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Abstract. The study used fractal analysis and remote sensing technique to analyze and describe 

the temporal variation of an agricultural area. The satellite images (10 images) were achieved in the Rapid 

Eye system (RGB - 321, False Color - 532), between 28.03 - 31.10 2017. The study was carried out over a 

total time interval (T) of 218 days, with several partial intervals between the moments of the satellite images 

acquisition (t), that varied between 10 and 49 days. The fractal analysis was performed on the binarized 

images, using the box-counting method. Fractal dimensions (D) were obtained in conditions of statistical 

accuracy (R2 for D=0.999). Fractal dimensions had values ranging between D=1.735 (trial 9, data 29.09) 

and D=1.810 (trial 1, data 28.03). ANOVA test, single factor, highlighted the existence of variance in the 

experimental data set and statistical accuracy of the data (F>Fcrit, p<<0.001), under conditions of 

Alpha=0.001.  There were identified very high negative correlations between D and T (r=-0.942). The 

variation of the fractal dimension (D) with respect to T has been accurately described by a polynomial 

model of degree 2, under conditions of R=0.951, p<<0.001, and by a model of smoothing spline, under 

conditions of statistical certainty ( 001289.0 ). In the framework of PCA analysis, PC1 has explained 

87.845% of variance, and PC2 has explained 10.688% of variance. Cluster analysis, based on fractal 

dimensions (D), led to the grouping of the studied cases, associated with the ten moments of time, according 

to the Euclidean distances, under statistical accuracy conditions (Coph.corr=0.895). Variants were found 

to be grouped into two distinct clusters. With a high degree of affinity, variants were associated as follows, 

4 with 5 (sample data 28.06, 08.07), subcluster C1, variants 7 with 8 (sample data 19.08, 10.09) and 

variants 9 with 10 (sample data 29.09, 31.10), subcluster C2, respectively variants 2 with 3 (sample data 

15.05, 03.06), subcluster C3. Estimating a moment in time T depending on the values of the fractal 

dimensions (D) was possible on the basis of a model expressed by a polynomial equation of 3rd degree, 

under conditions of statistical accuracy R2=0.947, p=0.00031. 
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INTRODUCTION 
The temporal variation of land areas, land cover and agricultural crops has been 

extensively studied in relation to different natural or anthropogenic factors (HERBEI and SALA, 

2015; CUI et al., 2016; YIN et al., 2018; REYES and ELIAS, 2019). 

In order to increase the accuracy of work in the momentary or dynamic evaluation of 

crops or other areas studied, studies have been carried out on the processing and analysis of 

satellite images and the evaluation of interdependence relations between spectral information 

and specific indices (UPADHYAY et al., 2012;  HERBEI and Sala, 2014; HERBEI et al., 2015a; AL-

SADDIK et al., 2019). Studies have also been carried out regarding the analysis and classification 

of agricultural crops by crop types, vegetation status, vegetation indices, health conditions, stress, 

production, etc. (HERBEI et al., 2015b; AVOLA et al., 2019; YEOM et al., 2019; KOBAYASHI et al., 

2020). 

Related to these studies on the temporal spatial variability of agricultural crops (BANIYA 

et al., 2019; RIO-MENA et al., 2020) several researches are justified and carried out regarding the 

optimization of some inputs, as production factors influencing the spatial-temporal variation of 

agricultural crops (SU et al., 2018; XU et al., 2019). Thus, several researches have highlighted 
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the influence of fertilization in crop variability expressed by physiological indices (DATCU and 

SALA, 2018a), productivity elements (RAWASHDEH and SALA, 2014, 2016; DATCU et al., 2019), 

productions and quality indices of different crop species  (DOBREI et al., 2010; RAWASHDEH and 

SALA, 2015; DATCU and SALA, 2018b). A series of other production factors, such as biological 

material, irrigation water, agricultural technique, etc. were analyzed in relation to the temporal 

and spatial variation of agricultural crops (MALI and SINGH, 2015; CALERA et al., 2017; MASINO 

et al., 2018). 

Also justified and very important are the studies of optimization of inputs in the 

agricultural production process (BANSOD et al., 2013; SALA et al., 2015; SHAH and WU, 2019). 

Knowledge of such aspects may explain certain trends in temporal and spatial variation of 

agricultural areas (WONG and ASSENG, 2006; FILHO et al., 2010; CHEN et al., 2011). The punctual 

evaluation of these aspects, in relation to the spatial-temporal variation, can explain certain 

aspects in the dynamics of agricultural crops and productions and can also offer solutions for 

optimization of inputs (KNAPP and VAN DER HEIJDEN, 2018; MAESTRINI and BASSO, 2018). 

Imaging methods for assessing spatial and temporal variability have high efficiency as 

a result of being adaptable from small surfaces to large areas, at different times frames, allow 

real-time analysis, but also retrospective analysis (post factum) or predictive analyses, facilitate 

the creation of models, allow implementation in IT technologies, promote digitization in 

agriculture, have affordable costs (ALI et al., 2019; KAYAD et al., 2019). In this context, fractal 

analysis provides a number of study facilities and also high accuracy in assessing fractal 

geometry in the dynamics of terrestrial or agricultural areas, which recommends it as a method 

and study tool (EGHBALL et al., 1999; VIDAL-VÁZQUEZ et al., 2012). 

