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ABSTRACT 

 

 The determination of bloodstain age can link the bloodstain to the 

crime, exclude a bloodstain as being irrelevant to the crime, approximate the time 

since the event has occurred, and collaborate eyewitness accounts. However, 

estimating the age of bloodstain is still a problem in actual forensic science practice.  

In this study, we used digital image analysis of bloodstains to estimate the time since 

deposition. This method was performed under different controlled conditions, i.e. with 

different donors, substrate materials, humidity, light exposure, anticoagulant and 

temperatures to determine the effects of each factor on the age estimation process. 

Three smartphones (Samsung Galaxy S Plus, Apple iPhone 4, and Apple iPad 2) were 

compared. The environmental effects – temperature, humidity, light exposure, and 

anticoagulant – on the bloodstain age estimation process were explored. The color 

values from the digital images were extracted and correlated with time since 

deposition. Magenta had the highest correlation (R
2
= 0.966) and was selected for 

further studies. The Samsung Galaxy S Plus was the most suitable smartphone as its 

magenta decreased exponentially with increasing time and had highest repeatability 

(low variation within and between pictures). Moreover 83% of mock casework 

samples were correctly classified. No significant within-person and between-person 

variations (p >0.05) was observed. However, the camera, temperature, humidity, and 

substrate color were influenced the color change of magenta and thus they affected 

the age determination process. Further improvements to the process could be achieved 

by including the environmental factor in the prediction equations. 

  Our technique provides a cheap, rapid, easy-to-use, and truly portable 

alternative to more complicated analysis using specialized equipment, e.g. 
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spectroscopy and HPLC. With proper lighting and controls, the method has the 

potential to be used in crime scenes directly. 
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SUMMARY OF CONTENTS 

 

1.1  INTRODUCTION 

 

 Various types of evidence are commonly found in a crime scene, such 

as hairs, blood, and saliva. Bloodstains are important evidence that is found in violent 

crimes such as homicide, hit-and-run, and assaults (Jerry et al. 2011). In forensic 

science, blood is examined to provide numerous information, including an account of 

what has taken place (blood pattern analysis). While DNA profiling can identify the 

suspects and victims in the scene, blood pattern analysis can elucidate the sequence of 

events of the case (Liu et al. 2006). Additionally, determination of bloodstain age can 

link the bloodstain to the crime, exclude a bloodstain as being irrelevant to the crime, 

approximate the time since the event has occurred, and collaborate eyewitness 

accounts. 

 However, estimating the age of bloodstain is still a problem in actual forensic 

science practice. Although various techniques have been used to estimate the age of 

bloodstains (Schwarzacher 1930, Miki et al. 1987, Inoue et al. 1991, Matsuoka et al. 

1995, Anderson et al. 2005, Strasser et al. 2007, Hanson 2010, Patterson 1960, Inoue 

et al. 1992, Andrasko 1997, Kind et al. 1972, Bremmer et al. 2010, Botonjic-Sehic et 

al. 2009, Bauer et al. 2003). No method has been put into routine use. The main 

techniques are based on spectroscopy (Schwarzacher 1930, Patterson 1960, Kind et 

al. 1972, Bremmer et al. 2010, Botonjic-Sehic et al. 2009). However, studies on the 

effect of substrate color and composition, humidity, and temperature on the bloodstain 

age estimation process are mostly lacking. Alternatively, Miki et al. recorded 

hemoglobin derivatives by measuring their electron paramagnetic resonance 

properties (Miki et al. 1987), but this approach has not been successful. Due to these 

errors, attempts to the techniques and decrease the error rates are constantly being 

made, such as by using high performance liquid chromatography (Inoue et al. 1991). 

This method is used to determine the relationship between the age of bloodstain and 

the ratio of hemoglobin alpha chain peak areas to the heme protein. Other techniques 

that have been studied are using oxygen electrode to measure the amount of oxy-
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hemoglobin (HbO2) (Matsuoka et al. 1995), as well as measuring the rate of RNA 

degradation in aging bloodstains (Anderson et al. 2005). In addition, near infrared 

(NIR) spectroscopy and atomic force microscopy (AFM) have also been used 

(Strasser et al. 2007, Jiang 2012). Nonetheless, all these methods are complex and 

require the use of expensive, specialized equipments, which also limits their use at 

crime scenes. Only the most recent age estimation technique using reflectance 

spectroscopy is portable and quick enough for use at the scene (Hanson 2010), but it 

is still limited to bloodstains found on a white background. 

 The simplest method for bloodstain age estimation is the observation 

for color change in a blood spot. The color of bloodstains changes from red to brown 

and can be observed with naked eyes (James 1988). This change is due to the 

degradation of hemoglobins. As blood leaves the body, hemoglobin saturate 

completely with oxygen in the ambient environment to oxy-Hb (HbO2). Due to the 

lack of cytochrome b5 reductase, the autoxidation of HbO2 to met-Hb form is not 

reversed as in in vivo conditions. (Smith et al. 2004). Patterson et al. utilized this 

property to determine the age of bloodstains by measuring the color presented 

(Patterson et al. 1960). They also found that the changes in bloodstain’s reflectance 

spectra depend on environmental conditions such as exposure to light, temperature 

and humidity. It is expected that these color changes should also be detected 

quantitatively in a digital image of the bloodstains. Digital image analysis could be 

used to extract the color values of the bloodstains in different color spaces available, 

e.g. Red-Green-Blue (RGB) and Hue-Saturation-Value (HSV). This technique has 

been used to determine the relationship of the color change of peaches to storage time 

(Thai et al. 1989) and for a semi-quantitative analysis of amphetamine and 

methylamphetamine (Choodum 2011). Unlike the aforementioned techniques, digital 

image analysis requires only a digital camera and computer, both of which are readily 

available and thus can be easily carried out at crime scenes, making this method low-

cost, simple, rapid, and truly portable. 

