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ABSTRACT 

Improving fatigue life is the most challenging engineering problem due to the high stresses generated during the 

welding process, Surface treatment using shot peening steel ball is one of the methods of converting harmful 

welding stresses into useful compressive stresses. The purpose of this study is to predict the fatigue life of 

aluminum alloys (2024-T3) welded and shot peening steel ball with varying times using ANN method. The 

fatigue life was tested for aluminum alloy (2024-T3) with a thickness of (2.5 mm), the welding process was 

performed on one side by means of tungsten welding (TIG). The welding area was subjected to the shot peening 

streel ball process with different blasting times (15,10,5) minutes. Fatigue tests were performed by carrying the 

bending inside the plane with R = ± 1 and S-N curves being plotted, impact load was fixed for all examined 

samples at 8, 10, 12 and 15 N. It applies ANN as a model approach for estimating the life characteristics of 

fatigue and comparing it with the experimental results. The results showed an improvement in the fatigue life of 

aluminum alloy 

KEYWORDS 

Stress, fatigue, shot peening, ANN, tungsten welding (TIG). 

INTRODUCTION 

Aluminum alloys are characterized by light weight, high hardness, excellent machinability, good castability and 

chemical stability reaction state. These advantages make aluminum alloy very important in the aerospace, 

automotive, medical and food industries. But one of the problems facing the bonding of the aluminum plate is 

the difficulty of welding these plates due to it is a soft and sensitivity of the metal and the hard oxidation layer 

covering its outer surface. Aluminum is highly inclined to impurities in its molten state, increasing the risk of 

ending up with weak, porous welds [1-8]. One of the most common welding processes for aluminum is gas 

tungsten arc welding (GTAW), otherwise known as inert gas tungsten welding (TIG). GTAW is a suitable 

process as it does not require mechanical wire feeding, which can lead to feed ability issues. However, due to 

this type of weld, compressive and tensile residual stresses are generated in the weld joint and which have a 

significant effect on fatigue crack propagation and thus fatigue life. 

Compressive residual stresses are very useful in improving the fatigue resistance because they reduce the effect 

of tensile stress at the surface because tensile stress lowers the fatigue resistance. Shot Peening is a method of 

cold working in which compressive stresses are induced in the exposed surface layers of metallic parts by the 

impingement of a stream of shots directed at the metal surface at high velocity under controlled conditions [9]. 

Aluminum alloy welds (7075) have been treated through an extensive process known as laser shock peening 

(LSP), LSP controlled to a change of the fracture type from trans granular to intergranular. The reasons for these 

enhancements of the joint on corrosion behavior were caused by microstructure, residual stress, m icro-hardness, 

and fracture appearance [10]. Welding technique CO2 gas shielded arc welding was used to test the T-welded 

structure made of Q345D steel which is one of the typical joints used in River-Sea-Going Ship (RSGS) with the 

aim of verifying the effect of SP on fatigue life, Fatigue test results showed that selecting a suitable SP (PI = 

0.3mm) which could extend the fatigue life by 100% compared to the non-punched specimen [11].  
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Using the welding technique friction stir welding (FSW), the microstructure variation on the development of 

mechanical properties of 6061-T6 aluminum alloy and its effect on the fatigue life was studied, where this 

discrepancy was treated by (SP). the increase in fatigue resistance was more clear with the increase in the 

density of Almen, indicating the further improvement by strain hardening [12]. To improve the fatigue life by 

generating compressive residual stress on the surface of Al 2024-T351 samples was performed using Laser 

shock peening (LSP) (LSP) techniques, investigating the effects of LSP scan patterns on residual stress 

distribution and fatigue life performance of samples, A relationship was established between residual stress 

distribution and fatigue life performance [13]. Residual stress created along the surface of the Al5052/Ti6Al4V 

alloys with a TIG welding machine using a high energy shot-peening HESP  machine has been verified. The 

highest residual stress along the surface reached -200 MPa and the maximum residual stress along the thickness 

occurred in the subsurface region [14]. Experiments showed that cracks and pores in the surface were 

eliminated. to conclude least SP parameters that still allow significant fatigue strength benefits, verified regular 

perforated double V-groove (DV) butt Joints made of S355N and S960QL construction steels, as well as 

aluminum alloy Al-6082, Data with industrially clean blasted welds has been completed, which is represented of 

typical workshop conditions [15].  