This study analyzed and evaluated the temporal variability of an agricultural area 

through fractal analysis of satellite images. 

 

MATERIAL AND METHODS 

The study used fractal analysis to assess and describe the temporal variation of an 

agricultural area. 

The perimeter studied lies within the Western Plain, with the location within SD 

Timisoara. The studied variation of fractal geometry was captured in satellite images of the 

agricultural area studied, between 28 March and 31 October 2017. The total study interval (T) 

was 218 days, with several partial time intervals (t), given by the moments of satellite image 

collection, and which ranged from 10 to 49 days.  

 The Rapid Eye satellite system was used to retrieve satellite images (RGB-321, False 

Color-532). 10 satellite images were taken at set times within the study range. 

Fractal analysis was performed on binary images, the source images being obtained 

from the combination NIR-Red-Green, figure 1. The box-counting method was used for fractal 

analysis (VOSS, 1985), relations (1), (2), (3), (RASBAND et al., 1997). 
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where: D – fractal dimension; m – slope to regression line, in eq. (3); F – number of new part; ε – scale applied 
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where: m – slope of regression line; S – log of scale or size; C – log of count; n – number of size 
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Figure 1. Images in false colors during the study period, SD Timisoara, used in fractal analysis 

 
For the analysis and evaluation of the temporal variability of the agricultural area in the 

study, the fractal dimension (D) was used in relation to the total time (T) and the partial time (t) 

at which the study was reported. Also, a comparative analysis was done of the variation in 

fractional dimensions D with the data communicated by the HERBEI et al. (2018) for indices 

NDVI (ROUSE et al., 1974), SAVI (HUETE, 1988), PSRI (MERZLYAK et al., 1999), respectively 

band REG EDGE. 

The ANOVA test was used to assess variance and statistical accuracy in the 

experimental dataset. Correlation analysis, regression, cluster analysis and PCA analysis e used 

to assess the interdependence of the evaluated parameters (HAMMER et al., 2001). The accuracy 

of the results was assessed on the basis of specific statistical accuracy coefficients and parameters 

(r, R2, p,  , Coph.corr). 
 

RESULTS AND DISCUSSIONS 

The images studied were analyzed by the box-counting method for the evaluation of 

fractal geometry and resulted in fractal dimensions (D). The images showed an equal initial 

resolution, with a total number of pixels (TP) 846423. At the same time, the binarized images, 

used in fractal analysis, showed a variable number of foreground pixels (FP), with values ranging 

between FP=179797 (trial 5) and FP=284800 (trial 3). Fractal dimension values (D) ranged from 

D=1.735 (trial 9) and D=1.810 (trial 1), Table 1. The ANOVA test confirmed statistical accuracy 

and the presence of variance in the experimental data set (F>Fcrit, p<<0.001), Table 2. 

To analyze and describe the temporal variation of the agricultural area studied based on 

fractal geometry, the level of correlation of fractal dimensions (D) was analyzed with the time 

factor (T) on which the study was conducted. A very high negative correlation was found 

between D and T (r=-0.942), and the variation in fractional dimension D in relation to the time 

factor (T) was described by both a 2nd degree polynomial model , under conditions of R2=0.951, 
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p<<0.001, as well as a smoothing spline model, under conditions of statistical accuracy (

001289.0 ), relation (4). The values of the smoothing spline model are shown in Table 3, and 

the graphical distribution of D values in relation to time (T) is presented in figure 2. 
Table 1  

Experimental data on fractal dimension during the study period and image properties 

Trial Data 
Time interval Fractal dimension Foreground 

Pixels 
Total Pixels 

t T D R2 for D 

1 28 03 0 0 1.810 0.999 258804 

846423 

2 15 05 49 49 1.796 0.999 275359 

3 03 06 19 68 1.783 0.999 284800 

4 28 06 25 93 1.757 0.998 232481 

5 08 07 10 103 1.758 0.999 179797 

6 04 08 27 130 1.749 0.999 218163 

7 19 08 15 145 1.739 0.999 187282 

8 10 09 22 167 1.740 0.999 211138 

9 29 09 19 186 1.735 0.998 210204 

10 31 10 32 218 1.737 0.999 199711 

 

Table 2 

ANOVA test, single factor 

Source of Variation SS df MS F P-value F crit 

Between Groups 4.33E+11 6 7.22E+10 383.0568 1.37E-47 4.33953 

Within Groups 1.19E+10 63 1.89E+08    

Total 4.45E+11 69     

Alpha=0.001 
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Table 3 

Statistical data for the Spline model 

Trial xi 
D values and parameters in relation to T 

yi ysi ɛi Ii/1 

1 0 1.81 1.8112 0.000663 1 

2 49 1.796 1.7931 0.001617 0.990007 

3 68 1.783 1.7807 0.001292 0.98316 

4 93 1.757 1.7629 0.003347 0.973333 

5 103 1.758 1.7572 0.000455 0.970186 

6 130 1.749 1.7463 0.001546 0.964167 

7 145 1.739 1.7419 0.001665 0.961738 

8 167 1.74 1.7381 0.001093 0.95964 

9 186 1.735 1.7363 0.000749 0.958646 

10 218 1.737 1.7362 0.000461 0.958591 

 
001289.0  
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Figure 2. Graphic distribution of values D in relation to T, according to spline model  

 

PCA analyses led to the diagram shown in the figure 3, where PC1 has explained 

87.845% of the variance, and PC2 has explained 10.688% of the variance. 

