritized signal selection under capital constraints. Superior 

performance during crisis periods (88.9% success rate) positions 

the system as a valuable component of market-neutral or bear-

market hedge strategies. 

7.3 FUTURE RESEARCH DIRECTIONS 

Several promising extensions warrant investigation: 

• Multi-Pattern Integration: Combining DT detection with 

complementary patterns (Head and Shoulders, Descending 

Triangle) could improve reversal identification. Ensemble 

voting across multiple bearish reversal patterns may enhance 

reliability. 

• Deep Learning Enhancements: Transformer architectures 

with attention mechanisms could better capture temporal 

dependencies in price series. Graph Neural Networks (GNN) 

might model inter-security relationships for sector-wide 

pattern correlation analysis. 

• Reinforcement Learning Optimization: RL agents could 

learn optimal entry/exit timing given detected patterns, 

adaptively managing short positions based on post-breakout 

price action rather than fixed measured move targets. 

• Market Microstructure Integration: Incorporating order 

flow data (bid-ask spreads, order book depth, short interest) 

could enhance breakout quality assessment, particularly for 

distinguishing genuine institutional distribution from retail 

noise. 

• Sentiment Analysis Fusion: Integrating news sentiment 

and social media signals with technical patterns may 

improve success rate prediction, as fundamental bearish 

catalysts often drive pattern completion. 

• Adaptive Parameter Tuning: Meta-learning approaches 

could automatically optimize detection parameters per 

security based on historical pattern performance, accounting 

for stock-specific characteristics and volatility profiles. 

• Uncertainty Quantification: Bayesian neural networks or 

ensemble methods could provide confidence intervals for 

pattern classifications, enabling more nuanced risk 

assessment and position sizing. 

• Asymmetric Pattern Handling: Developing specialized 

rules or attention mechanisms for asymmetric formations 
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could recover the 19.3% of false negatives stemming from 

off-center troughs. 

• Extended Pattern Library: Expanding to detect all major 

technical patterns (Head & Shoulders, Triangles, Flags, 

Wedges) would create comprehensive pattern recognition 

infrastructure for algorithmic trading systems. 

• Short-Selling Cost Integration: Incorporating securities 

lending data to estimate borrowing costs and availability, 

filtering patterns to only those with economically viable 

short-selling opportunities. 
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