 In this study, we used digital image analysis of bloodstains to estimate 

the time since deposition. This method was performed under different controlled 

conditions, i.e. with different donors, substrate materials, humidity, light exposure, 

anticoagulant and temperatures to determine the effects of each factor on the age 
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estimation process. Moreover, the study evaluated different smartphone cameras 

(iPhone, iPad and Samsung Galaxy) for this purpose. Mock casework samples were 

also used to validate the techniques. 

 

1.2  OBJECTIVES 

 

 This study focused on the age estimation of bloodstains by smartphone 

camera and digital image analysis by Image J program. The objectives are as follows: 

 1. To determine whether digital image analysis could be used to 

estimate the age of bloodstains. 

 2. To compare the different smartphone cameras for this purpose. 

 3. To evaluate whether person-to-person variations affect the color 

change and subsequently the age estimation process. 

 4. To investigate the effect of temperature, humidity, light exposure, 

anticoagulant and substrate materials on the age estimation of bloodstains using 

digital image analysis. 

 

1.3  RESULTS AND DISCUSSION 

 

 This new method was simple, rapid, and easy to implement because 

the protocol only required a simple, low-cost photographic system. The system 

consisted of a white foam light box (2666 cm
2
 inner surface area) illuminated evenly 

with a Sylvania Osram DULUX S 9-Watt Cool White bulb (G32-2 pin base, 600 

lumens, 4100K color temperature, Sylvania Osram, Thailand) (Figure1) Color 

analysis was carried out using an Image J macro – a simple script that extracts color 

values from the digital photos taken with a smartphone camera. The color values were 

easily quantifiable and indicated that bloodstains color change with time. Many 

factors affected the color values, including smartphone camera, temperature, 

humidity, light exposure, the addition of anticoagulant, and substrate color. 
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Figure 1: A is home-made light box made from a foam box and a desk lamp 

 and B is a 3D sketch of the photographic system used in this study. 

 

1.3.1 Color value selection 

 The first experiment was done to determine whether the color changes 

with age for bloodstains and also which color changes the most. Blood samples were 

collected from four volunteers, three females and one male. 50 microliters of blood 

were dropped onto filter paper. A total of five bloodstains were used for each person. 

Three smartphone cameras (iPhone 4, iPad 2 and Samsung Galaxy S Plus) were used 

to capture digital images at 15 minutes, 30 minutes, 1 hour, 3 hours, 6 hour, 12 hours, 

24 hours, then once a day until 7 days and every week until 1.5 month or 

approximately 42 days. All settings of smartphone cameras were set to automatic 

(white balance, ISO, focusing mode, and metering mode). The smartphone was placed 

on the top of a light box that was created to control the amount of light (Figure 1). 

Five photographs were taken for each bloodstain. All digital images are formed from 

three 8-bit channels: red, green and blue color. The values of RGB range from 0 to 

255. RGB can be converted to other color spaces such as cyan, magenta, yellow and 

key (CMYK) and hue, saturation, lightness (HSL). Color extraction and conversion 

was performed automatically using an in-house Image J (http://imagej.nih.gov) macro 

– a computer script – to automate the batch processing (Appendix 1).This enabled 

many photographs and stains to be analyzed concurrently. The output comma-

separated-values (CSV) file was imported into Microsoft Excel and R statistical 

program for further analysis. 

http://imagej.nih.gov/
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 Each color value from the three color spaces (RGB, CMYK, and HSL) 

was linearly regressed to time since deposition. The correlation coefficient of each 

relationship was then determined. The statistical linear model has a correlation 

coefficient bound 0 and 1.0 (https://en.wikipedia.org/ wiki/Correlation_coefficient) 

Highly correlated factors have their correlation coefficients close to 1.0. This process 

was done to determine the best predictor for time since deposition. As expected, 

collection time was transformed using base-10 logarithm to linearize the relationship 

between color values and time (in hours) and the biphasic change of hemoglobin 

derivatives build on fitted a local polynomial regression (LOESS). The color values 

varied in their correlation with time since deposition. M (magenta) and S (saturation) 

correlated highly with time since deposition with R
2
 values of 0.966 and 0.911 (Table 

