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Abstract 
Occasionally, in complex inherent characteristics of certain rocks, especially anisotropic rocks it 
may be difficult to measure the uniaxial compressive strength UCS. However, the use of empirical 
relationships to evaluate the UCS of rock can be more practical and economical. Consequently, this 
study carried out to predict UCS from microfabrics properties of banded amphibolite rocks using 
multiple regression analysis. Based on statistical results, rock microfabric parameters, which 
adequately represent the UCS of a given rock type have been selected. The results show that grain 
size, shape factor and quartz content have high significant correlation with UCS at 95% confidence 
level. From multiple regression model, approximately 84% of the variance of the UCS can be esti-
mated by the linear combination of these three parameters. However, according to model perfor-
mance criteria: correlation coefficient (R = 0.919), variance account for (VAF = 97%) and root 
mean square error (RMSE = 4.16) the study clearly indicates that the developed model is reliable 
to predict the UCS. Finally, this approach can be easily extended to the modeling of rock strength 
in the absence of adequate geological information or abundant data. 
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1. Introduction 
Uniaxial compressive strength (UCS) of rocks is one of the most important intact rock parameters, that it is 
commonly used for a variety of engineering designing surface and underground rock structures [1]. However, 
there are two methods for assessing the UCS of rocks. One, known as the direct method where both the 
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American Society for Testing and Materials (ASTM) and the International Society for Rock Mechanics 
(ISRM) have standardized the testing procedure of this rock strength. Although, the method is relatively sim-
ple, sometimes due to complex inherent characteristics of certain rocks, carrying out uniaxial compressive 
strength test in laboratory becomes not easy particularly from weak, stratified, highly fractured and weathered 
rocks. In order to overcome this difficulty, several researchers have proposed indirect methods considering 
simple index parameters such as Schmidt hammer, point load index, block punch and petrographical proper-
ties [2]-[7].  

Although often neglected, microstructures characteristic of rocks are of great significance for the failure of 
rocks, especially when intense deformation is present [8]. Geometrical parameters of rock-forming minerals 
(microstructures), known to affect mechanical properties of rocks include mineral composition, grain size, grain 
shape and spatial arrangement of minerals visible in micro-scale [9]. However, quantitative microfabrics study 
can provide initial estimate of rock properties required at the feasibility and initial design stage [10]. In fact, one 
obvious reason for this is the complexity of rock materials and the variation in quantitative relationships be-
tween different rock types.  

In the last few years, several scholars have used different techniques such as statistical regression and compu-
tational intelligent techniques to establish predictive models for predicting UCS from texture characteristics of 
rocks [11]-[15]. However, one of the main disadvantages of previous models is that they use less effective input 
parameters for predicting rock strength such as grain area weighting as well as the secondary mineral contents 
(e.g. [11]). Hence, choosing a relatively smaller number of variables, but more influential which adequately 
represent the strength properties of a given rock type is necessary.  

Thus, contrary to previous UCS models from textural characteristics-this study carried out with aim of select 
relatively smaller number of rock microfabrics but more influential ones, which adequately represent the UCS of 
a given rock type. This can reduce popularity of this technique for evaluating mechanical properties of rock 
from textural characteristics. This effort is a complementary contribution to the studies presented herein using 
comprehensive statistical analysis technique. For this purpose banded amphibolite rocks were collected from va-
ried rock slopes along Chengdu-wenchuan highway in Sichuan province, china. These rocks were selected due 
to their high rock-fabric complexity and their high significance impact in rock engineering design. However, in 
reviewing the literature, no data was found focusing on this type of metamorphic rocks. 

