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 گزارش دومین همایش بین المللی علم اطالعات جغرافیایی: بنیادها و کاربردهای بین رشته ای

ای به مناسبت رشته بین کاربردهای و (: بنیادهاGIScienceجغرافیایی ) اطالعات علم المللی بین همایش دومین

 شرق ، برای ششمین بار در(GIS) جغرافیایی اطالعات سیستم جهانی جهانی هفته آگاهی جغرافیایی و روز بزرگداشت

 سیستم و دور از سنجش به صورت حضوری و مجازی برگزار شد. یکی از دالیل برگزاری این همایش تاسیس رشته کشور

 پس مهم است که این مشهد فردوسی دانشگاه جغرافیای گروه در ارشد کارشناسی مقطع در( GIS) جغرافیایی اطالعات

 گردیده محقق 1372 سال در مدرس تربیت دانشگاه در GIS و دور از سنجش دانشجویان پذیرش اولین از سال 28 از

 .است

با  جامعه در آن از استفاده و GIS و دور از سنجش علم مزایای درک و کشف برای فرصتی ایجاد منظور این همایش به 

ایران، شرکت آب منطقه ای خراسان رضوی و بسیاری از  GISهمکاری دانشگاه فردوسی مشهد، انجمن سنجش از دور و 

 گردید:  ذیل برگزار جنبی اهداف با دانشگاه ها و مراکز پژوهشی و اجرایی ملی و بین المللی

 مقاالت قالب در مرتبط های زمینه در علمی و فنی جدید دستاوردهای ها، ایده آخرین ارائه. 

 در ضعف و قدرت نقاط شناسایی GIS&RS کشور در فعال های مجموعه 

 زمینه  در مختلف های بخش در نیازها شناسایی GIS&RS 

 وضعیت از...  و نهادها /سازمانها /ادارات آتی های برنامه و اقدامات گزارش ارائه GIS&RS مربوطه مجموعه در 

 زمینه در برتر مجموعه از تقدیر و شناسایی GIS&RS جاری سال در کشور و استان در 

 دانشگاهی جامعه و متخصصین ،دولتی و خصوصی ها مجموعه مابین فی دستاوردها و اطالعات تبادل. 

 و کارها و کسب اندازی به توجه به فرصت های داخل کشور و راه دانشگاهی التحصیالن فارغ و جوانان تشویق 

 مکانی های داده مبنای بر هایاستارتاپ

فنی سخنرانانی از ایران و از کشورهای خارجی شامل -در این دوره برای اولین بار به منظور تبادل نظرات و تجربیات علمی

دانشمندان ایرانی مقیم خارج از کشور و دانشمندان بین المللی به بحث و تبادل نظر پرداختند. برای مثال پروفسور دوکر 

( و فعالیت های آن پرداخت تا این IGUاتحادیه بین المللی جغرافیا ) GIScienceاز کشور ترکیه به معرفی کمسیون 

پروفسور فرناندز از اسپانیا نیز طی سخنرانی خود به کمسیون و فعالیت های آن برای جامعه علمی بیشتر معرفی شود. 

هستند  GISبر هواشناسی و خدمات اقلیمی مرتبط با بهداشت و سالمت که مبتنی -معرفی زیرساختهای داده زیست

پرداخت. به منظور آشنایی و معرفی فعالیت های مرتبط در کشور استرالیا، ارتباط خوبی با محققین و دانشمندان فعال در 

این زمینه در آن کشور برقرار گردید و سرکار خانم دکتر شارن کاظمی و جناب آقای دکتر علی فرقانی در قالب پنل 

در مدیریت یکپارچه منابع آب در مقیاس حوضه آبریز ، به ارائه  GISر و تخصصی آب و کاربردهای سنجش از دو

دستاوردهای کشور استرالیا در بهره برداری از این علم نافع در مدیریت منابع آب پرداختند. این پنل با همراهی و سخنرانی 

ناب آقای محمود ارجمند جناب آقای دکتر گل محمدی رئیس گروه نوآوری، مدلسازی و تحلیل داده های آب کشور، ج

شریف مدیر محترم مطالعات پایه منابع آب شرکت آب منطقه ای خراسان رضوی، جناب آقای دکتر بختیار فیضی زاده 
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جناب آقای دکتر امیر سعید همایی نژآد فعالیت های عضو هیئت علمی دانشگاه تبریز و محقق دانشگاه هامبولت برلین بود. 

( در استرالیا را گزارش نمودند و جناب آقای دکتر محمدرضا ملک GISاطالعات جغرافیایی )های مبتنی بر سیستم پروژه

( Noosphereعضو هیئت علمی دانشگاه خواجه نصیرالدین طوسی در باب آینده اطالعات مکانی در مسیر خردکره )

 یسند راهبرد نیتدو "ان تحت عنوان همچنین با سخنرانی جناب آقای دکتر یاسر ابراهیمیسخنرانی جالبی را ارائه نمودند . 

زمینه برای معرفی فرآیندها و  "ییایبر اطالعات جغراف یمبتن تحول جادیبر ا یسرآغاز ک،یژئومات یها یتوسعه فناور یمل

فعالیت های معاونت علمی و فناوری ریاست جمهوری  برای متخصصین فعال، شرکت های دانش بنیان و فعالین بخش 

 خصوصی فراهم گردید. 

در این همایش تالش شد تا ضمن ارائه دستاوردهای نوین علمی، مقاالت و پژوهش های مرتبط با موضوعات روز کشور  

پوشش داده شود که از جمله آنها می توان به موضوعات مختلف جغرافیایی و بین رشته ای همچون پایش و مدیریت نیز 

بهینه منابع آب، بخش های منابع طبیعی و کشاورزی و خاک، تغییرات کاربری اراضی و بیابان زایی، بهداشت و سالمت، 

دهای آنها و به صورت کلی تمام زمینه های فعالیت در کشور که پاندمی کرونا، مسائل شهری و روستایی و پهپادها و کاربر

 می توانند حامی تصمیم گیری های درست باشند اشاره شد. GISسنجش از دور و 

ایران همایش امسال در  GISباتوجه به سابقه چندین ساله این همایش و برگزاری مشترک آن با انجمن سنجش از دور و 

مقاله  110ی گذشته بود. خوشبختانه علی رغم شرایط ناشی از پاندمی کرونا، بیش از مسیر پیشرفت نسبت به سال ها

توسط بخش های مختلف جامعه علمی کشور برای این همایش یک روزه ارسال گردید. که از بین مقاالت ارسال شده 

سالن آنالین همایش انتخاب درصد مقاالت برای ارائه شفاهی در دو 40خوشبختانه تعداد مقاالت ضعیف بسیار اندک بود و 

 گردید و مابقی به صورت پوستر ارائه شدند. 

 GISاز مساعدت، همکاری و حمایت های بی دریغ ریاست محترم انجمن سنجش از دور و در این جا الزم است از 

تر محمد ایران جناب آقای دکتر علی اکبر متکان، هیئت رئیسه محترم دانشگاه فردوسی مشهد به ویژه جناب آقای دک

کافی، جناب آقای دکتر حسین انصاری، جناب آقای دکتر احسان قبول، مجموعه مدیریت پژوهشی دانشگاه فردوسی مشهد، 

اعضای محترم جناب آقای دکتر حسین عقیقی، دبیر اجرایی همایش، اساتید گروه جغرافیا و بیابان دانشگاه فردوسی مشهد، 

رافیای دانشگاه فردوسی کمیته علمی و داوران، دانشجویان گرامی و پرتالش گروه جغرافیا و انجمن علمی دانشجویی جغ

مشهد، حامیان گرامی برگزاری همایش از جمله: شرکت آب منطقه ای خراسان رضوی، شرکت مدیریت منابع آب ایران، 

ستاد توسعه فناوری های فضایی و حمل و نقل پیشرفته ریاست جمهوری، شهرداری و شورای شهر مشهد مقدس، سازمان 

شک بدون حمایت های آنها برگزاری ای اطالع رسانی علوم و فناوری و ... که بی جغرافیایی نیروهای مسلح، مرکز منطقه

اند و مجال تشکر از یکایک آنها در این این همایش ممکن نبود و همه بزرگوارانی که ما را در برگزاری همایش یاری نموده

ایشان در عرصه های علمی و اجرایی کشور مختصر فراهم نیست، صمیمانه سپاسگزاریم و از خداوند منان توفیق روز افزون 

 عزیزمان ایران را آرزومندیم.

 دبیر علمی همایش

 دکتر مسعود مینایی
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 اعضا محترم کمیته علمی و داوران

 ایران GISبهشتی، رئیس انجمن سنجش از دور و  شهید عضو هیات علمی دانشگاه متکان: اکبر علی دکتر

 تهران علمی دانشگاهعضو هیات  پناه: علوی کاظم سید دکتر
 بهشتی شهید عضو هیات علمی دانشگاه: تالی قهرودی منیژه دکتر
 مشهد فردوسی عضو هیات علمی دانشگاه: مینائی مسعود دکتر
 بهشتی شهید دانشگاه عضو هیات علمی:عقیقی حسین دکتر
 طوسی نصیرالدین خواجه صنعتی عضو هیات علمی دانشگاه محمدی: علی عباس دکتر

 تبریز عضو هیات علمی دانشگاه کامران: ولیزاده خلیل دکتر 
 تهران دانشگاه عضو هیات علمی فرد: عرفانی یوسف سید دکتر
 تهران عضو هیات علمی دانشگاه عطارچی: سارا دکتر
 تهران عضو هیات علمی دانشگاه ماراالن: سراجیان محمدرضا دکتر
  تهران دانشگاه عضو هیات علمی بلورانی: درویشی علی دکتر

 تهران عضو هیات علمی دانشگاه تومانیان: آرا دکتر
 خوارزمی دانشگاه عضو هیات علمی: فیروزآبادی ضیائیان پرویز دکتر
 بهشتی شهید عضو هیات علمی دانشگاه شکیبا: علیرضا دکتر
 بهشتی شهید عضو هیات علمی دانشگاه عاشورلو: داود دکتر
 بهشتی شهید دانشگاهعضو هیات علمی  آزادبخت: محسن دکتر
 بهشتی شهید دانشگاه عضو هیات علمی میرباقری: بابک دکتر

 عضو هیات علمی دانشگاه شهید بهشتی دکتر علی اکبر عنابستانی:

  مدرس تربیت دانشگاه عضو هیات علمی کیا: شریفی محمد دکتر

 مدرس تربیت عضو هیات علمی دانشگاه :کرمی جالل دکتر
 مدرس تربیت دانشگاه عضو هیات علمی:الدینی شمس علی دکتر
 جو علوم و هواشناسی پژوهشکده عضو هیات علمی :رهنما مهدی دکتر
 گرگان طبیعی منابع و کشاورزی علوم عضو هیات علمی دانشگاه جویباری: شتایی شعبان دکتر

 ساری طبیعی منابع و کشاورزی علوم عضو هیات علمی دانشگاه دکتر کریم سلیمانی:

 بابل نوشیروانی صنعتی دانشگاه عضو هیات علمی :قاجاری ابراهیمیان یاسر دکتر
 مازندران طبیعی منابع و کشاورزی علوم دانشگاه عضو هیات علمیدکتر محسن مصطفی : 
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 گرگان طبیعی منابع و کشاورزی علوم دانشگاه عضو هیات علمی :دکتر غالمحسین عبداله زاده
 مشهد فردوسی دانشگاهعضو هیات علمی  :راشکی علیرضا دکتر
 مشهد فردوسی عضو هیات علمی دانشگاه :اکبری مرتضی دکتر

 مشهد فردوسی عضو هیات علمی دانشگاه دکتر فرشته مدرسی:

 مشهد فردوسی عضو هیات علمی دانشگاه دکتر سعید جاهدی پور:

 مشهد فردوسی عضو هیات علمی دانشگاه دکتر مهدی دوست پرست:
 مشهد فردوسی عضو هیات علمی دانشگاه :دکتر مصطفی امیرفخریان

 گیالن عضو هیات علمی دانشگاه: داودی محمود دکتر

 University of South Australiaعضو هیات علمیاسترالیا،  :فرقانی علی دکتر
 Murray-Darling Basin Authority, Canberra عضو هیات علمیاسترالیا،  :کاظمی شرن دکتر

 Sakarya University ترکیه، عضو هیات علمی: دکتر مهمت فاتح دوکر

  Chongqing University of Telecommunication and Posts چین، عضو هیات علمی دکتر تینگ تینگ ژو:
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Abstract 

In order to assess the vegetation changes trend of Sistan plain located in the eastern part of 

Iran, NDVI products from MODIS sensor on Terra satellite (MOD13A3) at 1 km spatial 

resolution were used over a 15-year period (2000-2014) for three months of April, May and 

June. After obtaining images from the land processes distributed active archive center, all 45 

images downloaded for the studied area were mosaicked and geo-referenced to the Universal 

Transverse Mercator projection system by nearest-neighbor resampling method. In the next 

step, the images were converted into an ASCII format. By doing this, the total number of pixels 

within the studied area was 30080 pixels. Finally, the vegetation change trend was evaluated 

using Sen’s slope estimator nonparametric method for three-month of study and on a pixel 

scale. The results of this research showed that the highest increasing changes trend in NDVI 

was observed in the northwest of the plain, and the highest decreasing changes trend in NDVI 

was observed in the east and center of the plain. In addition, according to the results of this 

study, the use of Sen’s slope estimator nonparametric method in the studies of vegetation 

coverage variation trend in arid regions resulting from NDVI products from MODIS sensor 

can be very efficient and useful.  

Keywords: NDVI, MODIS Sensor, Trend, Sistan Plain, Sen’s Slope Estimator, Iran 
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1. INTRODUCTION 
 

A time series is simply a set of observations measured at successive points in time or over successive 

periods of time. Various time series analysis techniques are capable of extracting multiple overt and covert 

data used to identify the nature of the phenomenon concerned (Chandler and Scott, 2011).  Time series 

analysis methods are used in two different domains: frequency and time. The variability of phenomena in 

the time domain in triple time periods reveals their oscillations, fluctuation and trends (Daneshmand and 

Mahmoudi, 2017). Meanwhile, the trend represents a general systematic linear or a nonlinear component 

that changes over time and does not repeat, or, at least, does not repeat within the time range.  

Trend in time series of vegetation coverage data typically encompass gradual changes, although they may 

also occur abruptly or develop slowly over time. Gradual changes mainly reflect long-term changes in other 

factors, such as land management, land erosion and climate changes (Goetz et al., 2005). Whereas 

abrupt changes are normally caused by disturbances such as fire, flood, urbanization, insect attack, or 

drought (Scheffer et al., 2001; Lenton, 2013). These changes can be analyzed by investigating the 

normalized difference vegetation index (NDVI) time series.  Normalized vegetation difference index 

(NDVI) is an indirect measure of photosynthetic activity.  This index ranges from 0, the minimum, to 1, 

the maximum. The Normalized Vegetation Difference Index (NDVI) is defined as follows: 

 

(1) NDVI =
NIR−RED
NIR+RED

 

Normalized Vegetation Difference Index uses a fundamental principle, namely, surfaces with vegetation, 

red wavelength (RED) and near infrared (NIR) are characterized by high absorption and low reflection, 

respectively (Chen et al., 2003; Groeneveld and Baugh, 2007). The chlorophyll reflectance in the red 

wavelength range (RED) is about 20% and 60% in the near-infrared wavelength (NIR) and the difference 

between the responses of both bands allows quantifying the energy absorbed by chlorophyll, which thus 

represent different levels of vegetation cover (Tucker and Sellers, 1986). 

 A review of NDVI time series on an annual scale can provide for us a comprehensive and integrated view 

of photosynthetic activities in one area; while on a seasonal scale, this survey is able to separate 

compositions of evergreen and deciduous vegetation from each other and determine the length of the 

growing season for us. Furthermore, the review of the trend in time series of normalized difference 

vegetation index (NDVI) can help to identify recent changes in ecosystems on a local and global scale as 

well (Matias et al., 2013). 

  Many researchers have emphasized the efficiency of NDVI index and statistical models in assessing the 

trend of global plant phenology changes (Eklundh and Jönsson, 2003; Olsson et al., 2005; Verbesselt et al., 

2006; Beck et al., 2006; Olofsson et al, 2007; Jamali, 2014; Jin and Eklundh, 2014 ). Using MODIS sensor 

on the Terra satellite, Jamali (2014) evaluated the trend of vegetation cover variations in the Sahel area of 

Africa using Mann-Kendall statistical and ordinary least-squares regression methods (OLS). The result of 

this study indicates that the least squares regression statistical method (OLS) gives us a better result than 

the Mann-Kendall method. It was also shown that the estimation of the NDVI time series depends to a great 

extent on the source of satellite data, resolution, and statistical methods used. In addition, in a study on the 

vegetation cover trend of two Fennoscandia and Kola Peninsula islands during the statistical period of 

2000-2005, Beck et al. (2006) reached a good agreement between the statistical models used and 

demonstrated that statistical methods are suitable tools for examining vegetation trends and verification 

with field visit.  

In their monitoring the trend changes in three wetlands of Hamoun and land cover of  surrounding area  in 

a 38-year period (1977-2014) using satellite remote sensing products,  Shakeryari et al. (2016) came to the 

conclusion that the changes made in the three wetlands of Hamoun were negative in the first (1977-1988) 

and the second periods (1988-1988), but in the third period (2000-214), the changes were made with a 

positive slope towards the restoration of wetlands. 
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  In general, however, the changes trend in the three wetlands of Hamoun has been toward loss of wetlands 

in the studied periods. Land cover changes around the lake also indicate that the land area belonging to the 

classes of canebrake and barren lands and saline soils has been decreasing and the vegetation class has been 

increasing.  

According to the results of above-mentioned studies, it can be said that the assessment of vegetation 

variations in different parts of the world has always been an issue of concern for many researchers, 

especially remote sensing and environmental researchers. To evaluate this trend, they utilized various 

satellite images and mathematical and statistical techniques and methods. By taking into consideration all 

previous studies, this study intends to investigate the changes in vegetation trends in one of the dry and 

hyper-arid plains of the world called Sistan plain in eastern part of Iran as a case study using MODIS sensor 

on a Terra satellite and introduces a new scientific framework based on two remote sensing and statistics 

knowledge. Therefore, in what follows, after the introduction of the study area, the methodology will be 

fully presented and, finally, the results will be presented in two discussion and conclusion sections. 

 

2. LOCATION OF THE STUDY AREA 

 

The Sistan Delta in Iran is located at the end of a closed basin named Hilmand. The entire contributing 

basin is about 200,000 km2 and is largely located in Afghanistan. The Iranian part, the delta plain (ca. 2500 

km2) and part of the surrounding wetlands system (ca. 5000 km2), covers less than 5% of the total basin 

area. The river system discharges into an inland depression which, when sufficient water is available, forms 

the Hamoun Lakes. These lakes are one of the main and most valuable aquatic ecosystems in Iran and are 

registered wetlands in the UNESCO world network of biosphere reserves (WNBR) and in the convention 

on wetlands of international importance (Ramsar convention). A unique feature of the lakes is that they are 

fresh, despite that they are seemingly at the end of a closed basin. Actually they are not the end. During 

periods of very high flows the lakes spill into the Shile River and to the Goud-e-Zereh. This ‘flushing’ 

happens on average each 8-11 years. The Goud-e-Zereh is the real terminal lake of the basin and is very 

saline (Van Beek and Meijer, 2006).  

The Sistan inland delta has a population of some 400,000 people. The economy is strongly dependent on 

agriculture (irrigated and non-irrigated) and the goods and services provided by the wetlands. The irrigation 

system of about 120,000 ha has recently been rehabilitated. Three reservoirs (Chahnimeh) have been 

constructed for public water supply with a fourth reservoir under preparation. The inflowing rivers from 

Afghanistan support the irrigated agriculture in the Sistan delta but are also the source for the lake system 

around the delta (Van Beek and Meijer, 2006).  

 According to Köppen climate classification, this region has a very warm and dry desert climate. The 

average annual rainfall in this plain is very low (between 50 and 55 mm), 7% of the average annual 

precipitation in the world.  Its annual evaporation rate is very high and about 4800 mm. The average 

maximum temperature is 34.5 degrees Celsius and the average minimum temperature is 8.5 degrees 

Celsius. 

 The most important weather characteristic of the region  a northerly wind, known as the "wind of 120 

days", blows during the summer months from Juneto September and  the direction of the wind is from 

northwest to southeast and the maximum speed of these winds is 100 kilometers per hour. 
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Figure 1. Geographical location of Sistan plain, Iran 

 

3. MATERIALS AND METHODS  

 

In order to assess the vegetation coverage change trend of Sistan plain over a 15-year period (2000-2014) 

NDVI products from MODIS sensor on Terra satellite (MOD13A3) were used in this study. These data 

can be extracted from the land processes distributed active archive center. The NDVI was calculated from 

the MODIS surface reflectance of the red band (610–680 nm) and near infrared band (780–890 nm), which 

were corrected with molecular scattering, ozone absorption, and aerosols. This 1000-m spatial resolution 

NDVI dataset has a temporal resolution of 16 days (Olofsson et al., 2007; Hao et al., 2012). According to 

local land cover and climatic characteristics, a 45 series of MODIS NDVI images for a 15-years period 

starting from 2000 to 2014 and for the three months of April, May and June, the maximum vegetation cover 

in the study area, were ordered from the EOS data gateway website. Then, all of them were mosaicked and 

geo-referenced to the Universal Transverse Mercator projection system by nearest-neighbor resampling 

method (Stefanov and Netzband, 2005; Hao et al., 2012). 

 The next step will be to create a database of images, how to extract and adjust the data. At first, 45 images 

were individually downloaded, converted and saved in ASCII format. According to spatial resolution of 1 

from 1 km per image, the total number of pixels per image within the boundaries of the study area was 

30080 pixels. Then, the NDVI time series of all 30080 pixels for three months of April, May and June were 

separated and prepared for the entire statistical period studied using the software R. Finally, the trend in 

vegetation-cover changes in each pixel was investigated using the Sen’s slope estimator nonparametric 

method. In what follows, the computational steps of this approach have been completely presented.  

 

 

 



 

14 
 

 

This method was originally developed by Thiel in 1950 and was then extended by Sen in 1968. Like many 

other nonparametric methods including Mann-Kendall, this method is also based on analyzing the 

difference between observations of a time series. This method can be used when the trend in the time series 

appears to be linear.  This implies that )(tf  in Equation 2: 

 

(2) BQttf )(  

Where Q   denotes the trend line slope and B  is constant. 

In order to calculate the trend line slope, Q , the slope between each pair of observational data should be 

firstly  calculated  using Equation 3: 

(3) 
kj

xx
Q

kj

i



  

Where kj  . Here, in this equation, jx  and kx  denote observational data at times of j and k , 

respectively. Using this equation, a slope is obtained for each pair of observational data. A time series is 

calculated from the slopes when they are placed next to each other. This implies that if there is a N in the 

time series (n = 33), then we will have  21 /)(  nnN  which will estimate the slope iQ .  

 Next, the median of studied time series should be calculated. To do this, N  of iQ  should be arranged 

from small to large and then the median of the time series is determined using one of the following 

equations. If the number of time series observations is odd, equation 4 is used and equation 5 for even 

number: 

(4)   2/1 NQQ  

(5)      2/22/
2

1
 NN QQQ  

As a result, the trend line slope medQ  is calculated. If the trend of line slope is positive, it represents an 

increasing trend and a negative slope a decreasing trend. 

Then, the slope obtained is tested at a confidence interval of α= 0.05. The following is used to perform this 

test: 

(6)  SVARZCa 2/1   

Where Z  refers to the standard normal distribution statistic in a two-way test which 961.Z   for 

confidence level of α= 0.05 and  SVAR  also refers to the parameter variance. To calculate the parameter 

value S  as well as  SVAR , the following steps should be followed: 

 Calculating the difference between individual series  sentences with each other and applying the 

sign function and extracting the parameter S 

(7) 
  



 


1

1 1

sgn
n

k

n

kj

kj xxS  

Where  n  denotes the number of series observations (15 years), 
jx and kx  also denote the data of j  and 

k  series, respectively. 