1) using linear modeling. Thus, magenta was selected for further studies due to its 

high correlation with time since deposition. The decrease in these color values 

followed a logarithm decay pattern – rapid decrease in the beginning followed by a 

slow decrease at later time-points (Figure 3). The first two time-point (15 and 30 min) 

and the time-points over 6 weeks were excluded from the linear models, as the 

decrease in color values in the first hour was even more rapid than a logarithmic 

function. The underlying phenomenon has been explained by Bremmer et al 

(Bremmer et al. 2010). In the earliest stages when blood leaves the body, 

oxyhemoglobin rapidly degrades to methemoglobin and hemichrome. The color of the 

bloodstains is determined by the ratio of three hemoglobin derivatives (oxy-

hemoglobin, met-hemoglobin, and hemichrome) in the bloodstain, since each 

derivative has a unique absorption spectrum. The fraction of each hemoglobin 

derivative changes with time (James et al. 1988, Chen and Ikeda-Saito et al. 2008, 

Marrone and Ballantyne 2009). The results of our experiment indicate that the color 

change due to this denaturation process was quantifiable using a digital image 

analysis. The change in color of blood from bright red to brown can be summarize in 

RGB terms as follows: the difference between red (255,0,0) and brown (150,75,0) is 

the decrease in R channel and increase in G channel.  

 

 

 

https://en.wikipedia.org/%20wiki/Correlation_coefficient
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Table 1: The correlation coefficient of each color value and time since   

 deposition in a regression model 

 

Parameter Calibration equation R
2
 

R and log time y = -6.0x+81.6 0.349 

G and log time y = 6.48x+25.6 0.726 

B and log time y = 3.78x+25.6 0.434 

C and log time y = 0x+0 0.000 

M and log time y = -0.119x + 0.688 0.966 

Y and log time y = -0.0843x+0.696 0.896 

K and log time y = 0.0235x+0.680 0.349 

H and log time y = -41.1x+98.9 0.224 

S and log time y = -0.0843x+0.531 0.911 

L and log time y = -0.00392x+0.209 0.026 

 

1.1.2 Smartphone camera comparison 

 The bloodstains on filter paper kept in the dark at 25
o
C were 

photographed with three different smartphone cameras (iPhone 4s, iPad 2 and 

Samsung Galaxy S Plus). The five pictures at each time-point from each camera were 

analyzed. The Samsung Galaxy S Plus was the most suitable camera for bloodstain 

age estimation, as it displayed the narrowest 95% confidence interval for magenta 

values (Figure 2), meaning that the predictions using a model based on the Galaxy S 

Plus would be the most precise. The confidence interval is the interval in which the 

true mean would fall in 95% of time. The size of the interval depends on the spread of 

the raw data. As such a narrow interval means that there were less variations in the 

pictures taken with the Samsung. (http://www.stvc.ac.th/elearning/stat/csu5.html) 
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Figure 2: Average and 95% confidence interval of magenta values obtained 

 from bloodstains (N= 5 for each smartphone) using three smartphone 

 cameras (red is Galaxy S, green is iPad 2, and blue is iPhone 4) 

 

In the earliest stages, the magenta values of three cameras were different, possibly due 

to the differences in both hardware (e.g. sensors type and size) and software (image 

processing). The specification of camera smartphone in each brand is shown in Table 

2. (http://www.techxcite.com/topic/10984.html; http://www.techmoblog.com/ipad-4-

vs-ipad-3-vs-ipad-2-spec-comparison/; 

http://www.thaimobilecenter.com/spec/Samsung_ Galaxy_S_Plus_i9001.asp) 

 

http://www.techxcite.com/topic/10984.html;
http://www.techxcite.com/topic/10984.html;
http://www.techmoblog.com/ipad-4-vs-ipad-3-vs-ipad-2-spec-comparison/
http://www.thaimobilecenter.com/spec/Samsung_%20Galaxy_S_Plus_i9001.asp
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Table 2:  The specification of various smartphone cameras 

 

Smartphone iPhone 4s iPad 2 Samsung Galaxy Plus 

Pixel density 3264×2448 1024×768 2592×1944 

Focus autofocus - autofocus 

Flash LED flash no flash flash 

  

 The Apple iPad 2 and iPhone 4s cameras displayed fluctuating 

magenta values with increasing time, while the magenta values obtained from the 

Samsung Galaxy S Plus consistently decreased with time. Using linear models, 

Samsung Galaxy S Plus had the highest a correlation coefficient (0.935), followed by 

iPhone 4s (0.796), and iPad 2 (0.637). 

 Although, the iPhone’s back-illuminated sensor technology allows 

more light to hit the sensor by repositioning the wiring (Choodum 2011), the 

improved sensitivity to light did not improve the results obtained when compared to 

the smaller, older image sensor in the Galaxy S Plus camera. This could be due to the 

evenly lit and bright light box (Figure 1) as well as the software-based color 

correlation algorithms. The bright conditions must have negated the need for a bigger 

sensor. While humans see the same color from object under different lights, digital 

cameras cannot do so and relies on these algorithms to correct for the differences 

(Jiang et al. 2012). Unlike the RAW format from digital single-lens reflex (DSLR) 

camera, a compressed JPEG file from smartphone cameras has undergone image 

processing, including color correction. A DSLR was not used for this study, as similar 

studies comparing smartphone cameras and DSLRs did not find any difference 

between the two categories or even showed that smartphone cameras had higher 

sensitivity and less relative errors than DSLRs for these forensic purposes (Choodum 

2011). Our results suggest that the three smartphones used different algorithms for 

color balancing, as pictures of the same bloodstains gave different color value. The 

goal of a smartphone camera is to produce a good-looking image with the least user 
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effort required. Apple Inc., the maker of iPad 2 and iPhone 4s, has patents pertaining 

to image processing related to color correction and these could have affected the color 

values of the bloodstains.  