2. Database 
2.1. Sample Preparation and Experiments 
Keeping the objectives in view representative block samples of banded amphibolite were collected for laborato-
ry experiments. Macroscopically, the rocks exhibit a distinct planar syn-metamorphic fabric that characterized 
with near perfect tectonic metamorphic layering and mineral alignment (schistosity). For uniaxial compressive 
strength (UCS), cylindrical specimens of length to diameter ration equal to 2 were cored using conventional la-
boratory drilling machine as required as per the ASTM [16] specification. The test was conducted on core sam-
ples according to ASTM [17] standard. At least 3 to 5 core samples were tested and the average strength was 
recorded in the database. The UCS employed in the present study is considered as the dependent variable. For 
microfabrics characterization, thin sections across, along the schistosity were prepared from each core speci-
mens. The mineral composition of subtype samples of amphibolite rocks were determined by X-ray diffraction 
method (XRD). 

2.2. Petrographic Description of Studied Rocks 
In order to evaluate the petro-fabric of the studied rocks, thin sections across and along the schistosity were pre-
pared and observed under a high power polarized microscope. The mineral assemblage and texture characteris-
tics of the typical rocks may vary within the meter scale. Based on XRD analysis the predominant mineralogical 
composition is almost quartz, hornblende, actinolite, orthoclase, plagioclase, rare pyroxene, and minor amounts 
of calcite, dolomite, epidote and chlorite. Apatite, sphene and iron oxide are accessory minerals. Microscopical-
ly, thin sections show that the rocks contain varying proportions of xenoblastic hornblende set in a fine-to me-
dium-grained quartz-plagioclase mosaic. Aligned hornblende crystals form the bulk of the rock that average is 
0.1 mm, although large crystals reach 0.25 mm and they usually contain numerous small inclusions of quartz 
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(Figure 1(a) and Figure 1(b)). The main microstructure of these rocks is well-developed layered lattice struc-
ture that defined by strong crystallographic preferred orientation of hornblende and elongated quartz grains in 
quartz rich zone (Figure 1(b) and Figure 1(c)). This well-defined layering in microscopic scale indicates that 
these rocks characterized with higher degree of texture anisotropy. In some thin sections, numerous porphyrob-
lasts of quarts and plagioclase considerably deflect the schistosity plane (Figure 1(c)), which may cause some 
variation in strength measurements. Some parts of fine-grained amphibolite composed almost entire of small 
granular epidote crystals and the hornblende has altered to aggregates of epidote and fibrous actinolite and chlo-
rite (Figure 1(c) and Figure 1(d)). The presence of slight amount of high pressure/low temperature mineral as-
semblage (e.g. chlorite and epidote) along with the aforementioned mineral indicate that these rocks subjected to 
retrograded regional metamorphism from medium to low-grade.  

2.3. Quantitative Microfabrics Measurements 
In fact, up to date there is a full agreement on that quantitative petrographic image analysis (PIA) is an efficient 
technique for the numerical description of rock microfabric [10]. However, the correct interpretation of rock 
strength variation is mainly influenced by precise determination of microstructures properties.  

Therefore, in this study, semi-automated petrographic analysis, which is performed by means of standard po-
larizing microscope employing specialized polarized software [18]. The whole process of semi-automatic image 
analysis which consists of the following stages: 

1) Image acquisition refers to the selection of a measured area of the thin section is photographed using a dig-
ital camera attached to the optical microscope. The dimension of each image is 1.15 mm height and 1.4 mm 
length with special resolution 1024 × 768 pixels. A total of 25 - 36 images were captured from each thin section 
and then mosaicked to represent the completely thin section. The average grain size in rock is the controlling 
factor for the size of the analyzed area; at least 200 - 300 grains are measured.  

2) Image digitizing focus on the drawing outlines of grain boundaries and preparation of a map of mineral 
grains from the thin sections, which forms the base for the computer analysis of selected geometrical parameters 
(Figure 2). 

3) Image measurement and the data analysis: The image analysis TIGER 3000P software offers fea-
ture-specific measurement during which each grain is measured independently.  
 

 
Figure 1. Microstructural characteristics of amphibolite rocks, (a) Quartz rich 
medium-grained amphibolite, (b) Xenoblastic hornblende set in medium- 
grained quartz-plagioclase mosaic, (c) Porphyroblasts of quarts and plagio- 
clase and rod-shaped hornblende defines the lineation within the foliation 
plane, (d) Fine-grained epidote amphibolite schist.  
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Figure 2. Grain boundaries and preparation of a map of mineral grains from the thin sections.  