 The sign function is calculated as follows: 
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(8) 
 

 

 

 

 Calculating the variance S  by one of the following relationships. If the number of series data is 

greater than 10, Equation 9 can be used and if it is smaller than 10, the equation 10 is used. 

 

 

(9) 
     

18

521521

)( 1








m

i

tttnnn

SVAR  

(10) 
 

  
18

521 


nnn
SVAR  

Where n  refers to the number of observational data, m  refers the number of series with at least one 

duplicate data, and t denotes the frequency of the same valuable data also. 

Finally, the lower and upper limits of the confidence interval are calculated using the following equations: 

(11) 
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Where n denotes the number of slopes obtained by Eq. 9. 

Now we extract the M1th and the M2 +1th of slopes among the calculated slopes.  If the zero ranges 

between the two extracted slopes above, the H0 is accepted and the lack of trend in the data series is 

confirmed. Otherwise, the H0   is rejected and the trend is accepted at the confidence level.  Finally, in 

order to obtain the B  value in equation (1), N number of differences ii Qtx   is calculated. Then the 

median values give an estimate of B  (Alijani et al., 2011). 

 

4. DISCUSSION AND RESULTS 

 

Vegetation cover maps obtained from processing images of MODIS sensor from Terra satellite for three 

months of April, May and June for years 2000 to 2014 were prepared for the study area (Fig. 2). These 

three months were chosen because the region has rich vegetation during these 3 months. Figure 2 represents 

a sample of vegetation cover maps for May for the entire 15-year study period. These images clearly show 

the dynamics of vegetation over the years. According to the images obtained during May, Hamoun triple 

lakes and Chahnimeh inflowing from the Hirmand River were dried in years 2000, 2001, 2002 and 2004, 

and the vegetation has reached its lowest level. 

 

 

 

 

 

 

















0)(1

0)(0

0)(1

)sgn(

kj

kj

kj

xxif

xxif

xxif

x



 

16 
 

   

   

   

   

   

Figure 2- Vegetation maps (MODIS NDVI) of May for Sistan Plain in the period 2000-2014. (Top left for 

2000 and lower right for 2014) 
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In line with the same vegetation dynamics in Sistan plain, the slope values for changes trend in the 

normalized difference vegetation index (NDVI) were separately calculated for all 30080 pixels located in 

Sistan Plain by April, May and June months and using the Sen’s slope estimator nonparametric method. 

Then, the slope values of the obtained trends were prepared in the form of simultaneous maps for spatial 

analysis (Fig. 3). Comparison of simultaneous maps of April, May and June showed that the spatial patterns 

were almost the same for every three months (Fig. 3). These maps clearly show that the maximum changes 

in slope trend have been observed in the northeast of the plain where urban and rural settlements are located. 

In this part of the plain, the slope changes have been completely increasing. Agriculture became also 

widespread in this part of the plain due to the inflowing of Hirmand River. However, the point that should 

be considered in analyzing the increasing trends in NDVI magnitudes  in the north and north-east of the 

plain is that an  increase in the NDVI values is not related to agricultural development alone and thus to 

the increase in vegetation density. Rather, the drying up of the triple lakes of Hamoun has been a very 

contributor to this trend. Because as we know,  blue masses in NDVI index are represented with negative 

or near zero values and the drying up of these water masses causes a change in  the reflectance of the earth's 

infrared waves and leads  its values to the positive side. In addition, the negative values on the slope of the 

change trend are very limited and are visible as small spots and sometimes large in the east and center of 

the plain. This downward trend in the NDVI values in the east of the plain coincides with the development 

of Chahnimeh artificial lake for urban and rural drinking water and the development of the agricultural 

sector. The rest of the plain area which is desert and without any vegetation as well as the human population 

has not experienced a particular trend. The significance of the obtained trends at the confidence level of α 

= 0.05 is a very important point that has received much attention in many studies of the changes trend. In 

this study, all the trends obtained at the probabilistic level α = 0.05 were also evaluated. The significance 

of the results regarding the trends is presented in three separate maps for April, May and June months in 

Fig. 3. In these maps, the significance of the trends has been statistically analyzed for each pixel. Pixels 

with an increasing and significance trend in the probability level α = 0.05 were represented with green 

color; the pixels with a decreasing trend and significance on the probability level α = 0.05 were represented 

with red color and finally, pixels without significant trend were represented with white color. According to 

these maps, an increasing trends in NDVI values in the northeast of the plain which have the highest slope 

values, were also significant at the level of α = 0.05. Furthermore, the presence of distinct spots in the east 

and center of the plain reveals that the decreasing trend in the NDVI values has been statistically significant. 

To verify the results, the author conducted field visits and several oral interviews with informants and old 

people residing in the Sistan Plain. For a better understanding of these changes, the areas captured with 

GPS and screenshots of different plains were shown in Figure 4. The results of the interview with 

informants  and old people of the plain indicate that factors such as the abandonment of agricultural land 

for various reasons, including long-term droughts and hydropoletic  conflicts between Iran and Afghanistan  

were  the main reasons for the existence of areas with a declining and significant trend  especially in the 

center of the plain and  caused a decreasing  access  to the Hirmand River water resources and mandatory 

migration from rural areas to cities or doing false occupations. As noted above, pixels with an increasing 

trend were related to the drying of triple Hamoun lakes as well as agriculture sector. An interesting point 

during this research and field observations was the use of dry beds in triple Hamoun lakes for planting 

some agricultural crops. In general, however, the dominant products of this plain are mostly wheat, barley, 

melon and watermelon and their irrigation is entirely dependent on Chahnimeh artificial lake. In addition, 

the increasing trend for some products in different parts of the plain is related to vineyards, dates or Tonook 

Gazmeh forests. The area of each of the three categories of trends is given in Table 1. During 15 years 

period from 2000 to 2014, the share of regions with an increasing trend was 8272 square kilometers and 

the share of regions with a decreasing trend of 611 square kilometers. As mentioned above, it is clear that 

the drying up the triple Hamoun lakes and converting them into agricultural land is considered one of the 

reasons for the increasing share of trends which is not a reasonable and acceptable reason for the strength 

and improvement of agriculture in this Area. 
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Figure 3. Simultaneous trend map for April, May and June months (left) and significant trends of April, May 

and June months in years 2000-2014 (right) 
 

Table 1. The area of the pixels with decreasing trends, increasing trends and lack of trends in Sistan Plain in 

three months of April, May and June (km2) 

June month May month April month Trend 

611 611 611 decreasing trends 

8272 8272 8272 increasing trends 

7654 7654 7654 lack of trends 
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Figure 4. Land use map and points harvested using GPS with images from Sistan Plain 
 
 

5. CONCLUSION 

 

This study examined the vegetation changes trends using Sen’s slope estimator nonparametric method in 

the eastern part of Iran, one of the driest regions of the world. The results of this study showed that the 

highest increasing changes trend in NDVI was observed in the northeast of the plain, where an 

approximately 400,000 of the population lives in these areas. This increase in the NDVI index resulted 

from two different factors. The first factor is the drying up of the triple Hamoun wetlands and thus a change 

in the reflectance pattern of long infrared wavelengths and the second factor is the agricultural development 

in the dry lake bed in the recent years. Long-term droughts, hydropoletic conflicts between Iran and 

Afghanistan, and lack of proper management of water resources in the plain can be cited among the main 

reasons for drying up these wetlands. However, due to the presence of poor soil organic matter in these 

areas and the difficult access to water resources in arid areas, this increase can cause a lot of problems in 

the future. In addition, the research findings of Shakeryari et al. (2016) indicates that the extent of the triple 

Hamoun wetlands has been reduced during a statistical period of 38 years and a rise has been observed in 

plain vegetation cover which are consistent with the results of this research based on the land use change 

in the triple Hamoun wetlands and their conversion into agricultural land. However, the highest decreasing 

change trend in NDVI was observed in the east and the center of the plain.  The regions with a declining 

trend have a much smaller area than those with an increasing trend. The development of Chahnimeh 

artificial lake (a change in the reflectance pattern of infrared wavelengths) and the abandonment of 

agricultural land, especially in the center of the plain, were due to the remoteness of the existing water 

resources (long distance from the Hirmand River). According to the results of this study, the use of Sen’s 

slope estimator nonparametric method in the studies of vegetation coverage variation trend in arid regions 

resulting from NDVI products from MODIS sensor can be very efficient and useful. Since this method is 

based on the difference between observational data, so it is independent of statistical distribution and it is 

more suitable for series with high skewness or kurtosis than other parametric methods, such as classical 

linear regression. Therefore, the results section of the research is fully consistent with the findings  of 

previous researcher studies  such as Verbesselt et al. (2006), Eklundh and Jönsson (2003), Beck et al. 

(2006), Jamali (2014) and Jin and Eklundh (2014) used this method to investigate the trends of vegetation 

changes in their studied areas. 
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Abstract 

In this study, by using reviewing the Former reaserch sources and documents of studies that have been 

reviewed by other researchers regarding the research background, a set of primary and effective indicators 

and criteria in increasing fire risk in forested areas of the province such as distance from the river, access 

to existent roads, proximity to rural areas, proximity to urban areas, land cover and use, rain distribution, 

temperature distribution, evaporation rate in the region, altitude areas, land slope and slope direction of the 

region have been selected. In the following steps, using the concepts of fuzzy logic and fuzzy sets, fuzzy 

gamma overlap method, calculations related to the preparation of fire risk assessment map have been 

performed. The results show that about 30% of the area is at high risk and relatively high in fire category, 

playing a significant role in crisis management planning in conserving natural resources. In the next step, 

using the correlation test, the relationship between the values of the risk map obtained with the vegetation 

maps and the surface temperature prepared via MODIS images is investigated. The correlation between 

these two indicators is negative, 0.62. This value means that with increasing fire risk, vegetation density 

decreases. The results of the correlation test showed that the correlation value between the final map values 

obtained from fire risk preparation calculations with the LST index map values or ground temperature is 

about 0.60. . This level of correlation is appropriate according to the geographical and climatic 

characteristics of the region of Golestan province in iran. 

Keywords: Fire risk assessment , forest areas, Modis, Golestan province, GIS, Remote sensing 
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1. INTRODUCTION  

 

A prerequisite for faster access to the fire scene and preparedness to fire fighting to know in which areas 

there is a possibility or high risk of fire. Fire is a chemical process in which the three main fuel factors, 

heat, and oxygen, are involved. These factors form the three main sides of the fire. A fire will not occur if 

one of these factors is not present. With a bit of attention, it can be seen that two cases of this factor are 

related to weather conditions. The temperature or the increase of ambient temperature and wind provides 

oxygen by spreading oxygen. Therefore, air conditions play a decisive role in creating and spreading fires. 

When the weather conditions are such that the ambient temperature rises and the relative humidity decrease, 

especially if hot winds accompany these conditions, the ground is prepared for forest fires.[1] In recent 

decades, advances in remote sensing and GIS have provided researchers with more accurate facilities and 

tools to study forest fires from various perspectives.[2] One of the most effective uses of these tools is to 

determine the degree of fire risk in different places, simulation, and management of resources and facilities 

at the time of its occurrence. As part of natural resources and the most important renewable resources, 

forests and pastures will never end if humans do not provide the ground for their weakening or 

destruction.[3] Regarding forest and rangeland areas' direct and indirect effects, it is possible to produce 

and preserve soil, produce industrial and medicinal products, nourish groundwater, produce oxygen, 

prevent floods, recreational values, preserve animal species and wildlife. In addition, he noted that humans 

and other organisms benefit from it. Burning is the most pervasive factor in the destruction of forest 

ecosystems, which has negative ecological, economic, and social consequences. Identifying the influential 

factors in the occurrence and spread of forest fires is one of the primary mechanisms to achieve fire 

management and control. Forests are the most critical resources of the planet, and their function plays an 

essential and fundamental role in maintaining ecological balance.[4] Any measurable change in the 

physical, chemical, and bioavailability of natural resources that results in a loss or reduction in the quality 

or quantity of natural resource services, such as their physical and biological functions, is called the 

destruction or damage of natural resources.[5,6] Many areas go to different parts of the forest and wild and 

domestic animals and even humans. The crisis management process begins with locating and determining 

the actual and potential problems or dangers and having preparedness and timely arrival to the fire area can 

be very useful. According to statistics published by the Forests, Rangelands, and Watershed Management 

Organization of Iran, hundreds of fires occur annually in different parts of Iran. Considering the destruction 

of pastures and forests in different parts of Iran, especially in the Zagros and Alborz, it is necessary to 

prepare a fire risk map and identify areas with high risk to predict and make initial preparations to deal with 

it. Given that fires can occur in almost all plant areas of Iran, complete and continuous monitoring of their 

progress with field studies and at local scales is not easily possible. in 2020 Parajuli et al. used remote 

sensing technology and statistical tools for developing forest fire risk models in two major landscapes of 

Nepal. The MODIS hotspot data from 2001 to 2018 was also evaluated, indicating that More than half of 

the total forested area (65%) is at high fire risk; the study results could assist the decision-makers in 

implementing preventive measures by minimizing the risk and impacts of forest fires.[7].in 2021 Munkh-

Erdene Altangerel et al with based on an empirical model. It includes three parameters (i.e., 

geomorphology, vegetation cover combustibility, and human activity); the study indicated that modernRS 

techniques could be successfully used for generating a reliable forest fire-risk map[8,9] Based on research, 

it can be concluded that in most of these studies to assess the potential for fire risk of factors, Different 

environments have been used, and most of them have used the AHP method (weighted analysis of these 

factors) and have emphasized the allocation of appropriate weight to environmental variables. Also, most 

of these studies use remote sensing, and GIS as an effective tool in Forest fire potential has been used to 

identify the importance of using GIS as a decision support system for efficient forest fire. 
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2. Materials and methods 

 

2.1 Study area 

Golestan province located  northern provinces of Iran and is located in its eastern part. (Figure 1). Golestan 

province is located at about 25 degrees and 36 minutes north latitude to 38 degrees and 8 minutes north 

latitude. In terms of location in terms of east longitude, it covers the range of 53 ° and 50 minutes east 

longitude to 56 degrees and 11 minutes east longitude. This province has 14 cities, 27 districts and 29 cities 

of Venice, and 60 villages based on the information of the latest political divisions in 2016 (Statistical 

Yearbook of Golestan Province, 2017) 

 

 
Figure 1: Geographical location and political divisions of the area 

 

2.2. The research process, data, software used 

 First by processing the required satellite images from the MODIS sensor in the ENVI software 

environment, vegetation maps of Golestan province was prepared. Finally, after the above steps and 

transferring the data from this processing to the ArcGIS software environment, fire maps and area risk 

assessment for fire have been prepared.so a set of processing tools and methods are needed, which are 

mentioned in continuing the process under study. 

Descriptive socio-economic data 

Social and economic data include demographic, economic, and political data of the region. This statistic is 

published through the website of the Statistics Center of Iran. 

Spatial data 

Spatial data includes layers of information used in GIS and satellite imagery. The source of this information 

varies depending on the type of data in question. Some of these spatial data have been obtained through the 

National Mapping Organization, Statistics Center of Iran, and others through primary data analysis. The 

following two main groups of spatial and location data are explained: 

Spatial data includes GIS layers. 

Spatial data based on GIS software is provided by the Statistics Center of Iran, Jihad Agricultural 

Organization, Mapping Organization, and the Ministry of Interior. Some layers are the result of combining 

the results of studies and processing satellite images. 
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Satellite Images 

The second part of the spatial data of the region includes satellite images of the study area for 2018. The 

images in this study are Modis images obtained from glovis.usgs.gov. It has been processed and analyzed 

in different stages using the capabilities of Envi software. After these steps, converting these information 

sources has been used to convert maps used in GIS software environments. In this study, two categories of 

data, namely field data and satellite data, have been used. Field data includes preliminary data related to 

fires of different years prepared by the General Directorate of Natural Resources and Watershed 

Management. Meteorological data, including temperature and rainfall, were obtained from the official 

website of the Meteorological Organization of the province. Monthly covers. The satellite data used in this 

study are MODIS sensor images belonging to the TERRA satellite, which are extracted from the NASA website in 

16-day time series with a resolution of 250 meters. 

 Normalized vegetation differential index (NDVI) 

NDVI vegetation index is one of the most practical vegetation indices whose functional performance has 

been reported in many studies by various researchers. The numerical value of this index fluctuates between 

+1 and -1, and it has been proven that whatever the number +1 Approximately increases the amount of 

vegetation. The following formula shows how to calculate this index. 

𝑁𝐷𝑉𝐼 =
NIR − R

NIR + R
 

 Surface temperature index (LST) 

The calculation of the Earth's surface temperature is different in different satellite images. For example, 

thermal bands 31 and 32 can estimate the ground surface temperature in the MODIS sensor. However, to 

obtain the Earth's surface temperature, the radiation is converted to band luminosity by inverse Planck 

relation. 

𝑇𝑖 =
(
ℎ𝑐
𝑘
)

𝜆𝑖 ∗ 1𝑛(
2ℎ𝑐2

𝑅𝐴𝐷𝜋𝜆𝑖
5

+ 1) 

Pearson correlation method 

One of the essential methods of communication between different variables is the use of correlation 

analysis. Pearson correlation coefficient also called Pearson torque correlation, and permanently marked 

with the sign r, representing the variables whose correlation coefficient is calculated (for example, rxy, 

which shows the correlation between the variables x and y). It is displayed to investigate the relationship 

between two continuous variables (distance or relative) such as temperature and precipitation or pressure 

and shows the common variability between the two variables or their commonality. For example, the value 

of the correlation coefficient between +1 And 1. is fluctuating. Pearson correlation is the sum of the product 

of the covariance of the variables or the amount of difference between each variable and its mean: 
 

𝑅 =
Σcov(x ∗ y)

𝑠𝑑Σ𝑐𝑜𝑣(𝑥 ∗ 𝑦)
 

wherein: 
𝐶𝑜𝑣(𝑥) = (𝑥 − �̅�) 
𝐶𝑜𝑣(𝑦) = (𝑦 − �̅�) 

𝑠𝑑𝐶𝑜𝑣(𝑥) = √𝐶𝑜𝑣(𝑥)2 = √(𝑥 − �̅�)2 

𝑠𝑑𝐶𝑜𝑣(𝑦) = √𝐶𝑜𝑣(𝑦)2 = √(𝑦 − �̅�)2 

 

The correlation coefficient shows the correlation between the two variables, but this index does not give us 

much information about the nature of this correlation. What this index indicates is the existence of a high 

correlation or its relatively low. To obtain complete information about correlation, it is possible to calculate 

another index called the "coefficient of determination," which is calculated as the square of the correlation 

coefficient multiplied by a percentage. By calculating this coefficient, we can determine what percentage 

of the total variance of one variable is due to the variance of another variable. 
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Figure 2: Correlation values and relationship states of variables 

 

3. Discussion 

 

In line with the objectives of the present study, applying remote sensing techniques and the capabilities of 

geographic information systems, a set of criteria consisting of human and natural factors that have a 

significant role in the occurrence of fires in Golestan province has been investigated. Furthermore, selective 

criteria have been analyzed using fuzzy logic concepts and fuzzy sets to achieve the desired result and 

prepare areas with a higher risk of fires. 

In order to eliminate the different effects of measurement scales, standardized research criteria and non-

scaling of each indicator have been done according to its nature. Since each of the selected criteria in the 

present analysis has a single value, They are not similar, so using the opinions of experts and the opinions 

of experts familiar with the subject and using pairwise comparisons, the weight of each criterion has been 

determined. In the following study, by preparing weight matrices obtained by multiplying the weights 

obtained by each index in the standard matrix, The final map obtained from this section, which is the result 

of the combination of all weight matrices, is formed. In the following steps, using the Modis satellite images 

and extracting the green surface indices and the ground temperature level index, the final result has been 

studied using weighted geographical regression. The effect and relationship of these concepts can be 

examined. 

 Determining effective criteria in fire assessment and measurement 

A set of different factors and criteria of human and natural origin will be involved and influential in 

investigating and determining areas at risk for fire. By reviewing the sources and research done in this field, 

the most important criteria affecting the issue have been identified, each of which is important with the 

effects that either directly on the occurrence of fires or indirectly on the impact of other uses in the 

occurrence of fires. Abundant has been selected. 

As can be seen from Table 1, in general, in this study to evaluate the risk of fires in Golestan province, a 

total of 11 indicators of human and natural origin such as distance from communication roads, distance 

from rural settlements, land use, average The temperature of the region. has been selected. (Figure 3 and 4) 

 
line Indicator line Indicator 

1 Distance from the river 7 Ground slope distribution 

2 Access to the communication roads 8 Temperature distribution 

3 Proximity to rural areas 9 Evaporation rate 

4 Proximity to urban areas 10 Altitude ranges 

5 Land cover and use cover 11 steep direction 

6 Rain distribution 

Table 1: Evaluated indicators on forest fire risk in Golestan province 
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Figure3: Distance from river and communication network and rural areas and urban areas and land use and 

cover and rain distribution and its effect on increasing fire risk 
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Figure4: Temperature distribution and evaporation rate and altitude and slope of the Earth and the direction 

of the slope and its effect on increasing the risk of fires) 

Normalization of criteria 

Since each of the 11 criteria of the present study has been prepared in specific scales and specifications, 

data normalization is used to align them. In data normalization, data values are converted to a specified 

range between 0 and 1. In other words, value one will be assigned to the nearest areas to the leading 

thoroughfare network, and value 0 will be assigned to the farthest building blocks far from the main 

communication networks. The most common way to standardize data is to use linear tension, which in the 

positive case uses the following formula (Figure 5 and 6). 
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Sij − MinSij

𝑀𝑎𝑥𝑆𝑖𝑗 − 𝑀𝑖𝑛𝑆𝑖𝑗
 

 

Eij = standardized score j Sij = raw score of option i belonging to factor j In cases where the goal is to give 

higher scores to lower values and the so-called negative index, the following equation is used 
 

𝐸𝑖𝑗 =
𝑀𝑎𝑥𝑆𝑖𝑗 − Sij

𝑀𝑎𝑥𝑆𝑖𝑗 − 𝑀𝑖𝑛𝑆𝑖𝑗
 

 

 
Figure 5: Normalized criteria maps (distance from the river and access to the communication roads and 

proximity to rural areas and proximity to urban areas and land use and temperature distribution) 
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Figure6 : Normalized maps of criteria (rain distribution and evapotranspiration distribution, altitude ranges, 

land slope, and slope direction) 

 

Determining the weights of the criteria 

Each of the studied criteria has a different effect on increasing or decreasing the incidence of fires. For this purpose, 

using hourly pairwise comparisons and using experts' opinions on the subject have been done. This method is such 

that the indicators are compared with each other in pairs, and finally, the weight of each indicator is determined. In 

the following stages of the work, using experts' opinions in this field, the weight of the indicators used has been 

verified and determined in Table 2 for each of the criteria. 
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line Indicator weight line Indicator Weight 

1 Distance from the river 0.07 7 Ground slope distribution 0.09 

2 Access to the communication roads 0.1 8 Temperature distribution 0.13 

3 Proximity to rural areas 0.06 9 Evaporation rate 0.1 

4 Proximity to urban areas 0.06 10 Altitude ranges 0.07 

5 Land cover and use cover 0.14 11 steep direction 0.09 

6 Rain distribution 0.09 

Table 2: Determining the weights of each of the indicators used in the research 

 

Combining weighted indices using fuzzy functions 

After performing the calculations of the previous steps in this part of the research, the results obtained from 

the weight matrices of the indices, which were the product of the weight of each index in their normalized 

matrices, were combined using the fuzzy gamma function and the final output was obtained. Come. Fuzzy 

gamma is based on the operators of fuzzy algebra multiplication and the sum of fuzzy algebra. In this 

equation, y is a parameter that is selected from 0 to 1. The value of zero expresses the degree of full 

membership, and the numbers between the mean degree of membership are expressed. If its value is equal 

to 1, it will be like a fuzzy sum, and if it is zero, it will act like a fuzzy product. Furthermore, in other cases, 

it will have an intermediate result. The minimum and maximum values of this coefficient are 1 and 0, 

respectively). 