The mechanical properties of aluminum and titanium weld joints were verified using advanced LSP techniques, 

the efficiency of different coatings was analyzed, and the highest LSP effect was obtained using aluminum foil, 

the surface micro-hardness of aluminum and titanium was increased up to 70% [16]. Useing Friction Stir 

Welding (FSW) to join aluminum alloy plates inevitably generates residual stress that predicts crack initiation 

and propagation which threatens the performance of the welded structure. Effective residual stress distribution is 

performed using shot peening processes and improve the fatigue properties of materials; SP with glass can offer 

the greatest residual compressive stress on the surface of welded spiment of corundum and steel. Steel 

perforation can result in the largest residual internal compressive stress and the deepest residual compressive 

stress layer, while the perforating effect of glass is better than that of corundum [17]. Influence of the roughness 

of surface, residual stresses formation, state of residual compressive stresses during fatigue cycles, and action  

surface layers harden induced by the SP process on the fatigue behavior of AA 6005-T6 aluminum alloy was 

investigated [18]. The blasting caused stress relaxation and surface damage, work hardening from the more 

severe case near the surface was a limiter for the efficiency of the process. 

An artificial neural network (ANN) is a form of implementation of an artificial intelligence system, which is a 

system consisting of a number of interconnected processors or nodes, or process elements that we call artificial 

neurons [19-25]. Neural networks are used in situations where there are no known rules by which the input and 

output data of the required system can be linked, ie finding a non-linear mathematical relationship between the 

input and output parameters. A "Feed Forward Back Propagation" artificial neural network model was 

developed to analyze and predict the surface roughness, the relationship between cutting and process parameters 

of Aluminum alloy Metal Matrix Composites [26].The ANN model has successfully demonstrated that there is a 

high predictability of wear and temperature for two types of aluminum and steel discs sliding against the pad, in 

addition to the model results corresponding to the experimental results [27]. Lost material and change of friction 

coefficient for the  (RHA) reinforced aluminum alloy composite was modeled using ANN.  

A confirmation test was conducted to verify the predictive model with experimental results, and the error rate 

did not exceed 9% [28]. The author of this article developed an artificial neural network, based on experimental 

data, to predict the effect of radial load, rotation speed of shaft and sliding distance on the wear of radial bearing 

made of tin alloy. The non-linear relationship between radial loads, sliding distance and lubricated radial bearing 

wear has been determined, it has been observed that well-trained ANN models can fully predict wear according 

to radial load and slip distance [29]. Along the same lines, experimental data were used to create the artificial 

neural fuzzy inference system ANFIS model. The ANFIS model allows estimating the values of the coefficient 

of friction in the load function. Based on the analytic expression of the ANFIS model used to correlate the 

values of the loads with the values of the coefficient of friction, it is defined. These analytical expressions are 

suitable for engineering applications and objectives [30]. The application of (ANFIS) has succeeded in 

estimating the hydraulic jump characteristics in channels of different shapes and dependencies, and the 

comparison between the empirical equations and ANFIS indicated the excellent performance of the ANFIS 

system [31].  
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An important application of ANN is in the field of industrial and chemical production. Since EIX is difficult to 

measure, estimation presents an issue that causes the greatest challenges in production applicability. EIX 

(ethylene index) was predicted using ANN., MSE and R2 values for the total data set were 0.02217 and 0.89413 

[31]. All the above research shows that the ANN technique is meaningful in modeling. Thus, in the present 

work, and rare researches in the field of the effect of shot peening (SP) and structural architecture for ANN, an 

attempt is made to develop an ANN model to predict the effect of SP time on the fatigue life of developed 

aluminum alloys (2024-T3) and to structural design of ANN describing this effect. Based on experimental data, 

trained and improved neural networks are used to predict fatigue life. 

EXPERIMENTAL SETUP AND PROCEDURE 

Specimen's preparation 

In this paper Aluminum alloy AA2024-T3 plates were used to conduct tungsten inert gas TIG experiments 

which chemical composition and mechanical properties are respectively presented in Table1, the analysis of the 

chemical alloy compound (AA2024-T3) was carried out at (University of Mosul), by device (SPECTRO 

XEPOS). The plates were cleaned with brushes to remove the oxides from the surface of the alloy and the 

welding process (TIG) was performed figure 1a. The rolled Aluminum plates of 2.5 mm thickness welded were 

cut into the required size as shown in figure 1b by water jet instrument, in figure 1c, the blue color indicates the 

specimen fixation area, and the red color the weld zone. The actual shape of the flat bending fatigue specimen is 

shown in figure 1d. 