 
The following geometric parameters were evaluated using image analysis: Grain Size (GS), Grain Area (GA), 

Aspect Ratio (AR) and Shape Factor (SF) (Figure 3). Where, Aspect Ratio (AR) represents the ratio between 
the minor and major axis lengths and Shape factor (SF = 4× π × A/LP

2) is a measure of the grain’s deviation 
from circularity, where ideal circle shows a shape parameter 1, objects with elongated or irregular shape show a 
shape factor close to 0 [2]. Due to the high degree of metamorphism and schistose texture of amphibolites, the 
study concerned on more resistant minerals which includes quartz, feldspars and plagioclase grains. Edges that 
do not form closed boundaries are not considered valid and are neglected. 

3. Statistical Analyses on the Experimental Data 
3.1. Basic Descriptive and Correlation Analysis 
In line with the purpose of this study, data obtained from quantitative petrographic analysis and rock uniaxial 
compressive strength were subjected to a series of comprehensive statistical analyses using SPSS V.19.0. Origi-
nal data set consist of eight independent variables including grain size, grain area, shape factor, aspect ratio, and 
quartz and hornblende contents, whereas UCS set as predictive (dependent) variable. The characteristics with 
the most significant influence upon others were considered useful indicators for predicting UCS. The descriptive 
statistics, displayed in Table 1, provide the minimum, maximum, median, means and standard deviations for 
each variables used in the current study.  

In order to visualize relationship between USC and each measured microfabrics characteristics original data 
set was subjected to bivariate correlation and curve fitting analyses (Figure 4). To see whether a trend is suffi-
ciently correlated, Pearson's correlation coefficients (r) were investigated. Results from this linear correlation 
revealed that five of the eight predictive variables were exhibit statistically significant correlations with UCS at 
the 95% confidence level, which include grain size, grain area, shape factor, quartz and hornblende. Grain size is 
the most significant petrographical property affecting rock strength with negative r-value of 0.85 for UCS, 
which being in line with the previous studies by Přikryl [10] and Raisänen [19]. Similarly, strength of rocks 
tested decreases as the grain area increases with r-value of 0.86. Unlike UCS shows positive correlation with 
shape factor (r = 0.75). Other parameters of microfabrics are poorly correlated with UCS, aspect ratio (r = 0.13) 
as well as contents of Feldspar (r = 0.27) and plagioclase (r = 0.30) were weakly related with UCS at 95% safety. 
There found to be moderate correlation between quartz content of these amphibolite rocks and UCS with corre-
lation coefficient of 0.52% at 95% confidence level. Essentially, previous studies about the relationship between 
quartz content and rock strength in sandstone rocks came up with a little pit similar results [20]. They reported 
that quartz shows a weak positive correlation with the strength.  
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Figure 3. Geometric parameters measured by petrographic image analysis.  

 

 
Figure 4. Bivariate linear regression analyses of UCS against the microfabric 
characteristics of amphibolites. correlation coefficient (r): (Quartz = 0.52a; 
Hornblende = 0.69a; Plagioclase = 0.3; K.feldspar = 0.27; Grain Size = 0.85a; 
Grain Area = 0.84a; Aspect Ratior = 0.13; Shape Factorr = 0.75a). aVariable 
has significant relation in 95% confidence level.  
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Table 1. Basic descriptive statistics for the original data set.  