1 −  𝑦 µ𝑐𝑜𝑚𝑏𝑖𝑛𝑎𝑡𝑖𝑜𝑛 =  (𝑓𝑢𝑧𝑧𝑦 𝑎𝑑𝑑𝑖𝑡𝑖𝑜𝑛) ∗  𝑌 (𝑓𝑢𝑧𝑧𝑦 𝑚𝑢𝑙𝑡𝑖𝑝𝑙𝑖𝑐𝑎𝑡𝑖𝑜𝑛) 
 

Then, using the capabilities of GIS in this field, the 11 indicators used in this research are combined. The 

output areas of this research have a value range between 0 and 1. Value 1 means that these are the areas 

with the highest risk of fire in the region. However, a value of 0 in this analysis means a risk of fire with a 

lower risk in these areas than in other areas. (Figure 7). 

 

 
Figure 7: Combining and superimposing selected research criteria using the fuzzy gamma function 
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 Extract Moody's satellite imagery 

To prepare vegetation indices or ground surface temperature and use information sources and use MODIS 

satellite images, refer to the following address: nasa.gov Modis-land. gsfc and the images of this satellite 

for July regarding vegetation products And the surface temperature have been studied. By making the 

necessary corrections and technical operations regarding processing the desired indicators, vegetation maps 

and ground surface temperature have been prepared for Golestan province. 

The purpose of analyzing these indicators is to discover the relationship between the above indicators and 

the fire risk zoning map in Golestan province. The purpose of this analysis is to discover the relationship 

and dynamics of vegetation production indicators or land surface temperature with places that have different 

points in the fire risk zoning map. The following are the vegetation maps as well as the ground surface 

temperature that were prepared using MODIS satellite images: (Figure 8) 

 

 
Figures 8: Vegetation index prepared from Moody's images 

 

 As can be seen in the above map, most of the forest cover in the province is in the southern parts of the 

province. Increasing the height is one of the issues that play a vital role in reducing the density of forest 

cover. 

Earth surface temperature map is one of the products prepared by Moody's images. As can be seen in the 

picture, the temperature of the higher areas and have more forest cover is lower than the areas that are plain 

and do not have dense vegetation and forest. (Figure 9) 
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Figures 9: Surface temperature index prepared from MODIS images 

 

 As it is known, the forest areas are located in the southern parts of the province and are shown in light color 

in the image of the Earth's surface temperature. 

 Correlation between fire risk assessment and vegetation values and surface temperature (extracted from 

MODIS images) 

The correlation coefficient is a statistical tool to determine the type and degree of relationship between a 

quantitative variable and another quantitative variable. The correlation coefficient is one of the criteria used 

to determine the correlation between two variables. The correlation coefficient indicates the intensity of the 

relationship and the type of relationship (direct or inverse). This coefficient is between 1 and -1, and in the 

absence of a relationship between the two variables, it is equal to zero. For example, between two random 

variables, X and Y are defined as follows: 

𝑐𝑜𝑟𝑟(𝑋, 𝑌) =
cov(x, y)

𝜎𝑋𝜎𝑌
=
𝐸[(𝑋 − 𝜇𝑋)(𝑌 − 𝜇𝑌)

𝜎𝑋𝜎𝑌
 

E is the operator of mathematical hope, cov means covariance, corr is the usual symbol for correlation 

(Pearson), and sigma is the standard deviation symbol. 

After performing the previous steps and preparing a fire risk assessment map in the forests of Golestan 

province, in this stage, using correlation coefficient analysis, a preliminary study of the relationship between 

vegetation and land surface temperature prepared using MODIS satellite images Becomes. 

 
Layer Risk Lst Ndvi 

Risk 1.00000 0.59397 -0.62358 

LST 0.59397 1.00000 -0.95091 

Ndvi -0.62358 -0.95091 1.00000 

Table 3: Correlation matrix 
 

By performing the correlation matrix between the three parameters of forest fire risk assessment in Golestan 

province, vegetation, and ground surface temperature obtained using MODIS images, it is determined that 

the region has the highest correlation between fire risk assessment maps of the region. The LST index is 

seen. The correlation value for this analysis is 0.59397. This amount of correlation indicates that in the 

places that are most likely to catch fire, there is a correlation of up to 60% with the ground surface 

temperature. 
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This amount of probability shows well that in places where the surface temperature is higher, fire increases 

in the region. Furthermore, considering that most of the lands covered with forest or dense vegetation in 

Golestan province are located in the highlands and southern parts of the province, this amount of acceptable 

probability shows the relatively good reliability of the analyses performed. 

Another reason for the acceptability of this analysis and the degree of a direct correlation between surface 

temperature and areas most likely to catch fire is that areas that are forested or have dense vegetation are 

more likely to be located on land. They are in the highlands of the southern regions of the province, and 

naturally, in these areas, the surface temperature is lower than in other areas, especially in the southern parts 

of the province. 

According to the results of the study of the correlation between vegetation and areas that are more likely to 

fire in forest areas, it is clear that the correlation of this criterion is negative 0.62358. This degree of 

correlation and its direction indicates that there is a direct and inverse relationship. In other words, the 

higher the probability of fire, it seems that the amount of vegetation in those areas is less dense. At first 

glance, this is because the forest areas or areas with dense vegetation act as fuel in case of fire; the results 

of this analysis must be incorrect. 

However, since most of the areas covered with forest tissue of the region and areas with dense vegetation 

are located in the province's highlands, there is a lower temperature and more humidity than the downstream 

lands of the region. Therefore, climatically, this issue causes that in this area, although there is more 

vegetation because the temperature is lower than the rest of the province will be more minor fires. 

 

4. Result 

It is necessary to have faster access to the fire scene and be prepared to fight the ion fire to know where 

there is a possibility or high fire risk. 

Fire is a chemical process in which the three main fuel factors, heat, and oxygen, are involved. These factors 

form the three main sides of the fire. A fire will not occur if one of these factors is not present. With a bit 

of attention, it can be seen that two cases of this factor are related to weather conditions. The temperature 

or the increase of ambient temperature and wind provides oxygen by spreading oxygen. Therefore, air 

conditions play a decisive role in creating and spreading fires when the weather conditions are such that the 

ambient temperature rises and the relative humidity decrease, especially if hot winds accompany these 

conditions, the ground is prepared for forest fires, in the seasons of the year when the fuels in the forest 

have less moisture and are found in abundance in the forest floor, the possibility of fire increases. In many 

countries, forest fires cause extensive damage to natural resources each year. 

In recent years, many fires have occurred in the country's forested areas and have posed a significant threat 

to many areas of life and activity of native plants and animals. Since forests, as one of the most important 

renewable natural resources, play a vital role in sustainability. They play the role of life and conservation 

of ecosystems and are also considered as one of the most destructive factors in causing adverse changes in 

forest ecosystems in the short term. 

 Accordingly, fire management can be considered a way to prevent damage beyond these ecosystems' reach 

and their dire economic and social consequences. In this regard, it is necessary to reduce the adverse effects 

of fire, first need to identify vulnerable areas that can with this information and time management, speed of 

action with careful planning, as well as the necessary facilities, equipment, and training in this Make special 

efforts and be able to play an influential role in controlling and reducing the damage caused by fire. 

In the present study, the most critical factors affecting the fire were identified in the region using 

documentary studies and libraries. As explained in detail in the previous stages of the research, to prepare 

areas with higher risk and risk in terms of fire, concepts and intellectual bases of logic and fuzzy sets have 

been used to prepare a macro map of the risk-taking area. 

Since each of the studied indicators during the formation of fires will have a different degree of importance 

and sensitivity, so using pairwise comparisons and expert opinions tried to identify the preference and 

importance of each of the different indicators. 
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In the following steps, to align each of the criteria, standardization of criteria and their normalization have 

been used. Normalization of criteria is the transfer of the values of each index to a range of identical values 

that have a single value in each index. To eliminate the effects of disturbed scales. 

 

 

 
Chart1: Percentage of the area covered by possible forest fire risk classes 

 

 
 

 
Figure 10: Land classification of Golestan province in terms of fire risk 
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5. Conclusion 
In the present study, the correlation coefficient test was performed to determine the relationship between 

this fire risk assessment with the values of indicators such as vegetation and surface temperature prepared 

by MODIS images, and it was found that the correlation value between the values of the final map obtained 

from the calculations. Thus, preparation of fire risk with LST index map values or ground temperature is 

about 0.60. This level of correlation is appropriate according to the geographical and climatic characteristics 

of the region of Golestan province. 

The region's climate, which is influenced by the heights of the region and the air currents that enter the 

region from the Caspian Sea, directly affects the reproduction or density of vegetation and the temperature 

of the region. Therefore, in the plain areas of the province, which in general has less vegetation than the 

highlands and forests of the province, the average temperature is higher. Moreover, according to the results 

of the calculations of the correlation coefficient between the criteria, it seems that there should be more 

fires in those areas. However, because of the less vegetation, the number of fires has been reported less. 

The degree of direct or positive correlation in the degree of correlation between the values indicates that if 

the surface temperature of the region increases, the probability, and risk of fire in the province will also 

increase. From this point of view, it can be said that the relationship between the amount of fire risk and 

the values of the surface temperature image prepared by Modis is a direct relationship. 

As mentioned, one of the reasons that cause the number of fires to be reported less in these areas than in 

other areas is that in these areas, despite the relationship between the ground temperature and the risk in 

Golestan province due to low and sparse density Vegetation in the region The number of fires is less 

reported in the real world. 

According to the correlation test results between the values of the criteria obtained from the fire risk map 

and the vegetation index obtained from the MODIS image, it can be said that in areas where there is dense 

forest and vegetation, the probability of fire is somewhat lower. The correlation between these two 

indicators is negative, 0.62. This value means that the vegetation density decreases with increasing fire risk. 

Due to climatic conditions and significantly the increase in altitude in the southern parts of the province, 

although dense vegetation and forest cover are seen, but have a negative correlation. This means that 

increasing the vegetation reduces the risk of fire.therefore, according to what has been said, reducing the 

NDVI index in the region increases the risk of forest fires the study results could assist the decision-makers 

to implement preventive measures by minimizing the risk and impacts of forest fires. 

Funding : This research did not receive any specific grant from funding agencies in the public, commercial, 

or not-for-profit sectors. 
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Abstract 

Rainfall is an important parameter in monitoring and forecasting meteorological drought; 

because it is one of the complex and vital elements of the atmosphere and plays an important 

role in recharging the seas, rivers, and aquifers. Due to the importance of precipitation data in 

hydrological studies and the challenges of rainfall grid stations, the application of satellite 

precipitation products in the last decade has been considered by researchers. Accordingly, in 

this study, the sixth edition of the GPM-IMERG Final Run satellite precipitation product was 

evaluated and compared with the precipitation data of synoptic stations on a monthly scale 

between 2008 and 2019 over Iran. For this purpose, 81 synoptic stations were selected and 

three statistical tests of the correlation coefficient, efficiency factor, and root mean square error 

were used to evaluate satellite data. The results show a high correlation between this product 

and ground data in most parts of the country, especially in the eastern regions and the Zagros 

highlands. Moreover, the error of this product increases in the Caspian coastline and some 

other rainy situations. On the other hand, the efficiency of this product is very desirable in the 

eastern and western provinces of the country. 

Keywords: Efficiency Factor, GPM_IMERG, Iran, Remote Sensing, Synoptic Stations.  
 

 

1.INTRODUCTION  
 

Precipitation is one of the most critical parameters in the hydrological cycle that many temporal and spatial 

changes of this parameter, and also its tremendous impact on the natural and human environment has caused 

much attention to this parameter in various climatic, meteorological, hydrological, and environmental 

studies. On the other hand, the direct impact of this atmospheric element on the availability of freshwater, 

as well as the consequences of its severity, such as storms, blizzards, floods, droughts, and landslides, have 

increased the importance of this phenomenon [1]. Rainfall is a vital variable for monitoring and forecasting 

meteorological drought [2]. Knowledge and awareness of the rainfall characteristics of an area play an 

important role in understanding the cycle and management of water resources. Researchers can hardly 

simulate a water cycle without accurate rainfall values [3]. Precise measurement of rainfall or its estimation 
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is critical in water resources management, weather forecasting, risk control, and so on [4]. However, 

acceptable estimates of rainfall have constantly challenged scientists [5]. In some areas, alternative methods 

should be substituted due to the difficulty in determining and measuring the amount of precipitation.  

With the advent of meteorological satellites and their use since the 1970s, scientists have developed 

methods to estimate precipitation based on satellite radiometric observations. One of the most widely used 

methods today is the use of data generated by databases such as NASA. With the help of advanced satellites, 

these databases determine the amount of rainfall and publish it on their websites in the form of daily, 

monthly and annual data, which has been used by researchers and important centers [6]. Alibakhshi et al. 

(2016) compared GPM-IMERG and TRMM-TMPA-3B42V7 in Kashafroud catchment on a daily and 

monthly scale for 195 days. They stated that GPM data were generally lower in accuracy compared to 

TRMM data; at the same time, in the monthly analysis, both satellites have more accuracy in the rainy 

months and less accuracy in the low rainfall ones [7]. Khodadoust et al. (2017), in a study conducted in 

Khorasan Razavi province for one year on a three-hour scale for TRMM-3B42V7 and a half-hour scale for 

GPM-IMERG satellite, concluded that IMERG has a higher correlation than 3B42V7, and both satellites 

show less rainfall than the observed amounts [8]. Yuan et al. (2017) evaluated GPM-IMERG and TRMM 

precipitation data in a mountain catchment in Myanmar. Their results showed that although IMERG and 

3B42V7 can show spatial-temporal precipitation variations, they also have significant errors [9]. Shokri 

Kouchak et al. (2018) evaluated the performance of PERSIANN and PERSIANN-CDR satellite 

precipitation algorithms and the effect of topographic features on it in Helleh catchment from 2003 to 2016 

on a daily, monthly, and annual scale. They concluded that PERSIANN estimates rainfall less than the 

actual value on all scales and is less accurate [10]. On the other hand, PERSIANN-CDR daily performance 

is not acceptable. In addition, they stated that with increasing altitude, the amount of RMSE also increases. 

Hamza et al. (2020) evaluated PERSIANN-CDR, IMERG V06 Final Runs, SM2RAIN-ASCAT, and 

TRMM-3B42V7 rainfall products in the Hindu Kush Mountains Pakistan on a daily, monthly, seasonal and 

annual basis. They concluded that all products performed better on a monthly scale than daily, and the 

PERSIANN-CDR and IMERG-V06 performed better on a seasonal scale. However, all products performed 

poorly in detecting low- and medium-intensity rainfall [11]. Nozarpour et al. (2021) evaluated the 

precipitation products of MSWEP and PERSIANN-CDR satellites using observational data for Iran from 

2008 to 2019 on a monthly scale. Their results showed that the correlation coefficient and efficiency factor 

of MSWEP product in the whole country, especially in the southern and northern regions, was better than 

the PERSIANN-CDR product [12]. Nascimento et al. (2021) compared the performance of GPM (Final 

Run) rainfall products in the southern Brazilian state of Paran with daily and monthly ground station 

precipitation data from 2000 to 2018. They concluded that, in general, rainfall products performed well 

monthly but performed poorly on a daily basis, especially in mountainous areas [13].  

In this paper, to achieve more comprehensive results, the performance of the sixth edition of the GPM-

IMERG-Final Run satellite precipitation product on a monthly scale and over a long period from 2008 to 

2019 has been studied throughout Iran.  
 

 

2. Materials and Methods 
 

Iran, with an area of 1,648,195 square kilometers, is located between 25 and 40 degrees north latitude and 

43.5 to 63.5 degrees east longitude. Iran is a mountainous country, 60% of which is covered by the Alborz 

Mountains in the north and the Zagros in the west and northwest. Also, the central part of Iran includes two 

desert areas, Kavir plain, and Lut plain. Topographic and climatic differences in different parts of Iran have 

changed the pattern and the amount of rainfall in its area. 

The research process is shown in Figure 1. Thus, after receiving the GPM-IMERG-V06-Final Run satellite 

precipitation data with a spatial resolution of 0.1 × 0.1 degrees from the site https://disc.gsfc.nasa.gov in 

NetCDF format for the whole country and the 12 years from the beginning of 2008 to the end of 2019 and 

then the processing of data, the monthly rainfall time series of different parts of the network were made and 

ready for analysis. Then the pixels corresponding to the position of the synoptic station were identified, and 
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the amount of precipitation at the corners of each pixel was estimated. The data were then interpolated 

according to the geographical location of the stations. Then, the average of the four numbers obtained from 

the interpolation was taken. Finally, the amount of precipitation of the GPM-IMERG database was 

extracted at the closest point to each station and used for comparison. Figure 2 shows the satellite product 

networking and the location of synoptic stations in Iran. 

 

 
Figure 1. Flowchart of research 

 

 

 
Figure 2. GPM-IMERG satellite products grid networks and location of synoptic stations 
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Then, two matrices with dimensions of 144 × 81 were formed and used. In this matrix, 144 represents the 

number of monthly observations between 2008 and 2019, and 81 represents the number of stations or points 

for which statistical comparisons have been made. Next, the ground data matrix and the GPM-IMERG 

satellite product were compared and evaluated using the statistical indices of Correlation Coefficient (CC), 

Root Mean Square Error (RMSE), and Effective Factor (EF). The Correlation Coefficient shows the 

intensity and type of relationship between the observational precipitation and satellite precipitation 

variables. The closer it is to one, the higher the accuracy of the estimates. The Root Mean Square Error, 

the closer it is to zero, the lower the model error in predicting the observed values. The Effective Factor 

shows the relative magnitude of the variance of the residuals compared to the variance of the observed data, 

and values greater than 0.7 indicate the desired performance. 
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In Relationships (1) to (3), PSi is the amount of satellite precipitation crop for the month of i, POi is the 

amount of precipitation of synoptic stations for the month of i, P̅S is the average product data of satellite 

precipitation, P̅O, the average precipitation data of synoptic stations and N is the number of samples. 

 

 

3.Results and Discussion 

 
Table 1 shows the comparison of the overall performance of the GPM-IMERG satellite precipitation 

product in accordance with the data of synoptic stations based on different statistical indices. 
 

Table 1- Summary of product evaluation results of GPM satellite precipitation on a monthly scale 

Statistical index Min Ave Max 
Correlation Coefficient (CC) 0.36 0.85 0.95 

Root Mean Square Error RMSE (mm) 1.84 21.35 99.73 
Effective Factor (EF) -13.88 0.02 1.00 

 

The results show that the average correlation coefficient index in the country is about 0.85, which according 

to Figure 3, in 64 stations, equivalent to about 80% of all stations, the value of this index is higher than 0.8. 

The best correlation is seen in the Zagros strip as well as in the east of the country. In contrast, there is less 

correlation in the location of some stations in the northwest and the center of the country. 

The average error rate in the country is 21.35 mm per month (Table 1). Examination of the RMSE value 

between the GPM-IMERG satellite precipitation product and the precipitation data of synoptic stations in 

Figure 4 shows that most stations are in the error range of 10 to 20 mm per month. This satellite has the 

lowest error rate in the central, eastern, southeastern, northeastern, and northwestern regions. Moreover, for 

some stations located in the Zagros Mountains (including the western and southwestern parts of the country) 

and the Caspian region, which are generally rainy areas, the value of this index is more than 20 mm, and 

even in some Caspian regions, the error value is within 50 mm to 100 mm. 
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According to the results of Table 1, the average value of the efficiency coefficient in the country is 0.02. 

Also, according to Figure 5, 33 stations, equivalent to 41% of all stations, are in the range above 0.7 as 

optimal performance. It should be noted that 14 stations have an efficiency factor of less than zero. The 

distribution of these stations is generally in the northern, northwestern regions of the Zagros Mountains, 

south and east of the country. 

 

 

3. CONCLUSION 
 

Knowing the place and time of precipitation and its amount is very important in hydrological modeling and 

management of water resources of catchments. Therefore, measuring and estimating rainfall is very 

important (Geo et al., 2016). Precipitation satellite products have addressed the concerns of the inadequate 

dispersion of the rain gauge network and the lack of access to mountainous and impassable areas, resulting 

in a lack of access to appropriate statistics. This article evaluated the sixth edition of the GPM-IMERG 

satellite product of Final Run type on a monthly scale in the statistical period 2008-2019 in the whole 

country. The results show a high correlation with the ground data in most parts of the country, especially 

in the eastern and western regions. 
 

 

 
 

 
Figure 3. Frequency in each category and spatial distribution of the correlation coefficient of GPM-IMERG 

satellites with synoptic stations in the country 
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Figure 4 . Frequency in each category and spatial distribution of RMSE value between GPM-IMERG satellite 

product and synoptic stations in the country 
 

 
 

Figure 5 . Frequency in each category and spatial distribution of EF values of synoptic stations with GPM 

satellite in the country 
 

 

On the other hand, up to 65% of stations have an RMSE error of less than 20 mm per month, and only in 

the Caspian coastline and some other rainy situations, the error rate is in the higher range. The efficiency 

of this product is very desirable in the provinces of North, Razavi and South Khorasan provinces in the east 

of the country, and Kermanshah province in the west of the country. In general, the performance of this 

satellite product seems to be impaired in rainy areas. However, the findings of this study show that the 

monthly product of GPM-IMERG satellites is a good alternative for ground data in water balance and 

climatological studies, especially in the eastern provinces and the Zagros highlands. 
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Abstract 

Air pollution, which is becoming more severe as cities grow and develop, has forced the 

government to control and monitor pollutants. This essay focuses on the spatial prediction of 

the monthly average of PM10 using Geographic Information science (GIS). This was done 

using an MLP Neural Network and a Random Forest on a grid of 500m * 500m and 3000m * 

3000m. The results revealed that the MLP in the Grid 3000m * 3000m with an RMSE of 2.492 

outperformed the Grid 500m * 500m with an RMSE of 3.592. Therefore, PM10 modelling 

succeeded at higher spatial resolution.  
Keywords: Air pollution, Neural Network, Random Forest, Spatial prediction, GIS 
 

 

1.Introduction and Background 

Air pollution is becoming a serious hazard to both human health and the environment. In such a way, 

millions of tons of harmful substances enter the environment each year. This phenomenon exists in 

numerous cities worldwide and has caused significant problems for them [1, 2]. This case clearly 

demonstrates the significance of modelling and forecasting air pollution. Furthermore, modelling can 

provide information about the status of pollutants in the environment, and forecasting can provide 

qualitative and quantitative information about the amount of pollutants based on the specific conditions of 

the pollution source and the meteorological conditions. This allows for careful planning to deal with air 

pollution [3]. PM10 is a significant air pollutant that is an aerodynamic particle with a diameter of less than 

10 micrometers. These particles limit visibility in cities, are mainly created by industrial activity and are 

more prevalent in humid regions [4]. These particles enter the body through the throat and nose, causing 

significant pulmonary difficulties and increasing the risk of cancer [5]. Furthermore, the structure of PM2.5 

contains heavy metals that are harmful to the body, making this particle one of the most harmful air 

pollutants. This particle is so small that the body's natural filters cannot filter it. If a person is exposed to 

this particle for an extended period, the chances of death are significant [6]. Nitrogen oxide is a mixture of 

nitrogen monoxide (NO) and nitrogen dioxide (NO2), both of which are produced from natural sources and 

motor vehicles. Prolonged exposure to high levels of nitrogen dioxide can cause chronic lung disease [7]. 

Ozone is one of the secondary pollutants that have harmful effects on human health. Prolonged ozone 

exposure is most likely one of the causes of asthma [3]. 

The majority of research has focused on the temporal prediction of air pollution; however, since 

spatial forecasting of air pollution is also essential, modelling and forecasting of air pollution from a spatial 

perspective has been investigated in this study. In this paper, spatial modelling of PM10 concentration was 

carried out using data from Tehran's air quality monitoring and meteorological stations. Geographical 

Information Science (GIS) has also been used for data preparation and preprocessing. It can be used to 

generate a regular grid of points with varying resolutions, and the values of each parameter in these points 

https://www.toxir.com/index.php/aab/article/view/4646
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can be obtained using interpolation methods. Their performance was then determined using a Multilayer 

Perceptron neural network (MLP) and a Random Forest methods. 