Table 1. Shows the chemical composition of aluminum alloy (AA2024-T3) [7]. 

Chemical Composition 

Element 

(Wt%) 
Al Mn Ti Zn Cr Mg Cu Fe Si 

Required Balan 
0.3min 

0.9max 

0.15 

Max 

0.25 

Max 

0.1 

Max 

1.2min 

1.8max 

3.8min 

4.9max 

0.50 

max 

0.5 

max 

Contents Balan 0.61 0.08 0.04 0.006 1.32 4.49 0.260 0.131 

Mechanical Properties 

Status  
Actual 

Value 

Standard 

Value 

Tensile Yield  Strength (σy) (Mpa) 310 310 

Ultimate Tensile Strength(σu)(Mpa) 645 450 

Elongation(EI%) 31 18 

Hardness Vickers(HV) 121 120 

Melting Temp.(K) ---- 911 

Modulus of Elasticity(Gpa) ---- 73.1 
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Figure 1. a) the plate welded, b) set specimens to cut by water jet, c) Geometry of the specimen used in the 

present study, d) Aluminum alloy AA2024-T3 welded specimen 

Welding TIG processes 

For the purpose of investigating the effect of SP time on the fatigue life of the welded joints were used machine 

type (TIG 315 P AC/DC), with abundance of Alarcon gas (99.999%) was used to isolate the welding area from 

oxygen, the filler used is (ER4043) in diameter (2.4 mm) which The chemical content of the filler metal shown 

in table 2.  

Table 2. The chemical content of the filler metal (ER4043). 

Element 

Wt% 
Mg Mn Si Zn Ti Fe Cu Be Al 

Standard 

Value 

0.05 

max 

0.05 

Max 
4.5-6.0 

0.10 

Max 

0.20 

Max 

0.80 

Max 

0.30 

Max 

0.0008 

max 
Bala 

Measured 

Value 
0.014 0.038 5.00 0.083 0.014 0.21 0.26 0.005 Bala 

Shot peening (SP) 

Shot peening (SP) process was achieved with (Sintokogi) device, model (STB-OB) as shown in Figure 2a Using 

steel balls (2 mm diameter)) fig 2b, with a speed rate of (20 m/s), the dimension between specimen and the 

nozzle tip was about 67 mm, specimens were shot peened to full treatment by using Almen intensities in the 

range of 0.035–0.4 mmN in order to the best shot peening condition. 
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Figure 2. a) side view of shot peening machine, b) steel ball used in shooting 

Residual stresses due to SP were determined by the XRD-6000 X-RAY instrument at the Baghdad Laboratory 

of the National Building Research Center, which operates on the principle of X-ray diffraction (XRD) on 

relatively fine grains. Table 3 shows the data used in the tests. 

Table 3. Data used for X-ray diffraction (XRD) tests. 

Analysis Measure condition 

Target Cu 

Wave 1.54060 (A) 

Voltage 40.0 (KV) 

Current 30.0 (mA) 

Scan speed 5.0000 (deg/min) 

Alternating bending fatigue machine test 

fluctuating bending fatigue machine HSM0 type was used to test all the specimens that made by Hi-Tech 

company. This machine is shown in figure 3, to apply fluctuating bending (R±), this machine is to a 

cantilevered strip of material to define fatigue life performance, make whereby a cantilever could be deflected 

to execute fluctuating bending stress in the cantilever figure 4. The frequency of the reciprocating force is 

around 24Hz 

 

Figure 3. Alternating bending fatigue machine, 1) motor, 2) gears, 3) Cycle counter 4) dial gauge,5) test 

specimen, 6) load 
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Figure 4. Cantilever type load and deflection 

To calculating the Maximum Length of specimen while test of fatigue by using the following formula;  

        
  

 
                                                                                                                                 (1) 

Calculating the stress of specimen for fatigue test by using the following formula: 

  
     

    
                                                                                                                                                                  (2) 

Where is, A=π
2
δ

2
/16≈0.785 δ is curvature approximate factor[mm], L  is a specimen length before applied loads 

(60 mm), l is the length of the specimen after applied of load [mm], σ is normal stress [Mpa], F is a normal load 

[N], b is the width of a specimen, [mm], t is the thickness of specimen, [mm], δ is free to end deflection, [mm]. 