 

1.1.3 Within and between-person variation 

 Blood samples were collected from four volunteers to assess person-to-

person variation. The volunteers are three females and one male. All were Asian, 

healthy and non-smoker. Five bloodstains from each person were dropped onto filter 

paper and kept in a dark room at 25
o
C. The data were collected at 15 minutes, 30 

minutes, 1 hour, 3 hours, 6 hours, 12 hours, 24 hours, then once a day until 7 days and 

every week until 42 days. All bloodstains were then analyzed using Samsung Galaxy 

S Plus. Figure 3 shows the between-person variation with passing time. The main 

trend observed is the biphasic decrease in magenta value. Only minimal variations 

were observed within-person, as indicated by the clustering of the magenta values 

from the five bloodstains of each donor. As for between-person variation, the overlap 

in the confidence interval of each donor’s LOESS fit suggests that there was no 

person-to-person variation. Previous studies showed similar results with the findings 

in this study. Anderson et al. found an ANOVA value of 0.93 for the ratio (18S: β-

actin). Also, for bloodstain age estimation using reflectance spectroscopy, no 

significant person-to-person variation was found among 40 bloodstains from eight 

donors (Patterson, 1960). The lack of variation could be explained by the similarity in 

the amount of hemoglobins, as the volunteers were from the same age group and 

healthy (https://sites.google.com/site/bodybalanceu/med-leuxd-laea-swn-prakxb-

khxng-med-leuxd). In summary, the age estimation of bloodstain with digital image 

analysis has no significant within-person and between-person variations. As such, it 

could be an appropriate technique to estimate bloodstains age. 

https://sites.google.com/site/bodybalanceu/med-leuxd-laea-swn-prakxb-khxng-med-leuxd
https://sites.google.com/site/bodybalanceu/med-leuxd-laea-swn-prakxb-khxng-med-leuxd
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Figure 3: The change in magenta value of each donor (N=4) (red is the first 

 person, green is the second, blue is the third and purple is the fourth) 

 and 95% confidence intervals of magenta values obtained from five 

 bloodstains of each donor 

 

1.1.4 Age estimation of bloodstains 

 We used the data from the person-to-person variation study to assess 

prediction accuracy for unknown stains. Bloodstains were divided into two subsets 

(training set and validation set), according to a standard statistical approach called one 

round cross-validation (Bremmer et al. 2010). The data from training set (70 

percentages of all data) and validation set (30 percentages of all data) were used to 

create simple linear regression model. The age of blood up to 42 days was estimated. 

A simple age estimation method using linear regression with magenta value (m) as the 

predictor for time since deposition in hours (t): 

       t = 
       

      
 

 In this study, we observed better accuracy for younger bloodstains than 

older bloodstains, which can be explained because hemoglobin denatures faster in the 

beginning of the aging process (Bremmer et al. 2011) (Figure 4). The simple 

prediction model using only magenta values tended to underestimate the actual age of 

bloodstains. Most points shown after 10 days fall below the line of unity. 
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Figure 4: Predicted age of bloodstains versus the actual age. Means are shown 

 as black dots. The line of unity is plotted as a dashed red line. The 

 adjusted R- squared of the relationship was 0.830. 

 

 As such, the range of predicted time since deposition increased with 

the bloodstain age, which is a disadvantage that must be kept in mind in real forensic 

casework. In other words, these results demonstrate that image analysis is suitable for 

short term age estimation. A similar result was reported by Edelman et al. who used 

hyperspectral imaging to estimate the age of bloodstains. However, Edelman et al.’s 

method is more difficult and complex than the one proposed here, as a specialized 

instrument is needed for the estimation process. However, before the image analysis 

for age estimation of bloodstains can be applied in practice, other key factors that 

affect the degradation process of hemoglobin must be investigated. These factors 

include, but are not limited to, temperature, humidity and light exposure. If the effect 

size of these factors could be quantified, a smartphone application could ever create to 

estimate bloodstain age in a crime scene. 
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1.1.5 Environmental effects on the aging process 

1.1.5.1 Temperature 

 The effect of temperature on digital image analysis technique was 

investigated. Five bloodstains on filter paper stored in dark room at -20
o
C, 4

o
C and 

25
o
C. The data were collected at 15 minutes, 30 minutes, 1 hour, 3 hours, 6 hours, 12 

hours, 24 hours, then once a day until 7 days and every week until 42 days. All data 

were plotted for each temperature as a function of average of magenta value with time 

since deposition and a 95% confidence interval was calculated for each temperature. 

 

Figure 5: Average and 95% confidence intervals of magenta values obtained 

 from bloodstains (N= 5 for each humidity level) kept at-20
o
C (green), 

 4
o
C (red) and 25

o
C blue). Higher temperature increased the rate of 

 hemoglobin denaturation. 