Several studies on the spatial prediction of the air pollution have been conducted. Some of these 

researches highlighted the use of geostatistical approaches, while others discovered that machine learning 

techniques were effective. In addition, in recent years, some researchers have applied the land-use 

regression method with positive findings. Table 1 summarizes some of these studies. 
 

Table 1: Various studies on the spatial prediction of air pollution 

Author Title Description ref 

Nishikawa 

and 

Kannari, 

2011 

Atmospheric 

Concentration of 

Ammonia, Nitrogen 

Dioxide, Nitric Acid, and 

Sulfur Dioxide by Passive 

Method within Osaka 

Prefecture and Their 

Emission Inventory 

This study compared the concentrations of 

NO2, SO2 and NH3 pollutants produced by 

the passive method with the relevant emission 

inventory. To accomplish this, they used GIS 

to determine the pollutant emission inventory 

in two meshes of 1 * 1 km and 3 * 3 km. They 

concluded that NOx pollutants performed 

better at higher spatial resolutions, but NH3 

performed better at lower spatial resolutions, 

and there was no difference between the two 

resolutions for SO2. 

8 

Ahmad et 

al., 2012 

Integration of GIS and 

Artificial Neural Network 

for prediction of Ozone 

Concentration in Semi-

rural areas of Rawalpindi 

and Islamabad 

They employed a combination of neural 

networks and GIS to estimate the ozone 

concentration in their article. They used 

temperature, humidity, and rainfall data as 

training data to accomplish this. Finally, they 

employed GIS to interpolate the results, which 

revealed the relationship between ozone 

concentration and environmental parameters. 

9 

Wang et 

al., 2013 

Temporal stability of land 

use regression models for 

traffic-related air 

pollution 

They examined the stability of land use 

regression model against time in Canada. 
10 

Arslan and 

Akyürek, 

2018  

Spatial Modelling of Air 

Pollution from PM10 and 

SO2 concentrations 

during Winter Season in 

Marmara Region:2013-

2014 

In this study, they employed spatial analysis 

to model the concentrations of PM10 and SO2 

pollutants in the Marmara region of Turkey. 

They also employed GIS geostatistical 

techniques to create spatial distribution maps 

of pollutants in order to determine emission 

patterns. They also utilized spatial and 

standard regression models. 

11 

 

 2.Materials and Methods 

 

This part discusses the characteristics of the study area and the research structure, followed by the neural 

network and Random Forest theories. 

 

2.1.  Case study 

 

Tehran is Iran's capital, and it is located to the south of the Alborz Mountains. The city's history dates back 

to 7000 years. Tehran is approximately 51 degrees and 20 minutes longitude north and 35 degrees and 56 

minutes latitude east, with an altitude ranging from 900 to 1800 meters above sea level. Furthermore, 

Tehran covers an area of approximately 730 square kilometers [12]. Geographical factors play a significant 
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role in Tehran's air pollution. Tehran, on the other hand, has become one of the most polluted cities as a 

result of the city's expansion, population growth, industrial development, increased use of motor vehicles, 

and mismanagement and carelessness [13]. 

 

Three kinds of data were used in this study: 

1) Meteorological data, including temperature, relative humidity, wind speed, wind direction, 

pressure, and precipitation, acquired from meteorological stations over two months, from 20-03-

2020 to 20-05-2020. 

2) PM10, PM2.5, NOx, and Ozone pollutant concentration data acquired from Tehran Air Quality 

Monitoring stations owned by the Tehran Air Quality Control Company over two months from 20-

03-2020 to 20-05-2020. Tehran has 20 air quality monitoring stations spread throughout the city. 

Figure 1 depicts the locations of these stations in Tehran. 

3) Data about the location and height of air quality monitoring stations, as well as population density 

in Tehran. 

 

 
 Figure1: Location of air quality monitoring stations used in this research 

 
2.2. Proposed Methodology 

The monthly average concentration of contaminants and meteorological data are used in this study. Then, 

using GIS software, a regular Grid of points is generated with spatial resolutions of 500mm*500m and 

3000m*3000. All parameters are derived using interpolation methods at these sites. The Pearson correlation 

coefficient is then applied to determine the relationship between independent and dependent factors. The 

models' inputs in this study are meteorological parameters, population density, x, y, z, and the 

concentrations of PM2.5, NOx, and Ozone pollutants at each point. In contrast, the model's output is the 

concentration of PM10 pollutants at each point. 

  A neural network is a type of machine learning approach that is commonly utilized in the prediction and 

modelling of air pollution. It is also built with many neurons that generate an output pattern in exchange 

for receiving an input pattern [14]. This network is made up of three layers: input, hidden, and output. It is 
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also employed in the solution of nonlinear problems. Equation 1 depicts the link between neural network 

outputs and inputs [15]. 

f(x)=ωo+∑ ωjhj
q

i=1  

 

Where 𝜔𝑗 indicates model parameters, q demonstrates the number of hidden neurons, and f(x) 

denotes the network's function in relation to weights.  The perceptron neural network is one of the simplest 

basic neural networks, with only one layer. This network cannot tackle sophisticated and advanced 

problems on its own; hence the number of hidden layers must be increased. As a result, in this study, a 

Multilayer Perceptron neural network, which is one of the most extensively used neural networks, is used 

employed [16]. Each neuron in this network has an activation function that applies to the inputs. In this 

manner, this function transfers the input weight multiplication to a specified interval. Activation functions 

can be sigmoid, linear, radial, etc. The structure of a multilayer perceptron neural network is depicted in 

Figure 2 [17]. 
 

 
Figure 2: structure of a multilayer perceptron neural network [18] 

One of the most extensively used machine learning methods is the Random Forest algorithm. This approach, 

invented by Leoberman in 2001, is applicable to both classification and regression issues. Obviously, a 

forest is made up of numerous trees, and the more trees there are, the more vital the forest is. This algorithm 

considers data samples as a tree and uses each one to help forecast, and finally, an overall result is derived 

from the solutions. This method works by first selecting a series of random samples from the data collection 

and then creating a tree for each sample, with each tree having a result to forecast. Following that, a poll is 

performed between the forecasts' results, and the result of the prediction with the most votes is chosen as 

the answer [19]. 
 

3.Result and Discussion 

In this part, MLP neural networks and Random Forests are employed to forecast the spatial distribution of 

PM10 concentrations. PM2.5, NOx, Ozone, meteorological data, position, elevation, and population density 

at each point are used as inputs to these models, and the output is the PM10 concentration at each point. 

Pollutants concentration and meteorological data are also utilized on average between 20-03-2020 and 19-

04-2020. 

(1) 
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     To begin, for spatial modelling and forecasting, we use data from 14 air quality monitoring stations for 

training, followed by six stations for testing the model. The data must also be calculated in regular Grids of 

points with resolutions of 500m * 500m and 3000m * 3000m. IDW is utilized in GIS software to accomplish 

this. These two Grids are depicted in Figure 3. 

 
Figure 3: Grid points created in Tehran 

 
In addition, in each Grid, the correlation of independent parameters with the dependent parameter must 

be determined. The Pearson correlation coefficient is utilized to accomplish this. These two correlation 

matrices are illustrated in Figures 4 and 5. The concentration of PM10 at a Grid 500m * 500m has a high 

association with humidity and temperature, as shown in the correlation matrix, demonstrating the effective 

role of these two parameters on PM10. Furthermore, this pollutant in the Grid 3000m * 3000m exhibits a 

strong association with x, y, and elevation. 
 

 
Figure 4: PM10 correlation matrix with different parameters in grid 500m * 500m 
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Figure 5: PM10 correlation matrix with different parameters in grid 3000m * 3000m 

 

 

MLP and Random Forest Models are built at this step, and RMSE, MAE, and R2 are used to evaluate 

them. Equations 2, 3, and 4 demonstrate how to calculate these criteria. 

RMSE= √
1

N
∑ (Pi-Oi)

2n
i=1  

 

MAE= 
1

N
∑ |Pi-Oi|
n
i=1  

Which Pi denotes the predicted value, Oi is the observed value, and N is the number of observations. 
 

R2=1-
RSS

PSS
 

 

Where RSS is the sum of squares of residuals and PSS is the total sum of squares.  

Table 2 shows the results of spatial modelling of PM10 concentration with MLP and Random Forest 

methods within two Grid 500m * 500m and 3000m * 3000m. As shown in the Table 2, the MLP neural 

network has higher accuracy than the Random Forest. Also, modelling accuracy is better at higher 

resolutions, so PM10 performs better at higher resolutions. Figure 6 shows the regression relationship 

between the actual and measured values with train, test and 6-station data within the Grid 3000m * 3000m 

using the MLP neural network. 

 
Table 2: the results of spatial modelling of PM10 concentration 

 MLP Random Forest 

Grid RMSE MAE RMSE MAE 

500m * 500m 3.592 2.421 6.196 5.004 

3000m *3000m  2.492 1.678 5.254 3.759 

 

 

(3) 

(2) 

(4) 
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Figure 6: Relationship between Real values and Predicted values with MLP 

 

A map of PM10 concentration is created in the following stage, as shown in Figure 7, which depicts the 

PM10 concentration map based on the MLP approach and Random Forest in a grid of 3000m * 3000m. As 

can be seen, the maps produced in this part have a value range of 15 to 50. Darker areas indicate high 

concentrations of PM10. The eastern regions are the least polluted, whereas the southern and southwestern 

parts are the most polluted. Because the data duration is belong to the Persian New Year vacation, the 

pollution level is generally minimal during this time. 

 

 
Figure 7: PM10 concentration map 

 

 

Train Test 

6 stations 
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Sensitivity analysis was performed using MLP neural network within Grid 3000m * 3000m in Table 3 

to evaluate the effect of PM2.5, NOx, and Ozone on the model's output. Only NOx was initially excluded 

from the model parameters, and the model was trained using other parameters. The RMSE and MAE of the 

model was measured, then NOx and Ozone were removed from the model training process, and the model 

result was tested again. Finally, all three contaminants were removed from the model training process. 

Furthermore, the results demonstrated that removing these three parameters will not have a negative impact 

on the final accuracy of the moddel. As a result, PM10 concentration may be just forecasted using 

meteorological factors, population, altitude, and position factors. 
 

Table 3: Sensitivity analysis results 

Sensitivity Analysis RMSE MAE 

Without NOx 3.299 2.653 

Without NOx, Ozone 3.943 2.973 

Without NOx, Ozone, PM2.5 4.436 3.677 

 

 

It is also feasible to forecast PM10 concentrations between 20-40-2020 and 20-05-2020 using the model 

developed for the preceding period, which was one month ago. The population, location (X, Y), and 

elevation are the same in both cases. Furthermore, the averages of meteorological characteristics in the two 

eras are close, as shown in Tables 4 and 5. 
 

Table 4 : Average meteorological parameters in the period between 20-03-2020 and 19-04-2020 

Wind Direction Wind Speed Temperature Pressure Rainfall Humid 

209.4901 2.774626 8.842599 835.0328 3.381698 64.49236 

 

 Table 5: Average meteorological parameters in the period between 20-40-2020 and 20-05-2020 

Wind Direction Wind Speed Temperature Pressure Rainfall Humid 

231.8599 3.115214 16.41059 835.3227 1.416435 45.58426 

 

As a result, the data in the Grid 3000m * 3000m are prepared as before and entered into the MLP 

model in this scenario. In another scenario, the model's required parameters for the stations were 

determined, and just these stations were used to test the model's correctness. Table 6 shows the model's 

output in two different instances. As a result, with meteorological parameters and PM2.5, Ozone, and NOx 

for one month, PM10 concentration can be forecasted based on the previous month's model. Figure 8 shows 

the regression relationship between the actual values and the measured values within the Grid 3000m * 

3000m using the MLP model. 
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Table 6: the results of spatial modelling of PM10 concentration based on a model that is produced in the 

previous step 

Type RMSE MAE 

Grid 3000m * 3000m 9.124 7.943 

 Stations 12.985 9.900 

 

 

 
Figure 8: Relationship between real values and Predicted values with MLP within Grid 3000m * 3000m 

 
Figure 9 also depicts the concentration map created between 20-40-2020 and 20-05-2020. 

 

 
Figure 9: PM10 concentration map based on a model that is produced in the previous step 
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4.Conclusion 
 

PM10 is a substantial air pollutant that has a negative impact on both human health and the environment. 

As a result, the spatial prediction of its concentration is made in this article. As previously stated, 

meteorological data such as temperature, humidity, wind speed, wind direction, air pressure, precipitation, 

x, y, elevation, population, and PM, NOx, and Ozone concentrations were utilized to estimate PM10. 

Furthermore, the data were generated within Grids 500m * 500m and 3000m * 3000m, and a Pearson 

correlation coefficient was employed to investigate the relationship between different parameters in the two 

Grids. The correlation matrix results in the two Grids revealed that PM10 had a high correlation with 

meteorological variables like temperature and humidity, as well as a good correlation with x and y. On the 

other hand, pm10 has a negative connection with elevation, which means that the amount of this pollutant 

is lower in higher elevation regions. As a result, the concentration of PM10 in Tehran's southern areas is 

higher than in other areas. A similar situation was seen between PM10 and precipitation, so that the higher 

precipitation value means, the lower pollutant concentration.  

In this study, MLP neural network and Random Forest were used, and models were created in two 

different Grids. Therefore, the model inputs were independent parameters at each point, and the output was 

PM10 concentration. The modelling findings revealed that PM10 performed better at higher spatial 

resolutions. Furthermore, the neural network outperformed the Random Forest in terms of accuracy. The 

concentration of PM10 is higher in the south and southwest of Tehran. The sensitivity analysis indicated 

that three criteria can be deleted for forecasting PM10 and the effective variables to forecast PM10 are 

meteorological parameters, elevation, population, and x and y. Findings of this research can aid in the 

planning of air quality control in the city. It also assists managers and decision-makers in this field to take 

effective and essential measures to prevent future losses. 
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Abstract 

The study of the region's geography is significant in the study of illness since many diseases 

depend on the region's geographical characteristics. Therefore, spatial analysis and spatial 

modelling strategies for malaria have been investigated in this study. The primary goal of this 

research is to provide an overview of malaria spatial modelling. The fundamental purpose of 

this study is to analyze many presented approaches for spatial modelling of malaria. In addition 

to examining the method, the benefits and drawbacks of each method were highlighted. Aside 

from that, the technique of employing GIS and its benefits for spatial modelling were covered. 

Keywords: Malaria, Spatial Modelling of malaria, Neural Network, GIS 

 

 

1.INTRODUCTION  

Malaria is a contagious blood disease caused by protozoa that are spread by the Anopheles mosquito. 

This disease's prevalence is influenced by several environmental and geographical factors, which are 

spatial. Furthermore, the transmission of malaria is dependent on the movement of infected humans and 

mosquitos [1]. Malaria has been eradicated in most parts of Iran. But people in the southern and southeastern 

parts of the country are still impacted by this disease, and a considerable number of them become sick with 

it each year. Therefore, the study of practical components and spatial modelling of malaria is critical and 

necessitates the application of modern science and technology. Because the occurrence of certain diseases 

is influenced by local environmental factors, geographic research into the area is critical. Malaria occurs in 

more than 100 countries and regions, and more than 40% of the world's population is at risk. Despite 

extensive research, malaria is still a global health problem. Also, the prevalence of a disease in particular 

places, as well as its uncommon occurrence, suggest the presence of a disease source in that area. As a 

result, the spatial element is considered in public health studies. Therefore, GIS, as a science and 

technology, has the potential to address public health challenges [2]. 

Increasing advances in technology have left users with enormous information. Due to a large amount of 

data that confuses users, so it is necessary to have a strong and efficient system that can collect, store and 

process various data properly. In this regard, GIS is introduced as a powerful and efficient tool [3]. GIS is 

a combination of software, hardware, and data to receive, manage, analyze, and display all forms of spatial 

information. GIS also allows us to view and understand the data. The main component of GIS consists of 

five components: hardware, software, people, data, and methods, which work in a coordinated and 

integrated manner to achieve a goal [4].  

The primary goal of this research is to examine various methods for modelling malaria spatially. In this 

study, the advantages and disadvantages of multiple methods for malaria research have been discussed in a 

comprehensive review article, rather than merely summarizing the findings. This article's continuation is 

organized as follows.  Section 2 defines malaria, while Section 3 explains the disease's various mechanisms 
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of transmission. Section 4 looks into malaria in various parts of Iran. Section 5 looks at how countries are 

classified in terms of malaria risk. Section 6 goes into several modeling approaches. Section 7 comes to a 

close with a discussion and conclusion. 

 

 2.Definition of malaria 

Malaria is one of the severe problems that affects up to 500 million people every year and causes the 

death of more than 1 million people [5]. The disease is transmitted by mosquitoes and affects most women 

and children. However, several studies have shown that it is more common in adults [6]. It is also a parasitic 

disease that is caused by Plasmodium protozoa. There are about 170 Plasmodium species, of which only 

four of them naturally cause disease in humans, and each of these types has several species. These four 

types are Plasmodium malariae, Plasmodium vivax, Plasmodium ovale, Plasmodium falciparum [7]. 

Plasmodium falciparum is the most dangerous type found in Africa and has the most severe symptoms, and 

is associated with the highest number of deaths due to malaria [8].  This disease can cause death if left 

untreated [9]. 

 

3.Transmission routes of Malaria 

Malaria is most commonly transmitted by the bites of Anopheles mosquitos. When a mosquito bites 

someone, it absorbs their blood. When a person gets malaria, numerous parasites enter the mosquito's body. 

Malaria parasites multiply in the body of the mosquito and are ready to be transmitted to another person 

after 7 to 21 days, depending on the temperature and humidity of the environment; now, if a mosquito bites 

a healthy person, malaria parasites enter the person's body, and the person becomes ill. It can also be 

transmitted by blood transfusions, the placenta to the fetus, and infected needles. Alternatively, vaccination, 

spraying, and pest management in the environment are essential and effective parameters in the prevalence 

and transmission of malaria [10]. 
 

 

 
               Figure 2: How to transmit malaria from a mosquito to a person and from person to person [11] 

4.Classification of countries based on malaria risk 

In general, the countries of the world in terms of malaria are divided into three parts [7]: 

 Malaria-free countries or countries where malaria has been eradicated due to economic, social, and 

health advancements. The majority of Western countries fall within this category. 

 Countries that have held the disease at a stable level, yet there is a risk of a re-epidemic. Most Asian 

countries are in this category. 

 Countries where malaria is transmitted, and there is no plan in place to prevent and control the 

disease; most African countries fall into this category. 
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5.Malaria in cities of Iran 

Iran is one of the countries that has kept malaria at a constant level. Still, because most parts of Iran are in 

a temperate and humid region, there is a possibility of its re-epidemic [12]. In the last two decades, due to 

Iran's proximity to Afghanistan and Pakistan and the lack of regular malaria control programs in these 

countries, malaria has always been raised in Iran. In Iran, a 15-year malaria eradication plan was developed 

and implemented from 2010 to 2025. And fortunately, after implementing the programs, mortality in these 

areas decreased dramatically [7]. 

 

5.1. Malaria in Bam 

Bam is a city in Kerman province in southeastern Iran. Bam is also one of the cities that is prone to malaria. 

According to the study's findings, 112 cases of items occurred in Bam between 2004 and 2014, with 38 

women and 74 men involved. According to the results, the disease trend increased until 2006, but the 

number of patients has decreased since then. It can also be noted that the incidence of malaria has reduced 

dramatically since 2011, with only instances being exclusive to men. It has also been claimed that most of 

the cases in this city occurred on the outskirts of Bam; one of the explanations could be the presence of 

carriers such as Afghan migrants [13]. 

 

5.2. Malaria in Kohgiluyeh and Boyer-Ahmad 

Between 2001 and 2011, 156 instances of malaria were registered, 119 of which were men and 37 of which 

were women. During this time, Afghan migrants accounted for around 87 percent of all cases. According 

to statistics, there has been a decrease in instances over the last decade, most of them occurring in places 

where the health status has been exceedingly poor [10]. This study's conclusions differ from those of a 

study done in the same province from 1996 to 2003. The incidence of the disease among Afghan migrants 

is one of the disparities. In the previous survey, only a tiny proportion of Afghans were infected with 

malaria; however, almost 87 percent of patients were Afghan migrants [14]. 
 

5.3. Malaria in Rudan city of Khuzestan province 

According to the results and studies made in this city, malaria is a type of local sickness for this city. 

Because more than 80% of the people are city dwellers, and this environment is ideal for the growth and 

reproduction of Anopheles mosquitoes. And, like in other cities, immigrants are not the primary source of 

disease transmission. Between 2003 and 2011, there were 298 cases of the disease, with the majority of 

patients being men, like in previous cities. Seasonally, summer had the most cases, and winter had the 

fewest. The point that makes this study interesting is that in this city, the more rain there is, the lower the 

incidence of the sickness is, while if it rains, the humidity rises and the transmission of the disease should 

rise, but this is not the case. The explanation for this could be that the majority of the rainfall in the city 

falls in the form of showers and floods, which devastate Lahora ecosystems [15]. 

 

6. Malaria modeling methods 

 In general, various methodologies for modeling malaria have been examined. Several factors play a role 

in malaria modelling, which complicates modelling methodologies to some level. This limits the 

comparison as much as possible, but in this article, we have attempted to highlight the positive and 

negative aspects of the methodologies. 
 

6.1. Kriging 

Kriging is an interpolation method that belongs to a family of geostatistical approaches that can be used to 

evaluate, model, and predict unknown data. kridge invented this approach in 1951. The technique works by 

decreasing variances to provide an unbiased approximation of uncertain locations [16]. In other words, 

kriging is a statistical approach for estimating values at unknown points from known observation points. 

The variogram, which connects half of the average squared difference between paired data values to the 

distance between them, is also a key tool in this strategy [17]. The Kriging formula is shown in Equation 1. 
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𝑍(𝑆0) = ∑ 𝜆𝑖
𝑁
𝑖=1 𝑍(𝑆𝑖) 

In this Equation, Z(Si) is the value observed in position i, λ is the weight for position i and Z (S0) is the 

value in an unknown location. Kriging is also divided into three categories [18]: 

1)  Ordinary Kriging: This method is employed when the data follows a constant μ, which means 

the average is constant in a spatial area. 

2) Universal Kriging: Used when data has a specific trend, that is to say, the data surface is 

inclined to a mathematical function. 

3) Indicator Kriging: Used when the data is binary, such as whether the air is polluted or not. 

The research on malaria modeling using Kriging is shown in Table 1. 

 

Table 1: various studies that have been performed using Kriging for modelling malaria 

Authors Descriptions 
Advantages and 

Disadvantages 

19 

This study aimed to use GIS to determine the 

spatial distribution of malaria cases in Jahrom city. 

In this work, the Moran spatial correlation 

approach was utilized for spatial analysis of 

latitude and longitude connected to each patient's 

location and, the Kriging interpolation method was 

employed to evaluate the incidence and risk of 

disease. The spatial analysis of the Kriging 

interpolation method revealed that the Jahrom 

suburbs have a very high risk of disease, and the 

findings of Moran correlation analysis revealed 

that the disease distribution is random. 

One of the most prominent 

advantages of this method is 

that it can be a helpful tool in 

malaria prevention and control 

programs by highlighting high-

risk areas. One of the 

significant disadvantages of 

this system is that, because it is 

based on cases, some people 

refuse to go to hospitals due to 

the ailment's mildness or 

because they are illegal 

immigrants.  

13 

The GIS was used in this work to evaluate the 

reported cases of malaria in Bam. For this 

investigation, documented positive malaria cases 

in Bam city were acquired from a health center 

over an 11-year period. The longitude and latitude 

of each patient's location were then obtained based 

on their postal address for each instance for 

malaria spatial analysis. In a GIS environment, the 

Moran spatial correlation approach and the 

Kriging interpolation method were employed for 

spatial analysis. According to the findings, the 

disease's spatial distribution in the region was 

random, and the highest risk of disease outbreak 

was in the suburbs. 