Vickers hardness and tensile residual stress tests were performed in the laboratories of the College of 

Engineering / Department of Mechanics / University of Tikrit. 

Plan of Experiment 

In this study, three types of specimens made of aluminum alloy (AA2024-T3) were tested, the first type was the 

basic alloy (BA) specimens, the second type only welded specimens (OW), and the third type was the welded 

and SP samples (WSP) with three periods 5, 10 and 15 minutes and applied loads 8, 10, 12 and 15 Newtons, 

each test was repeated at least three times, neglecting the abnormal results. Therefore, the average amount of 

fatigue cycles to failure was calculated for all tests. Table (4) shows the arrangement of the tested specimens. 

Table 4. Experimental design 

Shot 

peening 

time 

min 

Force 

Applied 

F  

[N] 

Deflection 

 =
   

   
 

[mm] 

Failure 

stress 

Applied σf 

[Mpa] 

Shot 

peening 

time 

[min] 

Force 

Applied 

F [N] 

Deflection 

 =
   

   
 

[mm] 

Failure 

stress 

Applied 

σf 

[Mpa] 

5 

8 1.2 62 

5 

12 2 92 10 10 

15 15 

5 

10 1.5 77 

5 

15 2.5 115 10 10 

15 15 

USING ARTIFICIAL NEURAL NETWORK ANN  

An artificial neural network ANN is made up of a number of interconnected processing elements / units / nodes 

called neurons, similar to the human brain. The neural network system was designed using training algorithms. 

It is necessary to prepare a set of examples that represent the problem in the form of system inputs and outputs. 

During the training process, the weights and biases in the ANN are modified to minimize error for high solution 

performance. At the end of training and during the training error, the mean squared error is calculated between 
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the desired output and the target output. It is not difficult to predict which training algorithms will be the fastest 

to solve any problem. The network receives input from neurons in the input layer, and the output of the network 

is given by the neurons on the output layer. There may be one or more hidden layers. Training starts with 

random weights, and the goal is to adjust them so that error is minimal.  

PREDICTIVE MODEL USING ANN 

In this study, using artificial Neural Network ANN to prediction effect of shot peening time on fatigue life of 

Aluminum Alloy (2024-T3) welded. Experimental test has been carried out using MATLAB (R2013) software, 

and the network output is given by neurons on the output layer, one or more intermediate hidden layers may be 

formed. The best prediction results were obtained using the Levenberg-Marquardt (LM) training algorithm. On 

the other hand, other learning algorithms gave acceptable error prediction results. But the predictions obtained 

from the network trained with LM were set to have the least error in the results of all training algorithms. 

Throughout training, the "weights" and "biases" of the network are modified to reduce the mean square error 

between expected and predicted values, the mean square error is set as 0.0001. Initially 1000 iterations were 

taken. The app randomly divides the input data and output data into three groups as follows: 60% are used for 

training, 20% are used for generalized verification of the network and for stopping training before overfitting. 

The last 20% is used to provide an independent network test. Generally, the input and output layers number of 

neurons is determined by input and output variables number. That analyze the fatigue behavior of the welded 

joints, the applied load F and the Shot peening time T are considered as the input parameters of the network 

while the output layer consists of the parameter of the number cycle of fatigue limit N as shown in fig 5. 

 

Figure 5. ANN structure used for prediction 

Transfer function in hidden layer is most commonly sigmoid function whose general form is: 

 ̌  
 

   
      ∑       

 
   

                                                                                                                                      (3) 

where xi is the input from i-th neuron from the previous layer, wij is the sets of weights from the input to hidden 

neurons and from the hidden to output neuron, respectively; bj, is the biases of hidden neurons and output 

neuron, respectively; Usually, the optimization criterion used for ANN training is the mean square error (MSE) 

between experimental (target), yk, and ANN estimated value (prediction) ŷ, for the same pair of input/output 

values. Thus, for the available set of training data (Ntr), obtained experimentally, determination of weight and 

bias matrices ANN training process involves minimizing MSE: 

    
 

   
 ∑      ̂  

    
                                                                                                                                   (4) 
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RESULTS AND DISCUSSIONS 

Experimental Fatigue test results 

Figure 6 shows the behavior of the alternating bending stress (R = ±1) of the AA 6061 in three states, BA, OW 

and WSP. Curved as stress amplitude (S) vs fatigue cycle number (N). 