 

 The initial (0 hour), magenta values were very similar in all 

temperatures. The difference in magenta value became more obvious at 15 minute, 

when the first measurements were taken. The slopes of three temperature levels were 

different, i.e. the rate of change, or slope, of the magenta values increased with 

increasing temperature. The slope of bloodstains at -20°C was smallest and at 25°C 

was largest. After three hours, the rate of change for all three temperature levels were 

constant, as evidenced by the parallel lines seen in Figure 5. From this data, it can be 

-20oC

4oC 

25oC 
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concluded that high temperatures sped up the auto-oxidation of oxyhemoglobin to 

met-hemoglobin and hemichrome. After 40 days, the data of all temperature levels 

fluctuated. This time-point seemed to be the limit of bloodstain age that can be 

analyzed by the technique proposed in this study. The analysis of the effect of 

temperature was imperative to the bloodstain age estimation process, as the 

bloodstains in an actual crime scene will also be affected by the ambient temperature 

at the scene. Knowing the effect of temperature can help a forensic investigator obtain 

a better estimate of the time since deposition. In Thailand the average temperature is 

27.2 ± 1.6
o
C and there is almost no change between each season which is different 

form the other country. The variation of temperature affect to the changing the oxidize 

rate of hemoglobin. 

 

1.1.5.2 Humidity 

 Five bloodstains on filter paper and stored at three humidity levels were 

compared: 30%, 50% and 80% relative humidity. The data were collected at 15 

minutes, 30 minutes, 1 hour, 3 hours, 6 hours, 12 hours, 24 hours, then once a day 

until 7 days and every week until 42 days. Average magenta values were plotted 

against time since deposition and result is shown in Figure 6. The difference in 

magenta values were clear since the first measurements. 
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Figure 6: Average and 95% confidence intervals of magenta values obtained 

 from bloodstains (N =5 for each humidity level) kept at 30% (red) 

 and 50% (blue) relative humidity at 25%
O

C. Higher humidity slowed 

 the color change process 

 

 With increasing time, the magenta value of bloodstains kept at 30% 

RH decreased faster than the bloodstains at 50% RH. This result is consistent with the 

study of Bremmer et al. (Bremmer et al. 2011), who reported about the rate of the 

change from met-hemoglobin to hemichrome: high humidity sped up oxidation more 

than low humidity. Over the course of two months that the color change was 

monitored, it was found that magenta values of both humidity levels were fluctuating, 

which could be because the camera of smartphone found it difficult to focus on old 

stains. Also, humidity level was controlled using an in-house humidity chamber 

constructed from a foam box, computer fans, and silica gels. As such, the humidity 

level could have fluctuated in between the scheduled silica gel replacements. 

Bloodstains kept at 80% RH could not be investigated due to excessive fungal growth 

on the stains. 
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1.1.5.3 Light exposure 

 Five bloodstains on filter paper were kept in the dark, under fluorescent 

lighting, and under natural sunlight. The data were collected at 15 minutes, 30 

minutes, 1 hour, 3 hours, 6 hours, 12 hours, 24 hours, then once a day until 7 days and 

every week until 42 days. The averages of magenta values were plotted with time 

since deposition. The results indicate that exposure to sunlight produced a different 

color change pattern when compared with bloodstains kept in the dark and under 

fluorescent light (Figure 7). At 15 min, almost no difference in magenta values were 

observed between the different conditions. After 30 min, bloodstains exposed to 

sunlight had significantly lower magenta values than bloodstains kept in the dark and 

exposed to fluorescent light. After one hour, bloodstains kept in the dark and under 

fluorescent light were still indistinguishable. The samples exposed to sunlight had 

their colors changed faster in the early hours (larger drop in magenta value). It was 

suspected that sunlight accelerated the rate of change from oxy-hemoglobin to met-

hemoglobin and from met-hemoglobin to hemichrome due to two reasons. One, 

sunlight increased the temperature of the bloodstains. The previous experiment with 

temperature showed that temperature has a positive correlation with the rate of color 

change. Two, light could have sped up the rate of oxidization of hemoglobin 

(Bremmer et al. 2011). 
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Figure 7: Average and 95% confidence intervals of magenta values obtained 

 from bloodstains (N =5 for each humidity level) kept in the dark 

 (red), under fluorescent lighting (green), and under natural sunlight 

 (blue). No difference was observed for the bloodstains in the dark and 

 under fluorescent light. 

 

1.1.5.4 Anticoagulant 

 This experiment compared the change in color of blood with and 

without added anticoagulant. Two anticoagulants used to study: EDTA and heparin. 

All bloodstains were kept at 25
o
C and the data collected at 15 minutes, 30 minutes, 1 

hour, 3 hours, 6 hours, 12 hours, 24 hours, then once a day until 7 days and every 

week until 42 days. The averages of magenta value were plotted with time since 

deposition. The result of the effect of anticoagulant is shown in Figure 8. 
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Figure 8: Average and 95% confidence interval of magenta values obtained 

 from control bloodstains (red), bloodstains mixed with EDTA (green) 

 and bloodstains mixed with heparin (blue). 

 

 Both EDTA and heparin did not affect the magenta value of 

bloodstains, as shown by the overlapping 95% confidence intervals between control 

bloodstains and stains mixed with anticoagulants. From Figure 8, only at two time-

points (30 minutes and one hour) were slight differences observed. One previous 

study that investigated anti-coagulant effect on bloodstain color also did not find any 

influence of anticoagulant on the aging process of bloodstains (Bremmer et al. 2010). 