An essential part of malaria 

control and prevention efforts 

may be found in spatial 

analysis, which identifies high-

risk areas as well as analyses 

environmental variables. One 

of the method's limitations is 

that it does not consider the 

temperature and humidity 

layers, which are essential 

factors in malaria prevalence. 

 

6.2. Geographically Weighted Regression (GWR) 

In studies that have spatial dimensions, in other words, spatial variables are involved; the relationship 

between variables is measured with a linear estimator model. This estimator model must have constant 

coefficients. Each observation data is weighted according to its distance from the estimated position in the 

weighted geographical regression presented by Fotheringham et al.; this means that observations close to 

the estimated point have more weight and effect on the estimate, and further observations have a more 

negligible impact. This regression model includes a dependent variable and one or more independent 

variables, which the values of each are determined at specific points. Equation 2 shows this regression 

model [5]. 

 

(1) 
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𝑦𝑖(𝑢) = 𝛽0𝑖(𝑢) + 𝛽1𝑖(𝑢)𝑥1𝑖 +⋯+ 𝛽𝑚𝑖(𝑢)𝑥𝑚𝑖 
 

Which y are the values of the dependent variable at point u, x is the values of the independent variable at 

point u, and 𝛽 are the model estimators. Table 2 summarizes some of the studies in malaria modeling with 

GWR. 

 
Table 2: various studies that have been performed using Kriging for modelling malaria 

Authors Descriptions 
Advantages and 

Disadvantages 

5 

In this study, three climatic factors, including mean 

monthly temperature, amount of precipitation, and 

moisture mixing ratio index, were used to perform 

spatial modelling of Annual Parasite Incidence (API) 

of malaria in Sistan and Baluchestan province using 

the geographic weight regression model. For this 

reason, climatological factors were estimated as a 

long-term average of 20 years for 11 synoptic and 

climatological stations in the area, and they entered 

the GIS environment as a spatial information layer. 

The spatial role of the variables in the study region 

was determined by zoning the parameters. The 

model's output revealed that rainfall during 

Anopheles mosquito activity is the most critical factor 

in determining the disease's Annual Parasite 

Incidence (API) in the research area. 

One of the model's 

disadvantages is that it 

considers only a subset of 

climatic parameters, which 

is a limitation. Because, 

according to the model 

explanation coefficient of 

48%, only 48% of malaria 

epidemiology could be 

explained using climatic 

parameters. As a result, we 

must address economic, 

social, and cultural aspects, 

as well as issues of malaria-

infected migrants and other 

human elements. 

20 

They employed Ordinary Least Squares (OLS) and 

Geographically Weighted Regression (GWR) models 

to investigate spatial linkages and discover 

geographical heterogeneities in the cities of 

Kaohsiung and Fengshan in 2002. All analyses in this 

article were implemented using ArcGIS 9.3. It 

appears that dengue-mosquito and human-disease 

interactions were non-stationary, according to 

findings. Dengue occurrences in certain regions were 

associated with greater vector/host densities, whereas 

in other places, they were associated with lower 

vector/host densities. A GWR model should 

distinguish between dengue incidence and immature 

mosquito and human density in different parts of the 

world. 

The results of their research 

showed that with the help of 

this method in the whole 

study area, a general 

relationship could not be 

found between the number 

of patients and population 

density and the number of 

vector mosquitoes. They 

also showed that the 

efficiency of the geographic 

weight regression model is 

essential in detecting spatial 

heterogeneity of 

relationships between 

variables related to the 

disease. 

21 

The purpose of this study was to examine the 

geographical relationship between malaria incidence 

and environmental risk variables. Using ordinary least 

square (OLS) and spatially weighted regression, six 

possible ecological predictors of malaria cases were 

examined in the different areas of the country (GWR). 

Other than that, the patterns and geographical 

variability of the correlations between malaria cases 

and chosen putative ecological predictors were 

examined. More than one environmental and 

geographic factor was significant in South Sumatra, 

The findings of this study 

demonstrated that GWR 

could be used to gain a 

better knowledge of the 

local ecological factors 

influencing malaria. This 

may be important not only 

for establishing long-term 

malaria control strategies, 

but also for regional malaria 

eradication efforts. 

(2) 
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Indonesia, for malaria. Malaria cases were linked to 

height, distance from a forest, and rainfall in the 

global OLS model. However, as demonstrated by the 

GWR model and in accordance with prior studies, the 

link between malaria and environmental variables in 

South Sumatra was substantially spatially variable in 

different locations. 

 
6.3. Artificial Neural Network 

An artificial neural network (ANN) is a concept for information processing that is inspired by the 

biological nervous system and analyzes data in the same way that the brain does. The structure of the 

information processing system is a critical component of this concept. This system is made up of a 

considerable number of neurons, which are highly coupled processing components. An artificial neural 

network's principal goal is to generate an output pattern (in the form of an output vector) as a lengthy 

computational system in response to an input pattern (in the form of an input vector). Neural networks with 

properties such as self-learning and the power of approximation of any nonlinear function are used as a 

potent tool in the field of complex systems [22]. 

Neural networks are made up of three layers: input, hidden, and output. It is feasible to determine the 

number of hidden layers, the number of neurons in each layer, and the transmission functions utilized in 

each layer in these networks. Equation 3 depicts the relationship between output f (x) and inputs [23]. 

 

𝑓(𝑥) = 𝜔0 + ∑ 𝜔𝑗ℎ𝑗
𝑞
𝑗=1 

∅(𝑍𝑗)=  jhare the parameters of the model, q is the number of hidden neurons and  𝜔𝑗 Which this relation 

 where ∅(𝑧) is an activation function. Figure 3 shows the structure of the neural network. 

 

 
Figure 3: the structure of the neural network [24] 

 

Table 3 shows the various studies that have been performed using neural network for modelling malaria. 

 

(3) 



 

62 
 

 

Table 3: various studies that have been performed using neural network for modelling malaria 

Autors Descriptions Advantages and Disadvantages 

2 

The spatial and Spatio-temporal clusters of 

the disease were investigated in this study, 

and neural networks were utilized to estimate 

malaria incidence in the province of Sistan 

and Baluchistan. Also from the data related to 

the incidence of malaria and meteorological 

and environmental data including relative 

humidity, temperature, maximum wind speed, 

rainfall, elevation, vegetation, rainfall, 

distance from stagnant water and rivers and 

data related to the method Malaria prevention 

measures have been used monthly for a period 

of 5 years. They prepared the data in GIS 

environment The results showed that malaria 

is more prevalent in the southern and 

southwestern parts of the province, with low 

altitude and semi-humid climates. They also 

made a comparison between the neural 

network method and support vector 

regression in this study. 

By adding new components to the 

model, neural networks can produce 

novel outputs for modelling disease 

outbreaks. A comparison of the two 

modelling approaches' results 

revealed that the support vector 

regression method, with proper 

parameter selection, has a less 

square root mean square error and a 

higher correlation coefficient than 

the neural network and could better 

model the disease's prevalence. On 

the other hand, determining the 

network status and generalizability 

for modelling (learning) problems 

in the neural network has not yet 

been fully solved. 

25 

The parasitological data utilised in this study 

came from the Thai Ministry of Public 

Health's monthly province malaria 

epidemiology reports. To simulate malaria, 

climatic time series and satellite observations 

of precipitation, temperature, relative 

humidity, and the vegetation index were 

employed as independent variables. A neural 

network approach, an artificial intelligence 

methodology, was used to predict the 

relationship between these factors and malaria 

transmission. Despite the limited resolution of 

our data and the influence of migratory 

populations, we have discovered a pretty good 

correlation between malaria and 

meteorological and environmental remote 

sensing variables. 

One of the drawbacks of neural 

networks is that the more 

complicated they are, the better they 

are at training, but the worse they 

are at testing. 

 

7.CONCLUSIONS 

There are several approaches for modelling malaria, but because there are numerous elements that 

influence the incidence of the disease, it is impossible to identify which method works best in modelling. 

As a result, it is essential to evaluate the pros and disadvantages of the approaches in order to compare 

them and select the best way based on the various studies. 

1) Kriging: Malaria prevention and control efforts can benefit significantly from the use of this 

technology since it can identify regions of most significant risk. As a result of this system's reliance 

on individual situations, some people refuse to go to hospitals for minor ailments or because they're 

illegal immigrants, a considerable drawback. A further liability is that the temperature and humidity 

levels, which are critical to malaria transmission, are not considered. Because kriging involves 
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sophisticated mathematical calculations, it is also challenging to model uncertainty in this 

approach. 

2) GWR: One of the model's drawbacks is that it only considers a subset of climatic parameters, which 

is a restriction. A general association between the number of patients, population density, and the 

number of vector mosquitoes could not be detected using this technique over the whole research 

region. On the other hand, the geographic weight regression model's efficiency is critical in 

discovering geographical heterogeneity of correlations between disease-related variables. As a 

result, GWR might be used to acquire a better understanding of the local environment variables 

that influence malaria. This might be critical not just for developing long-term malaria control 

strategies, but also for regional malaria eradication initiatives. 

3) Neural Network: In general, neural networks perform well and can handle nonlinear data. The 

benefits of this approach are that it is extremely simple to integrate it with other methods, it detects 

the process and pattern of data, and since it is trained, the more data that is supplied to it, the more 

sophisticated it gets over time and enhances decision making. On the one hand, it leads in the 

automation and semi-automation of operations and choices. One disadvantage of neural networks 

is that the more intricate they are, the better they perform in training but the worse they perform in 

testing. 
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Abstract 

Housing is one of the main human needs in satisfying comfort and tranquility. In recent years, 

due to sharp changes in housing prices, especially in Tehran, estimating the price of apartments 

has become one of the most attractive topics among citizens. Fixed and adaptive kernels in 

geographically weighted regression have been used to analyze the spatial distribution of 

housing prices in District 5 of Tehran Municipality and the factors affecting it. The sample 

size includes 7464 apartment housing prices that were sold in 2018, 2019 and 2020. To 

compare the results of geographically weighted regression in each of the fixed and adaptive 

kernels, gaussian, exponential and bi-square functions have been used. The mean adjusted r-

squared coefficient using gaussian, exponential and bi-square functions in fixed and adaptive 

kernels is 0.761 and 0.755, respectively. The results of this study show that due to the uniform 

distribution of data in the study area, the fixed kernel performs better than the adaptive kernel.  
Keywords: geographically weighted regression, fixed kernel, adaptive kernel, housing prices, 

Tehran. 
 

 

1. Introduction 

Examining the spatial distribution of housing prices in an area creates a spatial view of the entire region 

in terms of housing prices. It is also possible to analyze points in the region with high or low prices [1].  

Housing prices are of major economic and social importance. Convenient and affordable housing is a 

very important element in determining the quality of life[2]. Housing prices are subject to various factors 

and conditions. Hence, prices at different times and places are different[3]. At the regional level, housing 

prices vary from region to region, depending on local, social and economic characteristics. 

One of the methods to study the factors affecting housing prices is the geographically weighted  

regression (GWR) technique that has been used in response to the weaknesses of the ordinary least square 

(OLS) model. The geographically weighted regression method is used in the form of fixed and adaptive 

kernels. In the fixed kernel, the bandwidth is constant, and the number of adjacent points is variable, but in 

the adaptive kernel, the number of adjacent points is constant, and the bandwidth is variable. Among the 

studies that have been done in this field are: 

In 2019, Heyman studied 4019 samples in Oslo to assess the impact of the property location on price. 

This study showed that variables that can be understood by the buyer, such as distance to the metro station 
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and park could be used instead of the postal code variable. This helps planners consider the impact of these 

criteria on the design of urban spaces[4]. 

In 2019, Dziauddin examined the impact of proximity to city train stations on rising housing prices in 

Kuala Lumpur. The results of the geographically weighted regression method showed that this factor only 

affects low and middle-income neighborhoods and has no effect on high-income neighborhoods[5]. 

In 2021, Yacim used 3526 samples in Cape Town to study the factors affecting housing prices. 

Calculating the Akaike information criterion showed that the GWR method is superior to the OLS 

method[6]. 

The price per square meter of apartment housing in the period of 2018, 2019 and 2020 in district 5 of 

Tehran municipality fluctuates with an average of 14.445 and a standard deviation of 7.741 million 

Tomans. The high standard deviation of the price per square meter of apartment housing indicates the 

excessive dispersion of housing prices in this area. Therefore, the main purpose of this study is to identify 

the factors affecting housing prices due to its high spatial distribution in district 5 of Tehran municipality. 

 

2. Research methodology 

A global regression model is written as follows[7]: 
                                                             

0i k ik i
k

y x      (1) 

 

where y is the dependent variable, β are the estimated coefficients for each of the parameters, and x are the 

independent variables used in the modeling. This model can be developed using the geographically 

weighted regression method to estimate the parameters locally. The geographically weighted regression 

relation can be written as follows[7]: 

 

0( , ) ( , )i i i i ik i i ik i
k

y u v u v x      (2) 

 

where yi represents the dependent variable of the ith observation, βik is the kth regression parameter 

calculated for the ith observation, and xik is the value of the kth independent variable for the ith observation. 

    The function β(ui,vi) is calculated from the following equation[7]: 
 

1( , ) ( ( , ) ) ( , )T T
i i i i i iu v X W u v X X W u v y   

(3) 

 

where W(ui,vi) represents a weight matrix with dimensions n * n. To calculate the matrix W(ui,vi), the kernel 

function and its type must first be selected and in the next step, determine the bandwidth parameter that 

controls the density of points located in the kernel.  

     The most commonly used functions in the geographically weighted regression method are listed in table 

1. In these relations dij is the euclidean distance between the observation point j and the calibration point i 

and b, the bandwidth parameter. 
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Table 1- functions used in the GWR model 
Function Formula 

Gaussian[7] 21
exp( ( ) )

2

ij
ij

d
w

b
   

Exponential[7] exp( ( ))
ij

ij

d
w

b
   

Bi-square[7] 

2 2(1 ( ) )

0

ij
ij

ij

d
if d b

w b

else

 
  

  
 
 

 

 
 

    The concept of bandwidth is presented in two ways: distance and number of neighborhoods in the 

geographically weighted regression method. If the kernel is fixed, the bandwidth is fixed for all calibration 

points equal to a certain distance. Figure 1a shows a fixed kernel; according to this figure, it can be said 

that the number of observation points may be different in this type of kernel. Hence, the weakness of the 

fixed kernel is in cases where the observation points have a low density in the specified bandwidth. To 

overcome this problem, an adaptive kernel has been introduced. Figure 1b shows the performance of an 

adaptive kernel. In the adaptive kernel, for each calibration point, a certain number of observation points 

are considered. As a result, in this type of kernel, the bandwidth is different for each calibration point.  
 

 
Figure 1. (a) fixed kernel. (b) adaptive kernel[7]. 

 
     To optimize the bandwidth in the fixed kernel and the number of adjacent points in the adaptive kernel, 

the adjusted coefficient of determination has been used. The adjusted coefficient of determination is 

obtained by the following equation[8]: 

 

2
2 (1 )*( 1)

1
1adjusted

N

N P

R
R

 
 

 
 (4) 

 

where N is the number of observations, P is the number of variables used in modeling and R2 is the 

coefficient of determination. 

 

3. Study area and datasets 
    The study area is district 5 of Tehran municipality, located in the north and northwest of Tehran 

metropolis. According to the 2016 census of Iran, the population of this region is 856565 people (291665 

households), which includes 436134 women and 420431 men. The climate in region 5 of Tehran is cold 

and mountainous due to its proximity to the Alborz mountains.  

    The data used in this study are related to housing transactions conducted in 2018, 2019 and 2020. The 

sample size included 7464 observations, which was reduced to 6704 after pre-processing on the data. Due 
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to the many fluctuations in the foreign exchange market in recent years, the price of the dollar has also been 

used as independent variables. The variables used in this research are shown in table 2.  
 

Table 2- Variables used in housing price modeling 
variable name definition 

HousePrice housing price (dependent variable) 

Dollar exchange rate (dollar price) 

N_units number of residential units in each floor 

Elevator with or without elevator 

Warehouse with or without warehouse 

Parking with or without parking 

Area residential unit area 

Skeleton_type type of skeleton used (concrete, metal and concrete-metal) 

Age age of residential unit 

 
 

4. Experimental Results 
    The importance of the variables used in housing price modeling is determined in terms of the absolute value of the 

t-statistic. The value of the t-statistic for each of the variables used is shown in figure 2; Therefore, according to figure 

2, it can be concluded that the price of the dollar has the most significant impact on housing prices. 

 

 

 
Figure 2. The importance of variables used in housing price modeling 

 

    The results of fixed and adaptive kernels using gaussian, exponential and bi-square functions are shown 

in table 3. 
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Table 3- Comparison of results from fixed and adaptive kernels using adjusted r-squared 

Type           
Function

 Fixed Adaptive 

Gaussian 0.761 0.752 

Exponential 0.768 0.756 

Bi-square 0.755 0.759 

 

As you can see in table 3, the results from the fixed kernel are superior to the results from the adaptive 

kernel, except when using the bi-square function. 

     Figure 3 shows the zoning map of the observed values and the predicted values using the OLS and GWR 

methods with the inverse distance weighted interpolation method. As you can see, the map prepared using 

the exponential function and the fixed kernel in the GWR method is most similar to the map prepared from 

the observed values. 

 
 

 
Figure 3. Zoning map of observed and predicted values of housing prices 
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5. Conclusions 

One of the characteristics of housing is its constant location which affects other housing characteristics. 

Thus, the occurrence of a phenomenon at one point can be affected by the amount of the same variable at 

other points or the size of the influential variables at adjacent points. This point necessitates the use of 

spatial econometrics, which has been addressed. Another issue is the behavioral differences in different 

parts of district 5 of Tehran municipality that were taken into consideration. This means that the variables 

affecting housing prices and the intensity of their impact may be different in different areas.  

     Global regression models such as OLS cannot produce the desired output in the housing price issue due 

to the lack of consideration of spatial heterogeneity in spatial data. 

      In examining the outputs obtained from each of the spatial models used in this research, it was found 

that due to the uniform distribution of data in the study area, the fixed kernel shows a more favorable 

performance compared to the adaptive kernel. 

      In order to update housing prices in different cities, the capabilities of the spatial information system 

can be used. Municipalities can also use models to collect taxes from citizens, in which the spatial factor 

affecting housing prices has been considered so that this tax can be collected fairly from citizens in each 

urban area. 
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Abstract 

Common statistical learning algorithms assume independent data points. Among them, the 

well-known CART algorithm considers independent and identically distributed observations 

to construct classification rules. In spatial data sets, because of the existence of spatial 

correlation between observations, the independence assumption is violated, and then it may 

not be efficient for analyzing spatial data sets. In this paper, we study the classical Boston 

housing data set using the spatial CART algorithm which is based on both spatial weights and 

entropy. To do this, latitude and longitude   coordinates of the data points from the GIS system 

as well some covariates are considered for data analysis.  

 Keywords: Classification, Spatial CART, Spatial Entropy, Weighting. 
 

 

1.INTRODUCTION  
 

Today, because of use of remote sensing (RS) devices, spatial data is widely used in wide range of research 

fields. Examples of spatial data applications include Earth Science, Urban Informatics, Geosocial Media 

Analytics, and Public Health, [1]. Recording the location of any data point provides a lot of information, 

and so using this new information can make the results of the statistical learning algorithms more accurate. 
Therefore, the spatial relation between observations should not be ignored. Recently, one of the methods 

that have attracted the attention of researchers is spatial decision trees. Several forms of the spatial decision 

tree were considered in the literature. 

The decision tree is a popular model in statistical learning algorithms due to its simplicity and 

comprehensibility and uses a greedy top-down approach to create a tree through recursive binary splitting. 

Decision trees can be applied to both regression and classification problems. “Classification and Regression 

Tree” (CART), introduced by [2], is one of the most widely used tree-based methods. [3] introduced a tree 

algorithm as the spatial decision tree based on spatial diversity coefficients that measured spatial entropy 

for the georeferenced data set. [4] adapted the CART algorithm to the spatial scheme by weighting the data 

according to their spatial pattern. They focused on the applications of decision trees in environmental data.  

The Boston housing data set first used by Harrison, Rubinfeld (1978). They used a model to understand 

how the values of house were affected by air pollution in Boston, while other explanatory variables were 

considered too. The Boston housing data set has been widely used because of its availability from [5] and 

Statlib. In this paper, we analyze Boston housing data set from perspective of statistical learning methods, 

a spatial CART algorithm in which the standard CART modified for use by spatial data. The rest of this 

paper is organized as follows. In Section 2, the spatial CART approach is briefly reviewed. Section 3 shows 

mailto:tahereh.alami@mail.um.ac.ir
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some results on Boston housing data set. The conclusions will be presented at Section 4. The findings of 

this article have also been evaluated by R statistical software. 
 

2.SPATIAL CART ALGORITHMS 
 

2.1.WEIGHTED CART 

The CART decision tree is a binary recursive partitioning method that can process continuous and nominal 

attributes both as targets and predictors. A maximal size tree is constructed without the use of a stopping 

rule and then pruned back to the root via cost-complexity pruning to reach a tree with optimal size. In the 

following we briefly review process of growing a classification tree which is, the response variable is 

categorical. 

Suppose that we have an independent random sample of the random vector
1( ,..., )pX X X as 

explanatory variables and Y be a categorical response variable. A tree T  divides the space of explanatory 

variables into smaller rectangles and estimates the value of the response variable in each rectangle or region. 

Consider a decision tree T with one of its nodes t . The CART algorithm splits a node 𝑡 into two sub-nodes 

𝑡𝐿 = {𝑿:𝑋𝑚 ≤ 𝑠} and 𝑡𝑅 = {𝑿:𝑋𝑚 > 𝑠} according to a threshold s , called “split point”, on one of the 

explanatory variables or a subset of the labels of categorical explanatory variables. An optimal split selects 

the variable ( mX ) and split point ( s ) such that the sub-nodes be purer than the parent node. CART 

considered one of most popular impurity criterion, the entropy measure. For this aim, the reduction of 

entropy between a node t and the two sub-nodes Lt  and Rt  which is called “Information Gain” (IG), should 

be maximized, that is 

                                        ( , ) ( ) ( ) ( ) ,L Rt t

L R

t t

N N
IG s t E t E t E t

N N

 
   

 
                                        (1) 

where ( )E t  is entropy of node t  and defined as ˆ ˆ( ) ( | ) log ( | )
j

E t p j t p j t  and ˆ ( | )p j t  is the 

proportion of class j in a node t . The growth of tree continues until all samples in a terminal node have 

the same class or their number are very small. Finally, the class with the maximum probability is assigned 

to each terminal node as the label. To avoid overfitting, the final tree T  is pruned to reach an optimal size 

tree.[4] is adapted the CART algorithm to the case of spatially dependent samples by weighting the data 

according to their spatial pattern. The idea of weighting the spatial data comes from the fact that in the 

spatial domain, the clustered data have similar behavior to each other than far data, and these data must 

give less weight, i.e. the data should be de-cluster. In weighted CART, the estimated proportions and 

misclassification are calculated by 
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where ˆ ( | )p j t is the proportion of class j in node t and iw is weight corresponding to the i thobservation  

of the data set and 
1

1
n

ii
w


 . They considered two types of weights to assign the weight to data points 

that are evaluated according to the locations of the data point 1 2( , ,..., )ns s s . Obviously, if the weights iw

are considered equal to 1 n , the standard CART is achieved.  

One of the weights used in the weighted CART is the Voronoï weight generated around the sample 

locations. This is a set of closer points to s than to any other sample location. The cluster observations 

produce smaller cells and then give smaller weights that are set proportional to the area of Voronoi cells 
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around each location of observations. Another weighting method is the weights derived from the kriging 

method which is used in predicting the value of a random field in a new location. If two data points 

have a short distance from each other, they transmit almost identical information compared to separate data 

points, and thus less Kriging weight is assigned to them. This property of Kriging is known as de-clustering, 

for more details see e.g, [6]. The values of the Kriging weights can be negative, but the algorithm needs 

positive weights to compute the proportions. Therefore, a positiveness condition applies to the solution of 

kriging equations. 