 

Figure 6. Fatigue performance from different conditions examined. 

The fatigue resistance of WSP specimens is significantly reduced compared to BA. The fatigue life stress of BA 

is 60 MPa in 250 x 10
3
 cycles. The results also show that fatigue life occurs at lower stress for the specimen in 

the OW condition 110 x 10
3
 cycles, compared to the BA specimen. This is mostly due to the softening of the 

joint in the weld region, which occurred during the welding process, and the presence of significant compressive 

residual stresses in the areas close to the surface [7]. On the other hand, a significant improvement of WSP10 

and WSP5 samples resulted in fatigue life 140 x 10
3
 and 125 x 10

3
 cycle respectively of stress 60 Mpa, this 

indicates the fatigue life value of the WSP specimens are higher than the fatigue life value of the OW specimens 

except for the SP15 specimens, where occurs lower in fatigue life is 75 x 10
3
 cycle, with increase in the period 

of SP, the fatigue life first intensely increases, then drops significantly, the cause of the increase and decrease in 

fatigue life is due to the changes in the welded surface area, including changes in surface roughness that lead to 

the change in residual stress that cause early growth of cracks [32]. An important result of the SP was the 

evolution of residual stress RS, research indicates that stress cracks occur on extruded surfaces may not appear 

on the surface layer of metal but rather penetrate the surface, and this is called Compressive residual stresses 

field (CRSF). That is, an increase in the long of SP increases the volume of the CRS and does not necessarily 

lead to an improvement in fatigue life due to the development of cracks under the surface [9]. Figure 7 shows 

the RS distribution of the different SP time of the examined welded joint for the Aluminum Alloy (2024-T3). 

The results showed a difference in the RS values of the OW and WSP specimens. 
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Figure 7. The effect of SP time on residual stresses. 

The maximum CRS of OW is ranging about 56-58 Mpa, while it ranges between 42-45 Mpa of WSP5 

specimens, the CRS increases again of WSP10 83-85 Mpa, while its value decreases about 57-59 Mpa of 

WSP15 specimens. Generates CRS on the surfaces due to the welding process, enhancing the fatigue resistance 

of welded joints and resists crack growth [33]. 

Comparison of ANNs and Experimental Values 

In the previously discussed training procedure, the experimental results for fatigue life were predicted by design 

of a LM neural network. The test is a simulation of a real-life application, in which the test is performed for 

specific conditions of loads and SP time of Aluminum Alloy (2024-T3) welded. Figure 8 shows the training 

process for a neural network, with the average MSE reaches for best validation performance is 0.055 at epoch 7. 

 

Figure 8.  ANNs training, validation and testing performance system 

To test the generalization performance of the trained network in the training and testing processes, the 

experimental values were compared to the predicted values generated by the ANN as shown in figure 9. 
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Figure 9. ANNs training, validation, testing and sum of all prediction system for fatigue life cycle | 

Figure 9 confirms that the data fits well due to good training, So the trained network system gives the output 

with the lowest error ratio. The regression coefficient (R) determines the relationship between the output and the 

target, the closer the value of R to 1 indicates a close relationship between them, and its opposite indicates a 

random relationship, and greater than 0.9 means that the quality is better. Table 5 shown experimental value and 

ANN prediction for all of the experiment, obviously, the experimental values and the predicted values obtained 

ANN for SP are very close to each other. This is due to the fact that neural networks are in predicting outputs 

when the functional relationship between input and output is not fully known or there is any non-linear 

relationship between input and output. These results certain the possibility of using a neural network model to 

predict the fatigue life of of shot peening time of Aluminum Alloy (2024-T3) welded. 

Table 5. Comparison between the experimental results with the predicted values of the best obtained ANN 

Time 

shot 

Failure 

stress 

Exp. 

Fatigue 

life 

ANN. 

Fatigue 

life 

Absolut 

Error 

Time 

shot 

Failure 

stress 

Exp. 

Fatigue 

life 

ANN. 