In general, anticoagulant changes red blood cells shape to spherical. Thus, it was 

concluded that anti-coagulant did not affect the method for bloodstain age estimation 

used in this study  

(http://www.microscopy.ahs.chula.ac.th/newmicros/ lecture/bloodcollecting.pdf). 

 

1.1.6 The effect of substrate 

 In the crime scene, we are not able to control the position of 

bloodstains and type of substrate that the blood is found on. As the method proposed 

depends on bloodstain color, substrate color might interfere with the measurement 

http://www.microscopy.ahs.chula.ac.th/
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process. The study of the effect of substrate is therefore necessary. Five bloodstains 

dropped onto various substrates including cotton, denim, filter paper, glass, leather 

and wall. All bloodstains were stored in dark at 25
o
C. The data were collected at 15 

minutes, 30 minutes, 1 hour, 3 hours, 6 hours, 12 hours, 24 hours, then once a day 

until 7 days and every week until 42 days. The averages of magenta value were 

plotted with time since deposition. In Figure 9, two substrates (filter paper and cotton) 

showed possibility of allowing prediction of the age of bloodstain. Both substrates 

were light color. Although glass, wall (gypsum) and leather were light color like the 

filter paper and cotton, they reflect more light. Thus, the average magenta values 

obtained were highly variable. The slightly rough surfaces spaced with troughs of the 

gypsum and leather also negatively impacted the measurement of magenta values. 

Also, it was not possible to obtain enough variations in color from bloodstains on 

denim. In summary, the characteristics of substrate affected the process of measuring 

bloodstain color and subsequently the prediction of age estimation of bloodstains by 

using digital image analysis. The extraction of bloodstains from substrate, as carried 

out by Hanson and Ballantyne (Hanson et al. 2010), could be useful for the proposed 

method. 
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Figure 9: Average and 95% confidence intervals of magenta values from 

 bloodstains deposited onto six substrates (blue denim is red line, clear 

 class is brown, leather is green, paper is light blue, gypsum is blue 

 and white cotton is purple) 

 

1.1.7 Mock case work 

 Our technique was highly accurate under controlled conditions. In real 

life, one is not able to control the substrate that the blood will fall on nor the 

environment of the crime scene. The study of mock case work was used to validate 

the technique proposed in this study. A number of bloodstains were deposited on 

various substrates: cream leather, cloth, denim, brown flagstone, shiny paper, plastic 

dish, shoes and stainless steel. These items had been scattered in a room to simulate a 

typical apartment. Environmental effects such as temperature, light and humidity was 

not controlled for (Appendix B). The data was collected at 15 minutes, 30 minutes 1 

hour, 3 hours, 6 hours, 12 hours, 24 hours, and then once a day until 7 days and every 

week 42 days. The result showed that the magenta value fluctuated in all substrates 

except the bloodstains on cloth (Figure 10 and 11), where the pattern in the data 
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suggested that it should be possible to estimate bloodstain age for up to the last day 

that the measurement was taken (42 days). The reason for the low variability between 

the stains at different time points for cloth was (1) probably the white background of 

the cloth and (2) the cloth was not exposed directly to sunlight. 

 

 

 

Figure 10: Average and 95% confidence intervals of magenta values from 

 bloodstains deposited onto white cloth 

 

Figure 11: Average and 95% confidence intervals of magenta values from 

 bloodstains deposited onto various substrate in mock work 
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 The other substrates (Figure 11) had no detectable pattern that could be 

used to estimate the bloodstain age. This fluctuation was observed as early as 30 

minutes. The variations in the M values differed with each substrate. It was believed 

that the substrate characteristics, particularly the color of the substrates themselves, 

interfered with the color values that were obtained. For example, it was more difficult 

to quantify the change in bloodstain color when the substrates were dark color like 

denim. The non-porous nature of stainless steel resulted in clumping of the 

bloodstains and uneven distribution of bloodstain thickness and color. As the different 

substrates were differently exposed to temperature and humidity (e.g. substrates that 

were located closer to the bathroom were probably exposed to higher humidity and 

vice versa). The environment can speed up or slow down the denaturation process 

such as oxidation of hemoglobin. Further improvements are needed before this 

method is applicable to casework samples. 

  

1.4  Concluding remarks 

 

 Bloodstains are commonly found in crime scenes, especially in violent 

crimes. Being able to predict bloodstain age can aid investigation, for example, 

predicting the time of incident in which there is no witness. Many techniques are 

employed for said purpose and it is still an active area of research. However, most 

studies require complex, dedicated instruments and are expensive. Currently there is 

no method that shows high accuracy of prediction and that has been applied in 

forensic case work. 

 This study is a new method to predicted age of bloodstains in the crime 

scene that is easy and cheap. We can use digital image analysis to study the change in 

color in bloodstains caused by the different ratios of hemoglobin derivatives. Our 

result of demonstrated the smartphone brand, temperature, humidity and light 

exposure affected the color change process. The brand of smartphone affect the color 

values that were extracted. The environment cam speed up or slow down the 

denaturation process such as oxidation of hemoglobin. This information is necessary 

to select a model or create a model for prediction of age of bloodstain in the future. 