 

 
Figure 3. Diagram PCA, distribution of study variants 
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Cluster analysis led the grouping of variants according to fractal size (D) based on 

affinity and resulted in the diagram in figure 4, under conditions of high statistical accuracy 

(Coph.corr.=0.895). Resulted were two distinct clusters with several subclusters each. High 

affinity was found in variants 4 with 5, then 7 with 8, and respectively 9 with 10. 

 

 
 

Figure 4. Cluster grouping based on Euclidean distances, in relation to fractal dimensions (D)  

  

Estimation of a time moment (T), characterized specifically by fractal geometry, 

according to fractal dimension values (D) was possible on the basis of a model in the form of a 

3rd degree polynomial equation, relation (5), under conditions of R2=0.947, p=0.00031, with the 

graphic distribution in figure 5. 

 

 06E781.6D07E145.1D06E444.6D1.209E06-  T 23     (5) 

 

The values of the fractal dimensions D recorded a different variation in relation to the 

time moments (t) when the determinations were made, respectively in relation to the total time 

interval (T) studied. Thus, a rate of change in D values in relation to time (day) was found as 

lower at the beginning of the study interval (D/day=0.037) for trial 1 (shown on 15.05, compared 

to the previous determination, 28.03), and the higher rate of change for trial 5 (D/day=0.176), 

registered on 08.07 compared to the previous moment 28.06. This change was associated with 

the harvesting of some crops during that period (wheat), having impact in the manifestation of 

the fractal geometry on the studied area. 
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Figure 5. Graphic distribution of values T according to the fractal dimension (D) 

 

Analysis of the distribution of fractal dimensions (D) in relation to vegetation indices 

NDVI, SAVI, PSRI, respectively with band RED EGDE communicated by HERBEI et al (2018) 

for that area, revealed the existence of high positive correlations between D and NDVI (r=0.851), 

between D and SAVI (r=0.848), and medium negative correlations between NDVI and T (r=-

0.745), respectively between SAVI and T (r=-0.741). No correlations were recorded between the 

fractal dimension D and index PSRI, respectively between D and RED EDGE. In relation to the 

time factor (T), both vegetation indices (NDVI and SAVI), as well as fractal dimension (D) 

recorded a negative variation. HERBEI et al. (2018) described the variation of the vegetation 

indices NDVI, SAVI, PSRI and respectively of the spectral band RED EDGE in relation to the 

time factor using a smoothing spline model, under conditions of statistical accuracy ( 064.0  

for NDVI, 067.0  for SAVI, 133.0  for PSRI, and respectively 012.0  for RED EDGE).  

According to HERBEI et al. (2018), the vegetation indices NDVI and SAVI expressed a 

sinusoidal variation in the vegetation status in the area studied in relation to the time factor, and 

index PSRI and band RED EDGE captured a variation with variable distribution over the range 

of time studied. 

EGHBAL et al. (2000) used fractal analysis to assess spatial and temporal variability 

within a soybean crop in relation to mineral and organic fertilization and concluded that fractal 

analysis, by fractal dimension (D) and covariance were useful in comparative analysis of 

treatments and in crop management systems. 

LA et al. (2009) assessed by fractal analysis the temporal and spatial variability of CO2 

emission in the case of a wheat crop, with a variation in D values between 2 and 2.88, correlated 

with recorded CO2 emissions.  

Fractal analysis was used to assess the spatial-temporal variation of soil moisture, and 

the fractal dimension (D) was better than other indicators (nugget/sill ratio) in the description of 
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the temporal variation of soil moisture for the specifics of the studied area, with practical 

implications in the management of water resources for agriculture (LIAO et al., 2017). 

Favorable results in the use of fractal analysis were communicated by WILLIAMS et al. 

(2019) in a study evaluating the spatial-temporal variation of the complex and dynamic geometry 

of the dry land alluvial rivers. 

Based on the fractal analysis, the present study evaluated the temporal variation of an 

agricultural area and provided a model of description of this aspect in relation to the time factor 

(T), under conditions of statistical accuracy. 

 

CONCLUSIONS 
The temporal variation of the agricultural area studied, given by agricultural crops and 

spontaneous vegetation, was highlighted by the analysis of the spectrally captured fractal 

geometry in the satellite images. 

The dynamics of D values in relation to the time factor (T) were described by a 2nd 

degree polynomial model as well as a spline smoothing model, under conditions of statistical 

accuracy. 

High correlation levels have been identified between fractal dimension D and specific 

vegetation indices. 
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