 

2.2.SPATIAL WEIGHTED CART 

In this section, another approach to constructing a spatial CART algorithm introduced by [3], is reviewed 

in which the spatial entropy is used as an impurity criterion in the tree structure. It can be availed when the 

values of the response variable have a highly spatial correlated with neighboring values. [7] introduced one 

of the well-known spatial entropy criteria that apply spatial diversity and is used for discrete and continuous 

domains. Spatial diversity coefficients should increase when either the average distance between the entities 

belonging to a given category decreases or the average distance between the entities of a given category 

and the entities of all the other categories increases and vice versa. These quantities are, respectively, named 

intra-distance (
int

id ) and extra-distance (
ext

id ). Finally, to calculate spatial entropy of node t , the spatial 

diversity coefficients are used as follows: 

                                                    

int

ˆ ˆ( ) ( | ) log ( | )i
s exti

i

d
E t p i t p i t

d
                                                 (4) 

In spatial CART, we apply the spatial entropy in the IG relation for the node t and its sub-nodes, see 

Equation 1. 

We propose Spatial Weighted CART in which both spatial entropy criterion and spatial weights are 

considered to build a decision tree. In the process of constructing a Spatial Weighted CART, we use 

weighted proportions with two Voronoi and Kriging weights to calculate the estimated probabilities and 

spatial entropy as the impurity criterion of the tree in each node. We expect the combination of weighted 

probabilities and spatial impurity criterion in tree construction to significantly reduce misclassification 

error. In the next section, we compare the proposed method with others. 

 

3.BOSTON HOUSING DATA SET 

In this section, we analyzed the Boston housing data set by applying the spatial classification trees in Section 

2. The original data set consists of 506 observations of census tracts, along with 14 variables and the latitude 

and longitude of the observations. The target variable (Y) is the median value of house price in $1000s, 

denoted by MEDV, which is collected in Boston city in 1978. Moreover, the considered covariates or 

explanatory variables are NOX, CRIM, ZN, B, LSTAT. Table 1 shows a brief description of used variables 

in the data set. 
Table 1- A brief description of used variables in the data set. 

Variable Description 

LON Numeric vector of tract point longitudes in decimal degrees 

LAT Numeric vector of tract point latitudes in decimal degrees 

MEDV  Numeric vector of median values of owner-occupied housing in USD 1000 

NOX Numeric vector of nitric oxides concentration (parts per 10 million) per town 

CRIM Numeric vector of per capita crime 

ZN Numeric vector of proportions of residential land zoned for lots over 25000 sq. ft 

per town (constant for all Boston tracts) 

B Numeric vector of 1000*(Bk - 0.63)^2 where Bk is the proportion of blacks 

LSTAT Numeric vector of percentage values of lower status population 

 



 

74 
 

 

We discretized the target and classified into three classes as 1: Y<20, 2: 20<=Y<35 and 3: Y>=35. The 

classified spatial distribution of median values of house price in Boston is shown in Figure 1. Furthermore, 

Figure 2 shows the boxplots computed for explanatory variables and each class of target variable. For 

evaluation of the derived algorithm, we randomly divided the whole data set into two subsets with sizes 

355 (70%) and 151 (30%). The first was used for training the algorithms and the later was used for testing 

the trained algorithms.  

 
Figure 1. The classified spatial distribution of median values of house price in Boston based on right: latitude 

and longitude of data, and left: census tract. 

 
Figure 2. Boston housing data set; the boxplots computed for explanatory variables for NOX, CRIM, ZN, B, 

LSTAT, by the classified house price values.  
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The misclassification of the trained algorithms on test data points are shown in Table 2. From Table 2, 

we conclude that Weighted CART with Kriging weight dominates the other algorithms considered by 

entropy and spatial entropy criteria. As can be seen, the standard CART has the highest amount of 

misclassification rate among all methods which is equal to 0.3141, and in continue the misclassification 

values are reduced by using the spatial weights. Using spatial entropy as a measure of impurity rather than 

entropy, we can see that the error values for each method are significantly reduced and the lowest 

misclassification error rate among all methods is related to method that take in to account  Kriging weight 

and spatial entropy, i.e. 0.2418. This means that spatial coordinates of data points should be considered in 

data analysis if available, and their use increases the efficiency of the methods. 
 

Table 2- Computed misclassification error rate for two impurity criteria and weights. 

Methods Impurity criteria 

Entropy Spatial entropy       

Standard CART 0.3141 0.2884 

Weighted  CART (Voronoi) 0.3132 0.2595 

Weighted  CART (Kriging) 0.3058 0.2418 

 

 

4.CONCLUSIONS 

In this paper, we have developed the spatially weighted CART algorithm that uses spatial information 

of the collected data. The model is based on both spatial impurity and spatial weights which consider the 

spatial location of data points in the analysis. The classical Boston housing data set was reviewed to show 

the results and findings of the article. We concluded that the use of the spatial weighted CART has a 

significant effect on reducing the amount of misclassification error which indicates the efficiency of the 

proposed method. Further extensions and findings will be provided in [8]. 
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Abstract 

The development of wireless infrastructure and data collection technologies such as the Global 

Positioning System (GPS) and Geospatial Information System (GIS) has led to growth in the 

production and collection of data, especially trajectory data. This information is important in 

many fields of research such as identifying transportation modes. Analysis of the users' 

transportation modes is an important factor for various areas such as traffic management. In 

this paper, we compare the existing approaches in the research in terms of preprocessing and 

segmentation methods, feature engineering, the algorithm used for identifying transportation 

modes, and the considered transportation mode categories. 
Keywords: Transportation Mode, Travel Data, Trajectory Data, GPS Trajectory, Spatial Data 

Mining. 
 

 

1.INTRODUCTION 

The development of wireless infrastructure and data collection technologies such as the Global 

Positioning System has led to unprecedented growth in the production and collection of data, especially 

trajectory data [1]. This rich information is very important in many fields of research such as the analysis 

of human mobility patterns. One aspect of the analysis of human mobility patterns is identifying 

transportation modes. Analysis of the users' transportation modes is an important factor for efficient 

management and planning in various areas such as traffic management, accident detection, travel demand 

analysis, and tourism planning. 

In the past, the data for transportation mode prediction was usually collected traditionally through 

questionnaires or telephone surveys, which were always expensive, inconvenient, time-consuming, and 

inaccurate [2]. For example, in the 1950s, the first travel survey approach, the face-to-face interview, was 

used in the field of urban transport planning, in which interviewers needed to visit participants’ homes and 

ask questions about the household’s travel information and the interviewers used paper and pencil to record 

the answers [3]. In the 1960s the mail-out/mail-back survey [4], which is relatively safer and more cost-

effective, was gradually replaced, but its low response rate was a major challenge. Furthermore, the 

collected data needed to be transferred from paper to computers, which required manpower [5]. In the 

1980s, computer-assisted surveys were introduced. Computer-assisted surveys are of three main types: the 

computer-assisted telephone interview, the computer-assisted personal interview, and the computer-

assisted self-interview [6]. However, all of these approaches had some demerits, such as misreporting [4] 

and non-response [3]. Thus, in order to overcome the disadvantages of these methods, methods for 

collecting travel data automatically had to be considered [2]. 

In recent decades, many studies have used GPS data, GIS data, or sensor data such as accelerometer 

sensors, GSM sensors, gyroscope sensors, and magnetometer sensors to inferring transportation modes 
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from trajectory data. However, there are limitations to using this data. For instance, it is not always easy to 

access GIS information and is not suitable for all cities and although the use of sensor data increases the 

accuracy of the inferring model but it is not realistic to expect people to carry a lot of sensors every day.  

The purpose of this paper is to provide a comprehensive review and evaluation of the current literature 

on transportation mode detection from GPS trajectory data only. We compare the existing approaches in 

terms of preprocessing and segmentation methods, feature engineering, the algorithm used for identifying 

transportation modes, and the considered transportation mode categories. In this way, actually, we 

introduced the global modular methodology for identifying transportation modes and in the future, 

researchers could propose a new approach by making changes in each of these aspects. 

The remainder of this paper is organized as follows: In section 2, the method used for the literature 

review is presented. In section 3, some preliminary terms have been expressed. Section 4, compares and 

evaluates the existing methods of transportation mode detection. Finally, the discussion and conclusions 

are provided in Section 6. 

  

2.THE METHOD OF LITERATURE REVIEW 
 

2.1 SEARCH STRATEGY 

In this paper, we want to do a systematic review on the subject of identifying transportation modes from 

GPS trajectory data. Since the value of a systematic review depends on what was done, what was found, 

and the clarity of reporting, therefore, finding relevant and quality articles is very important. We used 

PRISMA (preferred reporting items for systematic reviews and meta-analyses) protocol [7] in order to find 

high-quality publications in the scope of review. In a literature search, Google Scholar (1997–June 2021), 

ScienceDirect (1997–June 2021), IEEE Xplore (1997–June 2021), and ACM Digital Library (1997–June 

2021) were searched (1997 was the first time GPS technology was used for travel surveys). 

The literature search applied with three categories of key-words and at last one term from each one 

should be used in combination. (1) GPS data, GPS raw data, GPS trajectory, GPS track, GPS travel data, 

GPS data cleaning, GPS data preprocessing,  GPS data processing, GPS data prediction. (2) transportation 

mode, travel mode, transportation mode detection, transportation mode identification, transportation mode 

prediction, transportation mode recognition, infer transportation mode, identify transportation mode, detect 

transportation mode, transportation mode classification, transportation mode selection, travel mode 

detection, travel mode identification, travel mode prediction, travel mode recognition, infer travel mode, 

identify travel mode, detect travel mode, travel mode classification, travel mode selection. (3) Machine 

learning, supervised learning, semi-supervised learning, unsupervised learning, Data mining, deep learning, 

and neural network. 

 

2.2 INCLUSION AND EXCLUSION CRITERIA 

To ensure that publications were eligible, each study must meet the following criteria: (1) be written in 

English and published in a peer-reviewed English journal or conference proceeding. (2) Use of GPS 

tracking data only (3) do not use any extra data (4) should focus on transportation mode identification only.  

 

2.3 PAPERS INCLUDED 

The number of papers collected from each database was: 763 (Google Scholar), 306 (ScienceDirect), 234 

(IEEE Xplore), and 119 (ACM Digital Library). After duplicates were removed, a total of 507 different 

records remained. After screening the title and abstract of these papers, 97 papers were identified. Then, 

the full text of these articles was read. Some papers were excluded for the following reasons: 1) It was a 

review article, 2) The full text was not available, 3) Journal h-index or paper citation was low, 4) GPS data 

was not used in the paper, 5) Used of extra data, 6) The paper focus was not on transport mode detection. 

Finally, 10 papers matching all the criteria and were included in this review. The search and retrieval 

process is shown in Figure 1. 
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Figure1. Flowchart of the systematic review process 

 

3. THE PRELIMINARY DEFINITIONS 
 

In this section, we provide several basic definitions to better understanding the rest of the paper. A trajectory 

point, pi ∈ P, pi = (xi, yi, ti), where xi is longitude varies from 0° to ±180°, yi is latitude varies from 0° to ±90° 
and ti (ti < ti+1) is the capturing time of the moving object. A trajectory, Tr = (p1, p2, …, pn), is a sequence 

of trajectory points. A segment actually is a sub trajectory that is created by dividing a trajectory into two 

or more parts. A Label, li ∈ L, is a transportation mode like walk, bus, and driving that is assigned to a 

segment.  
 

4. COMPARISON AND EVALUATION 
     After reviewing the literature articles, we found that identifying transportation mode from raw GPS 

trajectories is a multi-step process, and almost all studies follow these steps.  

In this way, after preprocessing the GPS trajectories, each trajectory in the segmentation step will be divided 

in two or more trips. Then for each trip, some feature such as speed, acceleration, duration, and distance is 

extracted. These features are used in the next step as input variables for transportation mode algorithms to 

predict the transportation mode of each trip.  In Table I, Have been presented the summary of methods of 

transportation mode detection utilized in the selected papers. Also, Table II is a summary of the input 

variables utilized in the eligible studies. In the rest of this section, we propose a taxonomy of existing 

methods and then an in-depth analysis is conducted to introduce and evaluate each method. 
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4.1 SUPERVISED LEARNING ALGORITHMS 

Zheng et al. [8] proposed a supervised learning approach to automatically infer users’ transportation 

modes, including driving, walking, taking a bus, and riding a bike, from raw GPS logs. The method consists 

of three steps: a change point-based segmentation method, an inference model, and a graph-based post-

processing algorithm. In the first step, they utilized a change point-based segmentation method to partition 

each GPS trajectory into separate segments of different transportation modes. In order to verify the validity 

of this approach, they selected two baseline methods, uniform duration-based, and uniform length-based 

segmentation, to distinguish the trips. After segmentation in the feature engineering part, from each 

segment, they identify a set of sophisticated features such as direction change rate, velocity change rate, 

and stop rate. These features have few correlations with the velocity, hence are not affected by differing 

traffic conditions. Later, these features were fed to a generative inference model to classify the segments of 

different modes. Second, in the inference step, the four algorithms applied were DT, BN, SVM, and CRF. 

Third, they applied a graph-based post processing to further improve the inference performance. This post 

processing algorithm considered both the common sense constraints of the real world and typical user 

behaviors based on locations in a probabilistic manner. 

Results showed that based on the change-point-based segmentation method and DT-based inference 

model achieved prediction accuracy was greater than 71 percent. Further, using the graph-based post-

processing algorithm, the performance attained a 4- percent enhancement. 

Xiao et al. [12] used a BN to identified five transportation modes: walk, bike, e-bike, bus and, car. The 

BN structure was established based on a K2 algorithm and corresponding conditional probability tables 

were estimated with maximum likelihood methods. In the segmentation step, a one-day GPS trajectory was 

first splitted into trips and each of these resulting trips was then divided into single-mode segments. The 

feature extracted for the inference model were mostly speed based: average speed, 95% percentile speed, 

the average absolute acceleration, and travel distance. Additionally, the low speed rate and the average 

heading change were introduced to reduce uncertainties between bike and e-bike segments and between 

bus and car segments. 

To achieve the better performance they used three data cleaning rules. The first was removing unfinished 

positional recording that could show incorrect segments. The second rule was removing positional 

recording with less than four satellites or with an HDOP of four or more, while the third rule was removing 

positional recording with an altitude of higher than 200 m. to evaluate the model they compare their BN 

model with four algorithms (SVM, MNL, ANNs, and BN) and showed that the BN algorithm performed 

more accurately than other algorithms (92%). 

Xiao et al. [2] proposed an approach based on ensemble learning to infer six transportation modes (walk, 

bus & taxi, bike, car, subway, and train) using only GPS data. For better performance, they employed two 

data preprocessing techniques. First, they removed the duplicate GPS points that were recorded due to 

recording errors on the GPS device. Then they removed some outlier trajectories which were deemed 

abnormal. 

For instance, if the average speed of a trajectory marked as “walking” exceeded 10 m/s, or if the average 

speed of a trajectory marked as “biking” exceeded 25 m/s, they are abnormal trajectories and should be 

removed from the dataset.  

In the second step, feature extraction, In addition to using the features of previous researches, they used 

a statistical approach to extract the features. In this way that first calculated four movement parameters: 

speed, acceleration, turn angle, and sinuosity, and following that, they used the statistics method [10] to 

extract features based on the above-mentioned movement parameters. In the inference model developing 

part, they used tree-based ensemble models (RF, Gradient Boosting Decision Tree, and XGBoost) instead 

of traditional methods (KNN, DT, and SVM) to classify the different transportation modes.  

Among them, the XGBoost model produced the best performance with a classification accuracy of 

90.77% obtained on the GEOLIFE [11] dataset. 
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Table 4. Summary of inference methods 

 

 

 

Wang et al. [12] sought to develop and evaluate a RF classifier combined with a rule-based method to 

detect six transportation modes (subway, walking, bicycle, e-bike, bus and, car). After data cleaning and 

 

Lead 

Author 

 

Processor 

 

Main 

Approach 

 

Noise  

Handling 

 

Segmentation 

Approach 

 

Transportation 

Modes 

 

Algorithms 

 

Accuracy 

 

 

Zheng, Y. 

(2010) 
 

 

CPU 
 

Supervised 

Learning 

 

_ 

 

Change Point  
 

Driving, Bus, 

Walk, Bike 

 

DT 

Post Processing 

 

71% (DT) 

75% (DT and Post 
Processing) 

 

 

Xiao, G. 

(2015) 

 
CPU 

 

Supervised 

Learning 

 

HDOP Value, 

Number of 

Satellites, 
Altitude 

Value, 

 

 
Single-Mode 

Segments 

 

Walk, Bike, 

e-Bike, Bus, Car 

 

BN 
 

92% (BN) 

 

Xiao, Z. 

(2017) 

 

CPU 
 

Supervised 

Learning 

 

The Ground 

Truth 

 

Single-Mode 

Segments 

 

Walk, Bus & Taxi, 

Bike, Car, 
Subway, Train 

 

RF,   

XGBoost,  
Gradient Boosting 

Decision Tree 

 

 

90.77% 

(XGBoost) 

 

Wang, B. 

(2017) 

 

CPU 
 

Supervised 

Learning 

 

The Ground 

Truth 

 

Single-Mode 

Segments 

 

Subway, Walk, 

Bike, e-Bike, Bus, 

Car 

 

RF  Combined 

with Rule-based 

Method 

 

 

98% (RF) 

93.11% 

(Rule-based 
Method) 

 

 

Guo, M. 

(2020) 

 

GPU 
 

Supervised 

Learning 

 

 

_ 

 

Fixed-Size 
 

Walk, Bike, 

Bus, Car, Subway, 

Train, Hybrid 

 

 

Combined model 

of  RF, CRF, 

SVM and 

XGBoost 

 

 

88.6% 

 

Dabiri, S. 
(2019) 

 

 

GPU 
 

Semi-
Supervised 

Learning  

 

 

_ 
 

Fixed-Size 
 

Walk, Bike, Bus, 
Driving, Train 

 

SECA 
(CA & CNN) 

 

79.8% 

 

Yu, J. 

(2020) 
 

 

GPU 
 

Semi-

Supervised 
Learning 

 

 

_ 
 

Change Point 
 

Walk, Bike, Bus, 

Driving, Train 

 

Ensemble DNN 
 

80.5% 

 

Dabiri, S. 

(2018) 

 

GPU 
 
Unsupervised 

learning 

 

Savitzky-

Golay filter, 

The Ground 
Truth 

 

 
Fixed-Size 

 
Walk, Bike, Bus, 

Driving, Train 

 
CNN 

 
85% 

 

Li, L. 
(2020) 

 

 

GPU 

 

Unsupervised 
learning 

 

_ 

 

Fixed-Size 

 

Walk, Bike, Bus 
Driving, Train 

 

GAN & CNN 

 

86.70% 

 
Sauerlander

-Biebl, A. 

(2017) 
 

 
CPU 

 
Rule-based 

Method 

 
_ 

 
Single-Mode 

Segments 

 
Walk, Bus, Bike, 

Car, Train 

 
Fuzzy Logic 

Rules 

 
75% 
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preprocessing, all GPS records were splitted into single-mode segments according to reported travel 

information. Every reported transportation mode was assigned to the corresponding GPS segment. In total, 

2740 single-mode segments were extracted from GPS recordings. They extracted 22 features based on four 

movement parameters: speed, acceleration, orientation and, distance/duration then applied three different 

search methods combined with two evaluation strategies to select the optimal input variables. 

 Unlike the other transportation modes, most subway lines operate underground, which results in a 

serious signal loss. These special characteristics make subway trips distinct from the trips taking by other 

transportation modes. So they employed a particular rule-based method to detect subway trips and a RF 

classifier for the other five transportation modes. Consequently, more than 98% of subway trips were 

correctly identified and the overall accuracy of the rest five modes classification is obtained as high as 

93.11%. 

Guo et al. [13] developed a deep forest method to identifying seven transportation modes: walking, 

bicycle, bus, car, subway, train, and hybrid. The model combined various types of classification models, 

including the RF, CRF, SVM, and XGBoost, and achieved 88.6% accuracy.  

The segmentation methods had two step. First, if a GPS point had a time interval that exceeds 15 min 

compared to the previous point, then it was treated as the start of a new trajectory. Second, these trajectories 

were divided into segments with a fixed length of m = 300. Segments with fewer than 15 GPS points were 

removed. They extracted 72 features, the features were categorized into global features and local features. 

The global features represented the descriptive statistics of the entire trajectory, while the local features 

reveal more details about the movement behavior. 
 

 

4.2 SEMI-SUPERVISED LEARNING ALGORITHMS 

In a recent study Dabiri et al. [14], proposed a deep Semis-Supervised Convolutional Autoencoder 

(SECA) architecture to identify five transportation modes (walk, bike, bus, driving, train) from raw GPS 

data. This approach can not only automatically extract relevant features from GPS segments but also exploit 

useful information in unlabeled data. The SECA integrates a convolutional-deconvolutional autoencoder 

and a convolutional neural network into a unified framework to concurrently perform supervised and 

unsupervised learning. The two components are simultaneously trained using both labeled and unlabeled 

GPS segments, which have already been converted into an efficient representation for the convolutional 

operation. In the segmentation step, they divided a user’s trip into GPS segments with only one 

transportation mode.  

Due to the inherent need of CNN-based models for having a fixed-size input, the GPS trajectory of a 

trip was first uniformly partitioned into the GPS segments with a fixed size. Then a discrete optimization 

algorithm was deployed to detect the points where the transportation modes changes. The output of this 

step was a pool of GPS segments with only one transportation mode. Features of each GPS segment were 

automatically extracted using a deep learning framework based on CNN also exploit useful information in 

unlabeled data. The main challenge was to convert the raw GPS segment into an adaptable layout for CNN 

schemes. First, the basic motion characteristics of every GPS point in a segment including relative distance, 

speed, acceleration, and jerk were computed. This results in generating a sequence of numerical features 

for every type of motion characteristic. Next, the computed motion sequences were concatenated to create 

a 4-channel tensor for every GPS segment, where every sequence is equivalent to a channel in an RGB 

image.  

To evaluate the approach, they compared SECA architecture with six supervised learning algorithms 

(KNN, SVM, DT, MLP, CNN, and RNN) and two semi-supervised learning algorithms (two-steps, pseudo-

label) and the result showed 79.8% accuracy for the proposed approach. 

Yu [15] in a more recent study, proposed a semi-supervised ensemble method based on three DNN for 

identifying five transportation modes (walk, bike, bus, driving, and train) to use a minimal number of 

annotated data for the task. An ensemble was accordingly constructed to develop proxy labels for 

unannotated data based on the rare annotated ones so that both types of data contribute to the learning 

process.  
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The identifier is formulated based on an ensemble of four long short-term memory (LSTM) empowered 

DNN, which take time domain trajectory attributes and frequency domain statistics developed by discrete 

Fourier transform (DFT) and wavelet transform (DWT). They used a change point segmentation as Zheng 

et al. [8] and also extracted variables as Dabiri et al. [14] with one exception, the use of turn rate time 

instead of bearing rate. They compared their proposed approach with Zheng et al. [8] and Dabiri et al. [14] 

and the result showed 80.5% accuracy for their approach. 
 

 

4.3 UNSUPERVISED LEARNING ALGORITHMS 

Dabiri and Heaslip [16], used a CNN architecture to automatically derive high-level features from the 

only raw GPS trajectories, and the identified five transportation modes: walk, bike, bus, driving, and train. 

First, in the segmentation part, after matching each user’s label file with its corresponding GPS trajectories 

file, the user’s GPS track is divided into trips if the time interval between two consecutive GPS points 

exceeds twenty minutes as the interval threshold. Next, trips are converted into fixed-size segments when 

the number of GPS points for each segment is set to M=200. The number 200 is the median of the number 

of GPS points in all trips.  