The active developer communities of both Google’s Android OS have the potential to 
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develop a real-time application and we envision a smartphone that could give more 

accurate for prediction of age of bloodstain. Moreover, the smartphone camera is 

compact and convenient for using in a crime scene. 

 This technique has high accuracy and precision in controlled 

conditions and can accurately predict bloodstain age of less than 10 days. Similar to 

previously used spectroscopy-based technique, our developed method works well 

white or light-colored substrates. However, with dark-colored substrates, the 

background color interferes with the color analysis. In the future, one might solve this 

problem by extracting the bloodstains from the substrate. In an actual crime scene, it 

is impossible to dictate the environmental conditions and thus our developed 

prediction equation might be too simplistic. Incorporating relevant parameters could 

extend the usability of the method to real casework. 
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Appendix A 

 

 The macro command is a simple script that extracts color values from 

the digital photos taken with a smartphone camera. It was used for color analysis 

which carried out using the ImageJ program. Multiple images can be analyzed with 

only a few mouse clicks, which is an advantage of the method. The work flow of the 

macro from start to finish is shown in the following diagram 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Open files of users 

Select folder with all the pictures 

Input size of image  

Read the intensity of image (100 

pixels) at center pixel in each 

image 

Extract all color values (RGB, 

CMYK and HSL) 

Store all color values and all 

images 

Loop 
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batch RGB analysis 

//extract surface area and ndvi over the whole plot for trees and grasses  

 

//run("Memory & Threads...", "maximum=1600 parallel=8 run");  

 

dir2 = getDirectory("Choose Source Directory "); //prompt user for destination 

directory  

 

dir3 = getDirectory("Choose Results Directory "); //promt user for destination 

directory for results file  

 

list2 = getFileList(dir2); //get a list of the files   

 

setBatchMode(true);  

 

//define two new functions to get max and min from 3 values 

function minOf3(n1, n2, n3) { 

returnminOf(minOf(n1, n2), n3); 

} 

 

function maxOf3(n1, n2, n3) { 

returnmaxOf(maxOf(n1, n2), n3); 

} 

 

 

//reset previous runs 

run("Clear Results");  

row=0; 

 

//Prompt user for the image size and find the midpoint pixel 

w = getNumber("Enter image width (x) ", 1); 

h = getNumber("Enter image height (y) ", 1); 
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w = w/2; 

h = h/2;  

 

//Loop through the images in the folder and extract interested values 

for (z=0; z<list2.length; z++) {  

open(dir2+list2[z]);        //opens every image  

showProgress(z+1, list2.length);   

 

 start = getTime();         // Get current time for progress bar  

 

//calculate RGB 

 

 v = getPixel(w, h);  

 r = (v & 0xff0000)>>16;  

 g = (v & 0x00ff00)>>8;     

 b = (v & 0x0000ff);        

 setResult("R", row, r); 

 setResult("G", row, g); 

 setResult("B", row, b); 

 

//calculate CMYK 

 

 c = 1.0 - r/255; 

 m = 1.0 - g/255; 

 y = 1.0 - b/255;  

 k = minOf3( c, m, y); 

 if ( k == 1.0 ) { 

  c = m = y = 0; 

  } 

 else { 

  s=1.0 - k; 

  c = ( c - k ) / s; 
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  m = ( m - k ) / s; 

  y = ( y - k ) / s; 

 } 

 

 setResult("C", row, c); 

 setResult("M", row, m); 

 setResult("Y", row, y); 

 setResult("K", row, k); 

 

//calculate HSV and HSL 

 

 rScale = r/255;  

 gScale = g/255;  

 bScale = b/255; 

  

 M = maxOf3(rScale, gScale, bScale); 

 m = minOf3(rScale, gScale, bScale); 

 

 r = (M - rScale) / (M - m); 

 g = (M - gScale) / (M - m); 

 b = (M - bScale) / (M - m); 

 V = maxOf3(rScale, gScale, bScale); 

 L = ( M + m) / 2; 

 

 if ( M == 0 ) {  

  S = 0; 

  S2 = 0; 

  H = 180; 

 } 

 else { 

  S = (M - m) / V; 

  S2 = (M - m) / (1 - abs(2*L - 1)); 
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 } 

  

 if ( rScale == M ) {  

  H = 60*(b-g); 

 } 

 if ( gScale == M ) {  

  H = 60*(2+r-b); 

 } 

 if ( bScale == M ) {  

  H = 60*(4+g-r); 

 } 

 if ( H>= 360 ) {  

  H = H - 360; 

 } 

 if ( H< 0 ) {  

  H = H + 360; 

 } 

 setResult("H", row, H); 

 setResult("S", row, S); 

 setResult("V", row, V); 

 setResult("S2", row, S2); 

 setResult("L", row, L); 

 

 row++;  //increment the row for each image 

 

 //updateResults();   

saveAs("Results", dir3+"imageData.txt"); 
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2. Batch RGB for random point 

//extract surface area and ndvi over the whole plot for trees and grasses  

 

//run("Memory & Threads...", "maximum=1600 parallel=8 run");  