Fatigue 

life 

Absolut 

Error 

Penning 
Applied 

σf (Mpa) 
[n] [n] [%] Penning 

Applied 

σf (Mpa) 
[n] [n] [%] 

(min)         (min)         

5 

62 110000 108411 0.014 

10 

92 60000 63333 0.056 

77 90000 93620 0.04 115 29000 26001 0.103 

92 23000 23759 0.033 62 150000 135211 0.099 

115 31000 31510 0.016 77 90000 89882 0.001 

62 117000 108411 0.073 92 45000 48333 0.074 
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77 133000 133620 0.005 115 23000 24001 0.044 

92 45000 40759 0.094 

15 

62 98000 88961 0.092 

115 18000 18510 0.028 77 33000 31516 0.045 

62 99000 108411 0.095 92 22000 23275 0.058 

77 75000 73620 0.018 115 18000 17042 0.053 

92 30000 30759 0.025 62 60000 65961 0.099 

115 19000 19510 0.027 77 40000 42516 0.063 

10 

62 170000 175211 0.031 92 33000 31275 0.052 

77 86000 89882 0.045 115 2000 2042 0.021 

92 40000 41333 0.033 62 67000 70961 0.059 

115 23000 26001 0.13 77 45000 42516 0.055 

62 100000 105211 0.052 92 15000 15275 0.018 

77 110000 112882 0.026 92 60000 63333 0.056 

 

Figure 10. Relationship between experimental. and ANN prediction SP time at (a) 5 min. (b) 10 min and (c) 15 

min 
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Figure 10 (a - c) shows the relationship between the experimental system and the predictable ANN system. The 

ANN model values and the experimental values for fatigue life cycles of the sress and SP time were almost the 

same with the least error (±7 %), it also confirms that fatigue life decreases with increasing load, and increases 

with increasing SP time at 5 and 10 minutes and decreases with SP time of 15 minutes. The resulting ANN 

model appears to be adequate to predict sresses and SP time to an acceptable level of accuracy. Confirmation 

tests are performed by selecting a set of parameters. Based on the dataset, the experiments were conducted and 

their results recorded, then, a comparison was made between the experimental values and the computed values 

obtained from the ANN model shown in Table 6. 

Table 6. Result Comparison of Experimental with Regression model 

Experiment 

number 

Load 

[N] 

Shot peening 

time 

[min] 

Exp. Fatigue life 

[rev] 

ANN model 

fatige life 

[rev] 

Absolute 

Percentage 

Error 

[%] 

1 9 7 106000 975700 8.2 

2 11 9 95400 99675 4.9 

3 13 13 16700 17900 7. 18 

CONCLUSIONS 

The effect of shot peening SP on fatigue life performance of aluminum alloy welded joints (2024-T3) was 

modeled using ANN method. After preparing the required samples and testing equipment, experimental tests 

were conducted. From the experimental results, the following can be concluded: 

 The fatigue resistance of only welded (OW) specimens significantly reduce compared to basic alloy 

(BA), and the reason may be due to the appearance of residual stresses and lack of interfacial cohesion 

in the weld joint. 

 It was found that shot peening (SP) the Aluminum alloy welded joints improved fatigue life from 75 x 

10
3
 to 148 x 10

3
 cycle for stress 58 Mpa in the optimum condition. 

 The fatigue life cycle first significantly increased with an increase in SP time (5 and 10 min) compared 

to a specimen welded without SP, and then significantly decreased with an increase in SP time (15 

min). This is attributed to a change in the distribution of the compressive residual stress CRS. 

 Residual stresses due to WSP were determined by the XRD-6000 X-RAY, In the weld center line, it 

indicates the maximum residual pressure (83-85) MPa at SP10, with the highest fatigue life of the 

welded specimens. This may indicate that an increase in compressive residual stresses prevents occur 

cracks and thus fatigue failure  

 Speed, capacity to learn from the investigational results and facility are the advantages of ANN when 

compared to Other method and it can also decrease the behavior of wide experimental study. Because 

of the above reasons ANN is chosen. This approach emerges to be a dominant tool in ma erials 

engineering and can be used efficiently as prediction technique in the area of material characterization 

and tribology. 

 The ANN technology is a superior tool for evaluating predictive fatigue life values of joint of 

aluminum alloy welds. This will avoid materials wasting time and cost for experimental testing, almost 

doubling. 
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