After Segmentation, they applied several data preprocessing steps on created segments: (1) The GPS 

data points with the timestamp greater than their next GPS point are identified and discarded. (2) 

Considering a maximum threshold speed for each transportation mode and the invalid GPS points with an 

unrealistic large speed were discarded. (3) Considering a maximum threshold acceleration for each 

transportation mode, the invalid GPS points with an unrealistic large acceleration were discarded. (3) After 

removing the unrealistic GPS points, the segments with the number of GPS points less than a threshold 

were identified and discarded. In the end, they applied a smoothing kernel to GPS trajectories, Savitzky-

Golay [17] filter, to remove random errors.  

The feature that they extracted were speed, acceleration/deceleration, and jerk of the point P and bearing 

rate. They tested seven algorithms, of which two were unsupervised deep learning algorithms (CNN-A and 

Best CNN), and five classical supervised learning algorithms (KNN, SVM, DT, RT, and MLP). Without 

using labeled data or external data, they found that CNN performed best with an accuracy of 85%. 

Li et al. [18] used the generative model and the CNN to develop a hybrid transportation modes detection 

model using less labeled trajectory data. Their key contribution was the utilization of a GAN to artificially 

create some training samples in such a way that it not only increases the required sample size but balances 

the dataset to improve the accuracy of the detection model. Furthermore, CNN was applied to extract deep 

features of trajectory data, and then to classify the transportation modes. In this study, transportation modes, 

segmentation methods, and extracted features were as Dabiri et al. [16]. Also, they chose Dabiri et al. [16] 

to compare the result with that and the results showed that the highest accuracy (86.70%) can be achieved 

by the proposed model. 
 

4.4  RULE-BASED METHODS 

Sauerlander-Biebl et al. [19] proposed a three-step for identifying five transportation modes: walk, bus, 

bike, car, and train based on the small data set collected from the mobile phone. First, the trips were divided 

into segments by defining the end and beginning of the movement phase, based on the last trip information. 

Second, fuzzy logic rules were applied to differentiate between different modes. Third, the structure of 

subsequent stops in a trip was analyzed. They used turning angles, accelerations, duration of stops, and 

moving periods as features. The probability for a certain transportation mode on a segment was set between 

0 and 1.  

It was challenging to differentiate between car, bus, and train modes in a city since the traffic rhythms 

(concerning speed, accelerations, and stops) for these modes were often rather similar. To solve this 

problem, the authors relied not only on accelerator data but also on additional indicators, such as distance, 

duration of the stops, and driver behavior, to identify recurring patterns. Also used the change in turning 

angles after stops as a parameter. They found the use of turning angles after stops and acceleration to be 

beneficial in distinguishing between the modes of car, bus, and train. The result showed that the overall 
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accuracy was 75%, which is considerably lower than other studies. The dataset was small and of poor 

quality [20]. 
 

Table 2. Summary of Input Variable 

 

Lead Author 
 

 

Input Variable 

 

Zheng, Y. 

(2010) 

 

Mean velocity, the covariance of velocity 

Top three velocities, and accelerations 

Length of the trips, Stop Rate 

Heading change rate, Velocity change rate 
 

 

Xiao, G. 

(2015)  

 

Average speed, 95th of speed 

Average acceleration 

Low speed, travel distance 

Average heading rate 

 

Xiao, Z. 

(2017)  

 

A combination of 111 feature including global features (statistical features) and 

local features 

Wang, B. 

(2017)  

 

22 statistical feature based on speed, acceleration, orientation and 

distance/duration 

Dabiri, S. 

(2019) 

  

Speed, acceleration 

Jerk, and bearing rate channel 

Yu, J. 

(2020)  

 

Speed, acceleration 

Jerk, turn rate time 

Dabiri, S. 

(2018) 

 

Speed, acceleration 

 Jerk, and bearing rate channel 

Li, L. 

(2020)  

 

Speed, acceleration 

 Jerk, and bearing rate channel 

 

Sauerlander-Biebl, A. 

(2017)  

Mean and maximum speed 

Start acceleration change of heading after stop 

Active time since prior stop  

Length of deceleration and acceleration times Mean of the differences of the 

acceleration 

 

 

6. DISCUSSION AND CONCLUSION 

This article presents a review of existing approaches in identifying transportation modes based on raw 

GPS trajectory data. Almost, all existing methods have four major parts: preprocessing, segmentation, 

feature engineering, and transportation mode detection algorithm, so these parts have been surveyed, 

compared, and evaluated. 

Current approaches will be classified into two major categories: machine-learning methods and rule-

based methods. Various algorithms have been tested from each category. Machine-learning methods 

included supervised, semi-supervised, and unsupervised learning algorithms have been used more than 

another group, So that, from ten studies, nine have been machine-learning methods.  

In recent years, as shown in Table1 semi-supervised and unsupervised learning algorithms were most 

common. These categories of algorithms utilize both labeled and unlabeled data and we know this fact that 

most GPS data are unlabelled. It is also obvious that in recent studies, deep learning has often been used. 

Mostly, in these studies done no preprocessing also segmentation phase is simple (fixed-size segmentation). 

In addition, as Table 2 shows, these approaches utilized fewer input variables in the transportation mode 

detection phase. On the other hand, Table 1 shows that supervised methods have often done sufficient 

preprocessing on data and utilized different segmentation methods. As Table 2 shows, these approaches 
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have extracted a variety of features in the feature engineering phase and have used them in the next step, 

inference model generation to achieve high accuracy. Supervised methods have often achieved 90% 

accuracy, but the problem with these models is that they only use labeled data, and these datasets are very 

scarce and small. The use of law-based methods has been very limited, perhaps because extracting the rules 

is a time-consuming process and required many manual tasks. However, one advantage of these methods 

is that they also could be used for unlabeled data. 

It seems that in future work, unsupervised and semi-supervised learning methods will be given more 

attention by researchers because access to large volumes of labeled data is very unlikely, if not impossible. 

In addition, it seems that deep learning methods could achieve an accuracy of over 90%, so these approaches 

also could be another hot topic for future researches. 
 

6. APPENDIX 
 

Table 3. Nomenclature for common transport mode detection Algorithms 

Abbreviation Description 

ANNs Artificial neural networks 

BN Bayesian network 

CRF Conditional random field 

CNN Convolutional neural network 

CNN-A Convolutional neural network architecture 

DFT Discrete fourier transform 

DNN Deep neural network 

DT Decision tree 

DWT Discrete wavelet transform 

GAN Generative adversarial network 

GIS Geographic information system 

GPS Global positioning system 

GSM Global system for mobile communications 

HDOP Horizontal dilution of precision 

KNN K-nearest neighbors 

LSTM Long-short term memory 

MLP Multilayer perception 

MNL Multinomial logistic regression 

RF Random forest 

RNN Recurrent neural networks 

SECA Semi-supervised convolutional autoencoder 

SVM Support vector machine 
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Abstract 

In developed economies, taxes based on residential property prices make a significant 

contribution to the sustainable income of the city managers. Therefore, estimating the price of 

residential properties is very important for economic purposes. Estimating the price of 

residential properties is a complex nonlinear, and multivariate problem. In this study, a hybrid 

method of support vector machine (SVM), genetic algorithm (GA) and particle swarm 

optimization (PSO) was used to estimate the price of residential properties. The support vector 

machine has been proven to be a powerful and robust algorithm for regression and 

classification. However, selecting the most appropriate hyper-parameters of this algorithm is 

a significant problem for its implementation. For hybrid SVR algorithms with PSO and GA, 

the mean absolute error is respectively 10.13% and 10.14%, based on the results of this study. 

Keywords: Residential Property Price Estimation, Support Vector Machine, Genetic Algorithm, 

Particle Swarm Optimization. 

 

 

1. INTRODUCTION 

Land is considered to be a fundamental component of economic development [1]. Most economic 

theories have emphasized on the importance of land and its ownership [1]. In this regard, estimating the 

price of land and real estate has been proposed as a challenging element due to its potential for producing 

wealth [2]. Despite the challenges of estimating land and property prices, the tax on land and property are 

a significant part of the taxation system in many advanced economies. Also, analyzing and forecasting 

housing prices helps the state and local governments to formulate effective policies to regulate the real 

estate market and support homebuyers [3]. 

   [4] has employed artificial neural network (ANN) method to produce models for estimating the price of 

residential properties using sample data of some sold properties. This study showed that the multiple 

regression analysis (MRA) model produced more estimation error than that of the neural network model. 

The mean absolute error percentage (MAPE) for MRA and ANN models was 23.71% and 19.02%, 

respectively, and their R-Squared were 69.4 and 75.84%, respectively. [5] has used the structural and spatial 

features of the property with the aim of investigating the use of ANN in accurate estimation of residential 

property prices and compared the results with the Hedonic model based on ordinary least squares (OLS) in 

Gotri area in the western part of Vadodara, India. In the employed ANN model, a three-layer network with 

a single hidden layer and Rectified Linear Unit (RELU) activation function was used. The results of verified 

that the ANN model compared to that of the OLS had a MAPE of 20% and 41%, respectively. In contrast, 
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some studies have not obtained good results from ANN and other methods such as MRA which have been 

considered similar or superior to ANN [6, 7]. [8]  has examined a data sample of approximately 40,000 

housing transactions over a period of more than 18 years in Hong Kong using three machine learning 

algorithms including SVM, random forest (RF) and gradient boosting machine (GBM) in estimating the 

residential property prices. The results of these algorithms were compared with each other. In terms of the 

estimated power, RF and GBM performed better than SVM. However, this study shows that SVM has been 

a useful algorithm for estimating residential property prices over a limited period. The R-Squared for SVM, 

RF, GBM were 82.72%, 90.33%, 90.37%, respectively, and the MAPE was 54.47%, 32.27%, 32.25%. 

        According to the research, machine learning methods are a helpful solution for estimating the price of 

the real estate. A machine learning approach is used to estimate property prices by minimizing modeling 

errors. In the process of minimizing the modeling error, it is possible to overfit the model on the training 

data. In support vector regression (SVR) machine learning methods, to minimize the model's structural risk, 

the complexity of the model is controlled to prevent overfitting [9]. This is in contrast to minimizing 

modeling error or classification in which the best model is selected as the model that minimizes the 

modeling error. Because the model error is calculated only with a limited set of samples, which may differ 

from the actual error, this model creates a non-distribution constraint on the actual error, which is a function 

of the model error and the complexity of the model [9]. However, selecting the most appropriate hyper-

parameters of the SVR algorithm is a significant problem in its implementation [10, 11]. Therefore, this 

study investigates an integration of SVR and GA and PSO algorithms to estimate residential property prices. 

GA and PSO are used to optimize the support vector hyper-parameters of the SVR. 
 

2. Fundamental Concepts  

In this section a theoretical framework for SVR methods and metaheuristic algorithms of GA and PSO are 

discussed. 
 

2.1 Support Vector Machine     

Support vector machines (SVM) were first introduced in [12] and generalized to the nonlinear mode in 

1995 [9]. For SVM, there are two main categories including support vector regression (SVR) and support 

vector classification (SVC) [13]. 

        Sample training data is displayed as Equation (1), where n is the number of training samples. In ε-SV 

regression, the aim is to find a function f (x) between the n-dimensional input vectors 𝑥 ∈ 𝑅𝑛 and the output 

variable 𝑦𝑖 ∈ 𝑅 (residential property prices in this study) so that the maximum deviation ε is obtained from 

the targets (the estimated price of residential property) for all training data [9]. In other words, the errors 

will be ignored provided they are less than ε. The function f (x) is in the form of Equation (2) [14]. 
XY = {(x, y)|(x1, y1), … , (xn, yn)} (1) 

 

𝒇(𝒙) = 𝒘𝑻𝒙 + 𝒃  ≈   𝒕𝒊 = 𝒘
𝑻𝒙𝒊 + 𝒃 (2) 

At first, the linear regression is described, then linear regression has been extended nonlinearly by kernel 

trick. To determine the values of b and w, it is necessary to minimize Equation (3) [14]: 

𝒎𝒊𝒏𝒊𝒎𝒊𝒛𝒆          
𝟏

𝟐
‖𝒘‖𝟐 

Subject to          {
𝒚𝒊 − 𝒕𝒊 ≤  𝜺
𝒕𝒊 − 𝒚𝒊 ≤  𝜺

 

(3) 

 

   The implicit assumption in Equation (3) is that there is a function that approximates all pairs (𝑥𝑖, 𝑦𝑖) with 

ε accuracy. However, this assumption is not always true. Therefore, to achieve this assumption, a degree of 

violation (𝜉𝑖 , 𝜉𝑖
∗) is defined to allow some errors to be allowed [15]. Finally, the objective function (2) leads 

to Equation (4) [14]: 

𝒎𝒊𝒏𝒊𝒎𝒊𝒛𝒆          
𝟏

𝟐
‖𝒘‖𝟐 + 𝑪 ∑(𝝃𝒊 + 𝝃𝒊

∗)

𝒍

𝒊=𝟏

 (4) 
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𝒔𝒖𝒃𝒋𝒆𝒄𝒕 𝒕𝒐         {

𝒚𝒊 − 𝒕𝒊 ≤  𝜺 + 𝝃𝒊 

𝒕𝒊 − 𝒚𝒊 ≤  𝜺 + 𝝃𝒊
∗

𝝃𝒊, 𝝃𝒊
∗            ≥ 𝟎

 

where C is a positive parameter adjustment that expresses a trade-off between the complexity of the model 

(‖w‖) and the estimation error. Therefore, the loss function used in SVR is sensitive to ε, which is proposed 

based on Equation (5) [14]: 

|𝝃|𝜺 = {
        𝟎           𝒊𝒇 |𝝃| ≤ 𝜺 

|𝝃| − 𝜺      𝑶𝒕𝒉𝒆𝒓𝒘𝒊𝒔𝒆.
 (5) 

Equation (5) is called the Vapnik loss function which is presented in Figure (1). 

 
Figure 1. Vapnik loss function [16] 

This problem can be reformulated in a dual space. The main idea is to construct a Lagrange function of the 

objective function and its constraints by introducing a dual set of variables [14]. 

𝑳 =  
𝟏

𝟐
‖𝒘‖𝟐 + 𝑪∑(𝝃𝒊 + 𝝃𝒊

∗)

𝒍

𝒊=𝟏

−∑(𝜼𝒊 𝝃𝒊 + 𝜼𝒊
∗ 𝝃𝒊

∗)

𝒍

𝒊=𝟏

−∑𝜶𝒊(𝜺 +  𝝃𝒊 − 𝒚𝒊 + 𝒕𝒊)

𝒍

𝒊=𝟏

− ∑𝜶𝒊
∗(𝜺 + 𝝃𝒊

∗ + 𝒚𝒊 − 𝒕𝒊)

𝒍

𝒊=𝟏

 

(6) 

where 𝜂𝑖, 𝜂𝑖
∗, 𝛼𝑖 , 𝛼𝑖

∗ ≥ 0 are Lagrange positive coefficients. Therefore, by deriving Equation (6) from the 

variables (𝜉𝑖 , 𝜉𝑖
∗, 𝑤, 𝑏) and placing it in Equation (4), it became a dual problem (Equations 7 to 10) [14]: 

𝝏𝒃𝑳 =  ∑(𝜶𝒊
∗ − 𝜶𝒊)

𝒍

𝒊=𝟏

= 𝟎 (7) 

𝝏𝒘𝑳 =  𝒘 −∑(𝜶𝒊 − 𝜶𝒊
∗)𝒙𝒊

𝒍

𝒊=𝟏

= 𝟎 (8) 

𝝏𝝃𝒊
∗𝑳 = 𝑪 − 𝜶𝒊

∗ − 𝜼𝒊
∗ = 𝟎  (9) 

𝝏𝝃𝒊𝑳 = 𝑪 − 𝜶𝒊 − 𝜼𝒊 = 𝟎 (10) 

By substituting Equations (7, 8, 9, 10) in Equation (6), Equation (11) is resulted [14]: 

𝒎𝒂𝒙𝒊𝒎𝒊𝒛𝒆 

{
 
 

 
 
−
𝟏

𝟐
∑(𝜶𝒊 − 𝜶𝒊

∗)(𝜶𝒋 − 𝜶𝒋
∗)𝒙𝒊

𝑻𝒙𝒋

𝒍

𝒊,𝒋=𝟏

−𝜺∑(𝜶𝒊 + 𝜶𝒊
∗)

𝒍

𝒊=𝟏

+∑(𝜶𝒊 − 𝜶𝒊
∗)𝒚𝒊

𝒍

𝒊=𝟏

 

(11) 

𝑺𝒖𝒃𝒋𝒆𝒄𝒕 𝒕𝒐    {

∑ (𝜶𝒊 − 𝜶𝒊
∗) = 𝟎

𝒏

𝒊=𝟏

𝟎 ≤ 𝜶𝒊 ≤ 𝑪,    𝒊 = 𝟏,… , 𝒍

𝟎 ≤ 𝜶𝒊
∗ ≤ 𝑪,    𝒊 = 𝟏,… , 𝒍
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After calculating the Lagrange coefficients, 𝛼𝑖, 𝛼𝑖
∗, training data points considering the conditions 𝛼𝑖 −

𝛼𝑖
∗ = 0 are applied to construct the decision function. Hence, the best hyperplane regression is represented 

as Equation(12) [14]: 

𝒇(𝒙) =∑(𝜶𝒊 − 𝜶𝒊
∗)𝒙𝒊

𝑻

𝒍

𝒊=𝟏

𝒙 + 𝒃, (12) 

The hyperplane weight vector is based on Equation (13) [14]: 

𝒘 =∑(𝜶𝒊 − 𝜶𝒊
∗)𝒙𝒊,

𝒏

𝒊=𝟏

 (13) 

Finally, KKT (Karush-Kuhn-Tucker) conditions must be applied to obtain b [17, 18]. 

(14) 𝜶𝒊(𝜺 +  𝝃𝒊 − 𝒚𝒊 + 𝒕𝒊) = 𝟎 

(15) 𝜶𝒊
∗(𝜺 + 𝝃𝒊

∗ + 𝒚𝒊 − 𝒕𝒊) = 𝟎 

(16) (𝑪 − 𝜶𝒊) 𝝃𝒊 = 𝟎 

(17) (𝑪 − 𝜶𝒊
∗)𝝃𝒊

∗ = 𝟎 

According to the KKT conditions, it can be concluded that (a) Samples (𝑥𝑖, 𝑦𝑖) with the situation 𝛼𝑖
∗ = 0  

are outside the shadow-sensitive margin of ε (as shown in Figure 1); (b) The situation 𝛼𝑖  𝛼𝑖
∗ = 0 means that 

we can never have a set of dual variables 𝛼𝑖 , 𝛼𝑖
∗, both of which are non-zero at the same time. These results 

lead to Equations (18 to 20) [14]: 

𝜺 − 𝒚𝒊 + 𝒕𝒊 ≥ 𝟎, 𝒂𝒏𝒅 𝝃𝒊 = 𝟎      𝒊𝒇 𝜶𝒊 < 𝑪 (18) 

𝜺 − 𝒚𝒊 + 𝒕𝒊 ≤ 𝟎                             𝒊𝒇 𝜶𝒊 > 𝟎 (19) 

𝐦𝐚𝐱{−𝜺 + 𝒚𝒊 − 𝒘
𝑻𝒙𝒊 | 𝜶𝒊 < 𝑪 𝒐𝒓 𝜶𝒊

∗ > 𝟎} ≤ 𝒃 ≤ 

𝐦𝐢𝐧{−𝜺 + 𝒚𝒊 −𝒘
𝑻𝒙𝒊 | 𝜶𝒊 > 𝟎 𝒐𝒓 𝜶𝒊

∗ < 𝑪} 
(20) 

In nonlinear regression, the kernel function is applied to map the input property vector to a higher dimension 

property space to generate a linear hyperplane regression. In the case of nonlinear regression, the learning 

problem is re-formulated in the same way as in the linear mode based on Equation (21) [14]: 

𝒇 =∑(𝜶𝒊 − 𝜶𝒊
∗)𝑲(𝒙𝒊, 𝒙) + 𝒃,

𝒏

𝒊=𝟏

 (21) 

where 𝐾(𝑥𝑖, 𝑥) is a kernel function defined as Equation (22) [14]: 

𝑲(𝒙𝒊, 𝒙𝒋) = ∅𝑻(𝒙𝒊)∅(𝒙𝒋)      𝒊, 𝒋 = 𝟏,… , 𝒏 (22) 

There are several types of kernel functions. In this study the radial basis function (RBF) as one of the most 

common and powerful functions, Equation (23), is employed where C, σ and ε are the three main SVR 

parameters that must be optimized in the training phase. In addition, GA and PSO algorithms are used to 

optimize the mentioned parameters. 

𝐾(𝑥𝑖 , 𝑥𝑗) = exp(−‖𝑥𝑖 − 𝑥𝑗‖ 2𝜎2⁄ ) , 𝜎 > 0 (23) 

 

2.2 Genetic Algorithm 

    The genetic algorithm was proposed by Holland in 1975 [19]. It is an optimization technique used to find 

the optimal solution (s) for a given computational problem that maximizes or minimizes a particular 

function. Genetic algorithms represent a branch of the field of study called evolutionary computation [20], 

in that they mimic Darwin's natural selection process and the process of biological evolution to solve the 



 

90 
 

most appropriate solutions [21]. Like evolution, many genetic algorithm processes are random, meanwhile, 

this optimization technique allows to determine the degree of randomness and the amount of control. In 

addition, the genetic algorithm makes no assumptions about the search space for the optimization problem 

[20]. These justifications have led to the use of genetic algorithms to solve a wide range of engineering and 

scientific optimization problems. Although GA may have different implementation methods, all GAs have 

elements in common including chromosome population (coding), selection, crossover for new offspring, 

and mutations for random offspring [22]. GA Coding means how to represent possible solutions to a 

problem that the genetic algorithm is trying to solve. Each of these solutions, which is an array of numerical 

values, is known as a chromosome [22]. In GA terms, the optimization function is called the objective 

function. In addition, the value that indicates the suitability of chromosomes is known as the fitness value 

which is calculated by the fitness function [26]. The simplest form of genetic algorithm consists of three 

types of operators including selection, crossover, and mutation as follow: 

 Selection operator: The selection operator selects chromosomes from the population for the next 

generation. Obviously, the more fitness of the chromosome, the more likely it is to be selected to 

produce a new population [22]. The most common selection operators are competitive selection 

and roulette wheel [23, 24]. 

 Crossover operator: This operator is the key to the power of genetic algorithms and is inspired by 

the combination of genes in its reproduction [22]. In this operator, parts of the chromosomes are 

exchanged with each other. There are several forms of crossover such as single-point, two-point 

and multi-point [25, 26]. For example, at a single point intersection, the operator selects a random 

point on both chromosomes from their parents and swaps to have two children. Other crossovers 

are similar to a single-point. 

 Mutation Operator: Mutation is an optional operator used to explore problem-solving space to 

prevent convergence at the inappropriate local minimums. This operator randomly selects a gene 

on a chromosome and changes its content [22]. A mutation is a completely random action. This 

may produce a better or worse chromosome, which grows or shrinks with the next selection [22]. 

Because the goal is to find the optimal one, it will be harmed if the population temporarily uses a 

bad solution. On the other hand, if a good solution is generated through mutation, it will be very 

useful. 

 

2.3 Particle Swarm Optimization 

    Particle swarm optimization (PSO) algorithm is a stochastic optimization method based on the Swarm 

Intelligence of a group of animals such as birds and fish developed by [27, 28]. A point in the search space 

(i.e., a possible solution) is called a particle in the PSO algorithm. The set of particles in a given repetition 

is called swarm. The terms "particle" and "swarm" are similar to "individual" and "population" used in 

evolutionary algorithms such as genetics.  

A solution that can be found to a d-dimensional optimization problem is the position of the x particle i, 

which is represented as 𝑥𝑖 = (𝑥𝑖1, 𝑥𝑖2, … , 𝑥𝑖𝑑). The number n particles form a swarm, which is defined as 

𝑋 = (𝑥1, 𝑥2, … , 𝑥𝑛). Initially, the swarm are randomly determined in the search space. Based on Equations 

(22, 23), the algorithm updates the position of every particle based on its current position, its best position 

in the past, and the best particle in the swarm. [28, 29]. 