Variables Min Max Mean Median Std. deviation Variance 
Quartz% 26.6 53.0 39.66 39.35 5.34 28.54 

Plagioclase% 4.23 13.00 8.06 7.46 2.58 6.66 
K.feldspar% 8.70 17.01 12.69 12.00 2.45 6.00 

Hornblende% 3.89 30.96 18.00 17.93 7.12 50.71 
Grain Size (mm) 0.017 0.056 0.033 0.032 0.011 0.000 

Grain Area (mm2) 226.9 2462 962.5 1.221 619.3 383558 
Aspect Ratio 0.612 0.685 0.657 0.670 0.024 0.001 
Shape Factor 0.499 0.698 0.618 0.620 0.043 0.002 
UCS (MPa) 78.0 123.0 105.56 106.75 10.70 114.49 

3.2. Development of Simple Regression Models 
To identify the proper regression model different empirical equations were tested to establish bivariate regres-
sion models for UCS using each independent variable. Logarithmic (y = a + lnx), power (y = axb) and exponen-
tial (y = aex) along with the linear (y = ax + b) curve fitting approximations were executed to fit the data. The 
results revealed that linear and exponential curve relations were fitted to the experimental data with higher cor-
relations coefficients (R2) than the other models. When comparing these two functions, linear functions yielded 
correlation coefficients higher than those of exponential functions did. Thus, linear regressions model were pre-
ferred in this study for predicting UCS and will be further employed in multivariate regression analysis.  

3.3. Development of Multivariate Regression Models 
In fact, most of the problems in geology involve complex and interacting forces, which is impossible to isolate 
and study individually [21]. Thus, the multivariate regression (MR) technique is used to construct such complex 
prediction models. An important step in a multiple regression is to ensure that the assumption of no multicolli-
nearity has been met. Since, multicollinearity is a statistical phenomenon in which two or more predictor va-
riables in a multiple regression model are highly correlated. Therefore, MR aimed to make a choice among the 
existing independent variables in order to obtain the most appropriate model equation that clarifies the depen-
dent variable according to the aim of usage [22]. For this purpose, stepwise regression method was applied, 
which usually furnishes indications that suggest further investigations. Multivariable regression function was 
assumed linear based on the results of simple regression analysis. Thus, the equation representing this model can 
be written as the following form: 

0 1 1i 2 2i n kiY X X . Xβ β β β= + + +… +                          (1) 

where Y is the predicted value corresponding to the response, X1, X2, and Xn are the predictors and β1, β2, and βn 
are the regression coefficients of X1, X2, and Xn, The parametr β0 is constant representing the value of y when all 
the independent variables are zero. 

The strategy of the stepwise regression method is to select a subset of variables entirely by statistical criteria. 
The method combines forward selection and backward elimination. In this study, forward method is used. 
However five independent variables have been selected that include grain size, grain area, shape factor, quartz 
and hornblende content. The selection starts with the independent variable that is the best predictor of the de-
pendent variable and checks that the coefficient is significantly different from zero, at the 5% level. The predic-
tor variable that contributes the most to the prediction equation in terms of increasing the multiple’s correlation 
coefficient (R2) is entered first. Therefore, as mentioned above, grain size was the best predictor of UCS and was 
entered first. Then grain area was entered, and neither was removed. By using this stepwise regression, four pre-
diction models that emerged from multiple regression analysis are worth noting: 

Model 1: UCS = 126.405 – 416.308*GS-0.007*GA; R2 = 0.73 
Model 2: UCS = 76.75 – 6160803*GS + 79-643*SF; R2 = 0.78 
Model 3: UCS = 52.214 – 527.77*GS + 80.86*SF + 0.526*Qtz; R2 = 0.84  
Model 4: UCS = 43.1 – 399.08*GS + 78.84*SF + 0.552*Qtz + 0.28*Hb; R2 = 0.86 
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Table 2. Statistical summary and hypothesis tests of the multiple regression models.  

Model R2 
Max Mean 

t Sig. F Sig. 