 

dir2 = getDirectory("Choose Source Directory "); //prompt user for destination 

directory  

 

dir3 = getDirectory("Choose Results Directory "); //promt user for destination 

directory for results file  

 

list2 = getFileList(dir2); //get a list of the files   

subloop=0; 

pic=1; 

setBatchMode(true);  

 

//define two new functions to get max and min from 3 values 

function minOf3(n1, n2, n3) { 

returnminOf(minOf(n1, n2), n3); 

} 

 

function maxOf3(n1, n2, n3) { 

returnmaxOf(maxOf(n1, n2), n3); 

} 

 

//reset previous runs 

run("Clear Results");  

row=0; 

 

//Prompt user for the image size and find the midpoint pixel 

w = getNumber("Enter image width (x) ", 640); 

h = getNumber("Enter image height (y) ", 480); 
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w = w/2; 

h = h/2;  

 

//Loop through the images in the folder and extract interested values 

for (z=0; z<list2.length; z++) {  

open(dir2+list2[z]);        //opens every image  

showProgress(z+1, list2.length);   

 

 start = getTime();         // Get current time for progress bar  

 

//calculate RGB 

subloop=0; 

while(subloop<10) 

{ 

w2 = w-15 + 30*random(); 

h2 = h-15 + 30*random(); 

 

 v = getPixel(w2, h2);  

 r = (v & 0xff0000)>>16;  

 g = (v & 0x00ff00)>>8;     

 b = (v & 0x0000ff);  

 

  if(r<80){   

 setResult("R", row, r); 

 setResult("G", row, g); 

 setResult("B", row, b); 

 

//calculate CMYK 

 

 c = 1.0 - r/255; 

 m = 1.0 - g/255; 

 y = 1.0 - b/255;  
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 k = minOf3( c, m, y); 

 if ( k == 1.0 ) { 

  c = m = y = 0; 

  } 

 else { 

  s=1.0 - k; 

  c = ( c - k ) / s; 

  m = ( m - k ) / s; 

  y = ( y - k ) / s; 

 } 

 

 setResult("C", row, c); 

 setResult("M", row, m); 

 setResult("Y", row, y); 

 setResult("K", row, k); 

 

//calculate HSV and HSL 

 

 rScale = r/255;  

 gScale = g/255;  

 bScale = b/255; 

  

 M = maxOf3(rScale, gScale, bScale); 

 m = minOf3(rScale, gScale, bScale); 

 

 r = (M - rScale) / (M - m); 

 g = (M - gScale) / (M - m); 

 b = (M - bScale) / (M - m); 

 

 V = maxOf3(rScale, gScale, bScale); 

 L = ( M + m) / 2; 
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 if ( M == 0 ) {  

  S = 0; 

  S2 = 0; 

  H = 180; 

 } 

 else { 

  S = (M - m) / V; 

  S2 = (M - m) / (1 - abs(2*L - 1)); 

 } 

  

 if ( rScale == M ) {  

  H = 60*(b-g); 

 } 

 if ( gScale == M ) {  

  H = 60*(2+r-b); 

 } 

 if ( bScale == M ) {  

  H = 60*(4+g-r); 

 } 

 if ( H>= 360 ) {  

  H = H - 360; 

 } 

 if ( H< 0 ) {  

  H = H + 360; 

 } 

 

 setResult("H", row, H); 

 setResult("S", row, S); 

 setResult("V", row, V); 

 setResult("S2", row, S2); 

 setResult("L", row, L); 
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 setResult("x", row, w2); 

 setResult("y", row, h2); 

 setResult("pic",row,pic); 

 setResult("subloop", row, subloop); 

 row++;  //increment the row for each image 

 subloop++; 

 }//end if  

  }// end while 

pic++; 

 //updateResults();   

saveAs("Results", dir3+"imageData.txt");  

 }// end for 
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Appendix B 

 

 The blood was dropped onto different objects in the bedroom, 

bathroom and terrace such as cotton cloth, denim, leather bag, plastic cup, plastic 

dish, tile dish, canvas shoe, white paper, stainless fence, flagstone and wall. The 

samples were naturally exposed to different environmental conditions including heat 

and light. 

 

 

 

 

 

 

 

 

 

 

 

 

Appendix B. Figure 1 Bloodstains of the mock casework experiment. 

 

 

 



 37 

 

 

 

 



 38 

 

 

 

 



 39 

 

 

 

 



 40 

 



 41 

 



 42 

 



 43 

 



 44 

 



 45 

 



 46 



 47 

VITAE 

  

Name    Miss Alisa Yaodam 

Student ID   5410220074 

Educational Attainment  

 Degree  Name of Institution  Year of Graduation 

 

M.SC.(Forensic Science) Prince of Songkla University 2012- Present 

 

B.SC. (Microbiology) King Mongkut University of  2009-2012 

 Technology Thonburi 

 

Work – Position and Address 

Police Forensic Science Center 10 

Biology and DNA Center, Police Forensic Center 10 Office of Forensic Science 

Police Royal Thai Police 

 

List of Publication and Proceeding 

Phuvadol Thanakiatkrai, Alisa Yaodam, Thitika Kitpipit, Age estimation of 

bloodstains using smartphones and digital image analysis, Forensic Science 

International 233 (2013) 288-297.    

 