1 
Constant 

0.73 
14.109 0.000 

37.02 0.000 GS −0.762 0.452 
GA −0.751 0.459 

2 
Constant 

0.78 
3.573 0.001 

48.64 0.000 GS −5.322 0.000 
SF 2.628 0.014 

3 

Constant 

0.84 

2.597 0.015 

46.76 0.000 
GS −50.73 0.000 
SF 3.086 0.005 
Qtz 3.181 0.004 

4 

Constant 

0.86 

2.145 0.042 

37.48 0.000 
GS −3.194 0.004 
SF 3.118 0.005 
Qtz 3.45 0.002 
Hb 1.726 0.097 

4. Results and Discussion 
The statistical summary of the multivariate models are given in Table 2. Under the model summary table, one 
can see that the value of R2 always increases with the inclusion of additional predictor variables. Thus, this sta-
tistic is intended not allow comparison between different sets of data, and may not be useful as indicator for this 
purpose. In fact, the effect of any given explanatory variable depends on which other variables have been in-
cluded in the regression model; this situation indicates multicollinearity in the multivariate regression. Thus, two 
values F ratio and t-ratio tell us respectively whether there is a linear relationship between the response and ex-
planatory variables taken together, and whether any given explanatory variable has an influence on the response 
variable over and above that of the other explanatory variables. From Table 2, it seen that the four models can 
be used for the prediction of UCS as they are statistically significant at 95% confidence limits depending on the 
F test. In despite of F statistic results, when considering the t-test, the study revealed that grain area (GA) and/or 
Hornblende (Hb) variables when included in the model are insignificant at 95% confidence level based on t-test 
due to the multicollinearity problem as shown in model 1 and 4. Similarly, when tested model 2, it seems un-
likely that shape factor SF will be useful predictor of UCS at 95% confidence level, nevertheless, it turns out 
that, in the presence of grain size (GS), it does make an insignificant contribution to predicting UCS (Table 2). 
From this, we can conclude that model 3 is good among these four models for the predicting UCS for the am-
phibolite rocks. However, approximately 84% of the variance of the UCS can be estimated by the linear combi-
nation of grain size, shape factor and quartz content. However, higher value on grain size predict lower value on 
uniaxial compressive strength (the coefficient is negative), but higher scores on the other two variables predict 
higher value on uniaxial compressive strength.  

To assess the model performances, some performance indices ([23]) such as correlation coefficient (r), va-
riance account for (VAF) (Equation (2)) and root mean square error (RMSE) (Equation (3)) were calculated.  

( )
( )

'var
1 100

var

y y
VAF

y

 −
 = − ×
 
 

                               (2) 

( )2'

1

N

i

IRMSE y y
N =

= −∑                                   (3) 

where y and y` are the measured and the predicted values, respectively, N is the number of data and var is the 
variance. 
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Figure 5. Scatterplots of the values predicted by 
multiple linear regression models by those observed for 
UCS.  

 
By adopting the above equations, VAF is 97% and RMSE is 4.16. Accordingly, the high value of VAF and 

low value of RMSE indicating perfect model performs. In addition, scatterplot of the fitted UCS values against 
those observed for the multiple linear regression model is given in Figure 5 with correlation coefficient r = 
0.919 that is statistically significant at 95% level. However, the results clearly indicate that the proposed multi-
variate regression model is observed to be quite accurate in predicting the UCS in the experimental data set, 
which may serve microfabrics characterization approach to be widely used in geological engineering applica-
tions. 

5. Conclusions 
This study was established to formulate uniaxial compressive strength of selected banded amphibolite rocks as a 
function of microfabrics properties using multivariate regression based model. For this purpose, data obtained 
from quantitative petrographic analysis and rock uniaxial compressive strength (UCS) were subjected to a series 
of comprehensive statistical analyses using SPSS software version 19.0. Based on statistical analysis, more in-
fluential microfabrics parameters that affect the UCS more the other do have been selected to predict UCS, 
which include grain size, shape factor and quartz content, which may use as predictor parameters in the absence 
of adequate geological information or abundant data, especially in anisotropic rocks of the same geological cha-
racteristics. The following linear multiple regression model is obtained with high prediction performances (R = 
0.919, VAF = 97%, RMSE = 4.16)  

UCS=52.214-527.77*GS+80.86*SF+0.526*Qtz  

Contrary to previous UCS models from textural characteristics, which they use less effective input parameters, 
this study employ a relatively smaller number of variables but more influential ones, which adequately represent 
the UCS of a given rock type. Further research is necessary to improve the reliability of the concluded equations 
on the amphibolite rocks. 
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