𝒙𝒊
𝒕+𝟏 = 𝒙𝒊

𝒕 + 𝒗𝒊
𝒕+𝟏, (22) 

𝒗𝒊
𝒕+𝟏 = 𝒘 𝒗𝒊

𝒕 + 𝒄𝟏𝒓𝟏(𝒑𝒊 − 𝒙𝒊
𝒕) + 𝒄𝟐𝒓𝟐(𝒈 − 𝒙𝒊

𝒕). (23) 

where: 

𝑥𝑖
𝑡 : the position of the i-th particle in the t-th iteration. 

𝑣𝑖
𝑡 : the velocity of the i-th particle in the t-th iteration. 

W: inertia weight coefficient (this coefficient shows the effect of velocity (t-1) on t velocity) 

𝑐1: particle factor 
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𝑐2: global factor 

r1 and r2: random numbers between 0 and 1 with uniform distribution 
𝑝𝑖: particle best cost 

G: global best cost 
 

     The velocity equation (Equation 23) has three components called inertia (term including ω), individual 

(term including c1), and social (term including c2), respectively [30]. The inertia component provides a 

degree of continuity at the individual velocity from one iteration onwards, while the individual component 

moves the particle to its best previous position. In contrast, the global component moves the particle to the 

best particle in its neighborhood. These three components play different roles in the optimization. The 

search space can be explored extensively by using inertia, while individual and global components focus 

the search on promising solutions to the current repetition [30]. 

 

2.4 Evaluation  

     The purpose of the performance appraisal process of residential property price estimation models against 

real data is to test the importance of the parameters and the fitness of the models. To compute the standard 

performance of the models from Mean Absolute Error (MAE), Mean Absolute Error Percentage (MAPE), 

Mean Square Error (MSE), Root Mean Square Error (RMSE) which are the most common accuracy indices, 

have been employed. The performance evaluation criteria of the models are given in Equations (24-27) [31-

34]. 

𝑴𝑺𝑬 =
𝟏

𝒏
∑(�̂�𝒊 − 𝒚𝒊)

𝟐

𝒏

𝒊=𝟏

 (24) 

𝑹𝑴𝑺𝑬 = √𝑴𝑺𝑬 (25) 

𝑴𝑨𝑬 = 
𝟏

𝒏
∑|�̂�𝒊 − 𝒚𝒊|

𝒏

𝒊=𝟏

 (26) 

𝑴𝑨𝑷𝑬 =
𝟏

𝒏
∑|

�̂�𝒊 − 𝒚𝒊
𝒚𝒊

|

𝒏

𝒊=𝟏

 (27) 

where, �̂�𝑖 is the estimated price, 𝑦𝑖  is the actual price, and n is the number of properties. 
 

3. Methodology 

    The main idea of this study is to optimize the values of support vector regression parameters (C, ε, σ) 

using GA and PSO optimization algorithms. An example of the structural and operational process of hybrid 

SVR-GA is illustrated in Figure (2).  

     As Shown in Figure (2), the initial population is randomly generated (range of numbers). Each of the 

chromosomes in the population is then evaluated. To perform the evaluation, the model is first trained by 

considering the hyper-parameters and training data, and the RMSE is calculated as the objective function. 

Following that, selection, crossover, and mutation steps are performed to obtain the newly evolved 

population. The process is repeated until the termination condition is reached and the best solution is 

obtained. Finally, the SVR algorithm is trained using optimal hyper-parameters, and the final model is 

produced. It is then evaluated using the test data (data that have not been used in the training process). The 

SVR-PSO algorithm is trained according to SVR-GA. In this way, optimal hyper-parameters are obtained 

using PSO. Following that, the final model is trained by using the optimal hyper-parameters obtained from 

PSO which is then evaluated. 
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Figure 2. Flowchart of the hybrid SVR–GA model 

 

4. Implementation 

This section describes the study area, the employed data and its editing process. 
 

4.1 Study Area 

   The metropolis of Tehran, the capital of Iran, with a population of about 9 million people and an area of 

615 km2, is the most populated and the largest city in Iran. Tehran consists of 22 districts, 123 sub-districts, 

and 354 neighborhoods, out of which District 5 is the second most populated and largest district and is 

therefore selected as the study area in this research [35]. Figure (3) shows the location of the study area in 

Tehran. 
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Figure 3. Study Area. 

 

4.2 Data 

    The dataset is downloaded from the dodota website1 which provides free information and has access to 

some information on apartments and property prices in Tehran. A total of 2327 residential real estate sales 

data from 6th November 2020 to 16th January 2021 have been considered for the model. The spatial 

distribution of the data is shown in Figure (4). 

 
 

 
Figure 4. Residential properties distribution. 

 

   

 

                                                                    
1 https://dodota.com/ 

https://dodota.com/
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   In this study, after determining the most appropriate spatial parameters in a residential property valuation 

system (extracted from the research literature and expert opinion), the required criteria layers were prepared 

and produced including land-use layers, seismic vulnerability, population density, and road network. To 

provide criteria layers, in addition to District 5, the impact of adjacent districts, including Districts 2, 9, 21, 

and 22, has also been considered. Criteria layers, including spatial distribution maps of population density, 

distance from the point of interest (such as health centers, sports centers), distance from the main roads, 

and seismic vulnerability, were obtained as parameters affecting the price of the residential properties. 

Finally, the parameter values were calculated for all of the residential properties. All distance measurements 

were obtained using ArcGIS software as Euclidean distances. The criteria layers are shown in Figures (5). 

 

   
(c) (b) (a) 

   
(f) (e) (d) 

Figure (5). a) distance from educational centers, b) distance from cultural centers c) distance to the 

main streets, d) distance from hospitals, e) distance from health centers, f) distance from green 

.spaces 
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(i) (h) (g) 

   
(m) (l) (j) 

Figure (5). g) population density, h) distance from shopping centers, i) distance from industrial 

centers, j) distance from sports centers, l) seismic vulnerability, m) distance from religious centers 

(Cont.) 
 

Therefore, spatial and structural features have been used to estimate the price of the properties. Structural 

and spatial features are given in Table (1). 
 

Table 1. Descriptive variables of the residential properties 

# Variables Description Type 

1 area Apartment total area Continuous 

2 num_room Number of rooms in the apartment Discrete 

3 yr_build Year of construction Discrete 

4 elevator Existence of elevator Binary 

5 num_parkinglot Number of parking lots Discrete 

6 warehouse Existence of warehouse Binary 

7 balcony Existence of balcony Binary 

8 yard Existence of yard Binary 

9 facility 
Existence of additional facilities (existence of sports 

halls, swimming pools, etc.) 
Binary 

10 d_street Prox. to main city roads Continuous 

11 seismetic_vulnerability Seismic vulnerability Discrete 

12 d_religious Prox. to main city religious places Continuous 
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13 d_sport Prox. to sport facilities Continuous 

14 d_cultural Prox. to cultural centers Continuous 

Table 1. Descriptive variables of residential properties (Cont.) 

# Variables Description Type 

15 d_education 
Prox. to educational centers (such as schools, 
universities) 

Continuous 

16 d_green Prox. to green space, forest Continuous 

17 d_health Prox. to health center (such as drug stores, clinics) Continuous 

18 d_hospital Prox. to hospital Continuous 

19 d_industry Prox. to industrial centers Continuous 

20 d_marketing Prox. to business centers Continuous 

21 population_density Population density Continuous 

22 d_foursquare Prox. to foursquare (Azadi Tower) Continuous 

 

5. Results 

In this study, the optimal SVR model for estimating the price of residential property was proposed. 

Parameter setting for the implementation of optimization models is presented in Tables (2 and 3). PSO 

parameters were determined from numerical experiments performed by [36]. The best values of C, ε and σ 

parameters obtained by each model are presented in Table (4). Then the optimal values of C, ε and σ are 

used to train the SVR model. 

 

Table 2. PSO setting parameters 

Parameters Value 
Iteration 400 

Population Size 200 

𝒄𝟏 1.4962 

𝒄𝟐 1.4962 

w 0.7298 

Fitness Criteria RMSE 
 

Table 3. GA setting parameters 

Parameters Value 

Iteration 400 

Population Size 200 

Mutation rate 0.25 

Crossover rate 0.75 

Elitism rate 0.05 

Fitness Criteria RMSE 
 

 

Table 4. SVR hyper-parameters optimized via the employed optimization algorithms 

Method C 𝝈 ε 

SVR-PSO 9.9941 2.4959 0.2556 

SVR-GA 10.0000 2.5374 0.2560 

A comparison between the estimated residential property prices by the optimized SVR model and the real 

property transaction price is presented in Figures (6 and 7). The fact that the blue line (proportional to the 

points) is higher than the black line at the beginning of the chart indicates that optimal SVR over-estimates 

low values and under-estimates high values when estimating the property prices. 

  
Figure 6. SVR-PSO Figure 7. SVR-GA 
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The values of the evaluation criteria are presented in Table (5). 

Table 5. Evaluation criteria values 

Method RMSE MSE MAE MAPE 
SVR-PSO 0.3354 0.1125 0.2591 10.13 

SVR-GA 0.3355 0.1125 0.2592 10.14 

 

According to Table (5), the experimental results in this study show that SVR-PSO with RMSE = 0.3354 

has a better performance in estimating the price of residential properties than that of the SVR-GA. 
 

6. Conclusion 
Estimating residential property prices is a complex nonlinear problem that depends on many spatial and 

structural parameters. In this study, an optimal SVR model was used to estimate the price of residential real 

estate. The results have proved that the simple linear regression method cannot be used to model the price 

of residential real estate accurately. SVR with RBF kernel combined with various GA and PSO optimization 

techniques. Experimental results have verified that the SVR-PSO algorithm performs better than those of 

the SVR-GA in terms of accuracy. Although, this study has estimated the value of the residential properties 

in District of 5 of Tehran megacity, the proposed method can also be used to estimate property values in 

other districts or cities. In GA, the three main operators of selection, crossover, and mutation are applied to 

the population repeatedly. Given this, the main weakness of GA is that there is no such thing as information 

sharing or cooperation between the individuals in the population (particles). For example, two parents to 

whom the crossover operator is applied and two children are produced; do not share information or their 

children. Unlike GA, the PSO algorithm is implemented based on information sharing. Also, the PSO 

algorithm, unlike GA, is inherently a continuous algorithm. For this reason, this algorithm can provide 

better results in continuous problems than GA. However, because of information sharing, it is slower than 

GA. Implementing the optimal SVR algorithm can be useful to estimate the residential property values, 

which is a nonlinear problem. When using optimization algorithms like evolutionary algorithms, finding 

the optimal values for SVR hyper-parameters becomes much faster and more accurate. Thus, it is suggested 

that for future research, other optimization methods be used to estimate property prices. 
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Abstract 

Residential property taxation provides a large contribution to the sustainable income of urban 

governance. Therefore, a fair and uniform price estimation system is essential, e.g, to 

safeguard independence. In this research, the integration of geospatial information systems 

(GIS) and data mining has been used for property valuation in District 5 of Tehran. Naïve 

Bayes (NB) and K-Nearest Neighbors (KNN) data mining methods have been used to classify 

residential properties' prices. The NB method has been employed as well to model 

uncertainties existing in the implemented data. The results showed that the NB method 

performed better than the KNN method in classifying residential property values. 
 

Keywords: Rodential properties valuation, Data mining,  Naïve Bayes, KNN, GIS 

 

1.INTRODUCTION 

Housing is one of the most basic human needs. There is an ever-increasing demand for land and property 

management in which property valuation has a central role worldwide. Residential properties usually 

occupy more than 50% of the area of cities. In most countries with strong economies, land use planning 

has been considered in the urban development process. Residential properties are critical economic sectors 

in all countries and price fluctuations affect metropolitan activities and the economy of citizens' lives. 

Urban planners and policymakers consider the residential property market to analyze the current situation 

and optimum urban planning in metropolitan areas [1]. Given the significant contribution of residential 

property taxation to urban governance's sustainable income, a fair and uniform price estimation system is 

essential. A large amount of spatial and environmental data is used to estimate the property fairly and 

uniformly. Given that the property's location is the base of such a system, it is essential to use spatial 

capabilities to generate and analyze spatial information on property valuation. GIS has a vast amount of 

spatial capabilities to produce and analyze the required spatial knowledge for the informed decision making 

in the property valuation process. 

In [2] have studied the changed prices in housing based on the structural and spatial parameters of 

residential properties and estimated the price of residential properties in Tehran using linear and 

geographical regression methods. In research [3] provides a two-step model for estimating the value of 

residential property in Siedlce, Poland. In this model, properties were divided into clusters with similar 

structural features using data mining methods, especially clustering. To estimate the property valuation, the 

spatial kriging method has been used separately for each cluster. In research [4] presented a spatial 

methodology including fuzzy logic and rough set theory to estimate property prices in Gdynia, Poland. In 

mailto:mdelavar@ut.ac.ir
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[5] used analytical hierarchy process (AHP) and multiple regression analysis (MRA) to generate property 

price value maps and their comparison with regional buy/sell value maps which showed that the AHP 

method is superior to the MRA method. In [6] have used a combination of the network analysis process 

(ANP) and GIS to assess Ghana’s housing quality. In [7] presented a methodology including GIS, entropy 

and VIekriterijumsko KOmpromisno Rangiranje (VIKOR) to estimate residential property prices in 

Ganzhou, China. In this methodology, GIS was used to analyze the spatial parameters affecting property 

prices. The entropy method was employed to determine the parameters’ weight and the VIKOR method 

was implemented to estimate the price of residential properties. 

As a result, most investigations in estimating the price of residential properties have focused on 

regression and linear and geographical methods to study the effect of the environmental parameters such 

as air pollution on property valuation. GIS-based data mining and its uncertainty assessment have been 

used for property valuation in a limited number of studies. These are the topic of this research.  
 

 2.METHODOLOGY 

The present study aims to provide a methodology based on integrating GIS and data mining in residential 

property valuation in District 5 of Tehran, capital of Iran. First, by literature review, appropriate criteria for 

residential property valuation were extracted. Then structural criteria were obtained from the sales 

transaction book, and spatial criteria were extracted using spatial analyses. The data were divided into two 

categories of train data and test data. In the next step, these data entered to NB methods and KNN to model 

uncertainty. Finally, the results were analyzed and evaluated. Figure 1 shows the research framework. 

 

Figure 1. The Research Framework. 

 

 

2.1.NAÏVE BAYES 

Naïve Bayes uses probability theory with independence assumptions among the features to classify the 

data [8]: 

𝑃(𝐴|𝐵) =  
𝑃(𝐵|𝐴) ∗ 𝑃(𝐴)

𝑃(𝐵)
  (1) 

where, A and B are two events.  
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2.2K-NEAREST NEIGHBORS 

     The nearest neighbor law is one of the oldest and simplest non-parametric algorithms and uses a simple 

and efficient approach of neighbor's samples to decide new data [9], [10]. This algorithm does not have a 

training process and only stores training data and uses it to estimate test data [9]. 

     The KNN method consists of three steps: (i) determine the distances of the input sample to all training 

samples; (ii) sort the training samples based upon distance and select the k nearest neighbors; (iii) the class 

for the unseen sample by taking the most commonly occurring class in the nearest K samples [8]. 

3. IMPLEMENTATION 

  

3.1 STUDY AREA 

Tehran's metropolis with a population of about 9 million people and an area of 615 km2, is the most 

populated and the largest city in Iran. Tehran consists of 22 districts, 123 sub-districts, and 354 

neighborhoods, out of which District 5 is the second most populated and largest district and is therefore 

selected as the study area in this research. Figure 2 illustrates the location of the study area in Tehran. 

 

 
Figure 2. Study Area. 

 

 

3.2. DATA 

The dataset is downloaded from the dodota website (https://dodota.com/), which provides free but limited 

access to information on apartments and property prices in Tehran. A total of 2796 residential real estate 

sales data between November 6th, 2020 and January 16th, 2021 were collected for the study. The spatial 

distribution of the data is shown in Figure 3. 

https://dodota.com/
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Figure 3. Properties distribution. 

 

Spatial and structural criteria have been used to estimate the property prices. Structural criteria are obtained 

from sales transactions and spatial criteria were collected using land use layers, seismic vulnerability, 

population density and road network are considered. Structural and spatial information are given in Table 

1. Data were collected and stored in a GIS. The data were classified into three classes according to their 

prices: 60 to 100, 100 to 160 and, 160 to 240 thousand US Dollars. As the first task we performed a 

normalization of the data using the Z-Score [11]. Next, the NB and KNN methods were used to estimate 

and compare the property prices implemented using Python SKlearn (scikit-learn2). The number of correct 

estimates of test data was considered as an evaluation criterion. The results showed that NB is more accurate 

than KNN. After normalizing the data, KNN results change significantly, doubling its accuracy, while no 

change is observed in NB results. The results are given in Table 2. 

 

                                                                    
2 https://scikit-learn.org/stable/' 

https://scikit-learn.org/stable/'
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Table 1. The employed criteria 

Variables Description 
Area Apartment total area 

Rooms Number of rooms in the apartment 

Building age Year of construction 

Elevator Elevator 

Parking Number of parking 

Warehouse Existence of warehouse 

Balcony Existence of balcony 

Yard Existence of yard 

Dist_main_road Prox. to main city roads 

Dist _religion Prox. to main city religious places 

Dist _sport Prox. to sport facilities 

Dist _cultural Prox. to cultural centers 

Dist _educational Prox. to educational centers 

Dist _recreation Prox. to green space, forest 

Dist _health Prox. to health center 

Dist _industrial Prox. to industrial centers 

Dist _police Prox. to police centers 

Dist _marketing Prox. to business centers 

Population Population density 

Vulnerability Seismic vulnerability 

 

Table 2. Methods accuracy. 

 Naïve Bayes KNN 

Train 2074 2074 

Test 691 691 

Percentage accuracy (unnormalized) 64.40 47.18 

Percentage accuracy (normalized) 64.50 64.28 

 

 

 

4. DISCUSSION 
  
In the present study, NB and KNN classification methods have been used to estimate the residential 

apartments’ prices. In the KNN method, the number of samples used to classify an unclassified sample is 

less than that of NB. The results showed that the NB method was more accurate than the KNN. The NB 

method works better than the KNN method due to the consideration of more set of data in the classification 

process of an unknown sample. By normalizing the data, the KNN results are significantly enhanced. To 

sum up, NB was more suitable for modeling and estimating property prices because it models uncertainty 

and has higher accuracy. The present study focuses on a District 5 of Tehran. Other districts may require 

different features for property valuation. Therefore, the methods used in this research may have different 

accuracy in different districts. As a suggestion for future research, it is recommended that other data mining 

methods in different districts be used to estimate property prices. 
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Abstract 

GIS UAV design using Multidisciplinary Design Optimization (MDO) techniques as a 

complex task which involves different disciplines, mainly aerodynamic and structure. The 

multidisciplinary feasible (MDF) method is a new MDO approach and it involves solving a 

single optimization problem that calls a multidisciplinary analysis (MDA) when objective or 

constraint values are required. This paper optimized E beex fixed wing GIS UAV and 

maximization of Breguet range was chosen as objective function and two design variables, as 

spare thickness from structure part and twist angle from aerodynamic part, were mentioned. 

Finally, the results demonstrated that the flight range was sharply increased. 

Keywords: GIS UAV, Optimization, MDO, Aerodynamic, Structure 
 

 

1. INTRODUCTION  
 

The planning of the flight and the management of the navigation of UAV is essential in order to identify 

the optimal route depending on the position and height of possible obstacles present in the operating zone .

Thus it is essential to trace a path in terms of planimetry and altimetry. To this aim, the GIS environment 

is particularly useful to have a cartographic support that is accurate and precise for determining the route in 

planimetry, and to construct maps in which the altitude variation of the obstacles is represented and 

georeferenced[1]. 

Autonomous systems used by the military, including UAVs and UGVs, require frequent monitoring and 

intervention from human operators. Operators take into account any contextual information they can gather. 

In addition, missions are planned for these systems at varying levels of granularity. Some systems are given 

an end goal, some are given waypoints, and others require additional detail which might include 

teleoperation. Situations may arise during the execution of these plans that require dynamic replanning. An 

example of such an event for a UAV would be a failure requiring an emergency landing; an example of 

such an event for a UGV would be encountering a hazard. Contextual information such as the time of day 

and type of environment could inform navigation and emergency landing plans. Additionally, the use of 

GIS data together with sensor data gathered by autonomous systems could potentially improve the systems’ 

reaction to anomalous situations that arise and improve navigation routes.  

The objective of this effort is to explore the integration of GIS data with sensor data and time of day 

information to enable (1) UAVs to locate safe emergency landing locations without operator intervention, 

and (2) UGVs to incorporate contextual GIS information for navigation. Ultimately, the combination of 

GIS maps that include precomputed probabilities for preferred landing sites or navigation routes with 

current sensor data will help inform and improve the operation of UGVs and UAVs.  

mailto:amirfarhang.nikkhoo@mail.um.ac.ir
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Preliminary evaluation of our system, which integrates GIS and sensor data, reveals potential impact 

through more efficient navigation and the ability to locate safe landing zones. This effort builds the 

foundation for employing GIS data streams in UAV landing and UGV navigation. The platform agnostic 

nature of our effort, which focuses on the fusion and processing of multiple layers of GIS data according 

to a specified mission profile, could be used for any type of autonomous system. This effort not only impacts 

the UAV and UGV fields, but can also apply to other fields such as data analysis interfaces[2]. Du Yu Go 

et.al [3] have been investigation that employed GIS as reference data. GIS is  an information system that 

stores, edits and displays geographic information. GIS data represents real world objects with digital data 

and needs less storage compared to reference images or terrain contour maps. Moreover, it is easy to have 

the surrounding information for UAV planning due to the semantic description in GIS. Therefore, they 

choose GIS as reference data and propose a novel vision-aided navigation approach for accurate UAV 

localization. The approach firstly extracts and delineates the widely distributed object features including 

roads, rivers, road intersections, villages, bridges et al. from aerial images. Then, GIS model is constructed 

by corresponding geographical object information from GIS data to offer the reference data. Finally, visual 

geometrical features are registered with GIS model to obtain the absolute position of the image, and thus to 

eliminate the errors of INS.  

Flying wing configuration has been considered as an ideal configuration of the future unmanned aerial 

vehicles (UAV) due to its potential benefits over conventional configurations in stealth capability, 

aerodynamic performance, and structural efficiency. Compared with the conventional configuration, flying 

wing aircraft has become the research hotspot of advanced aircraft in recent years [4], and the number of 

flying wing aircrafts which have been developed successfully is far less than the number of aircrafts with 

the conventional configuration.  

Currently, the objective of an aircraft design is to determine an optimum design considering multiple 

analysis disciplines. The process of aircraft design is a complex process that is composed of many different 

disciplines. From the early 1960s, it was clear that optimization of a single discipline cannot guarantee the 

overall optimum design[5]. The concept of multidisciplinary design optimization (MDO) was introduced 

in the 1980s to manage interdisciplinary connections in design optimization. Since then, MDO has been 

widely used in different fields of engineering design.  

Aircraft wing design using Multidisciplinary Design Optimization (MDO) techniques is a complex task 

which involves different disciplines, mainly aerodynamic and structure. Different levels of analysis are 

used for wing design and optimization. Typically simple empirical methods are used in the earliest stages 

of the concept design. The design task proceeds towards the final design by increasing the complexity of 

the analysis methods. For instance, a variety of methods are available for aerodynamic analysis of a wing; 

from a simple lifting line theory or a vortex lattice method up to complex Euler and Reynolds-Average 

Navier-Stokes methods. Similarly for structural weight estimation, various methods with different levels of 

fidelity are available. The difficulty lies in the quest or development of analysis methods which are 

sufficiently simple to be used thousands of times during the optimization. At the same time, these methods 

should be sophisticated enough to capture changes in the local geometry. Multidisciplinary Design 

Optimization or MDO, is a methodology for the design of systems in which strong interaction between 

disciplines motivates designers to simultaneously manipulate variables in several disciplines[6]. Cramer et 

al [7] suggested , the multidisciplinary feasible (MDF) method is the traditional MDO approach and it 

involves solving a single optimization problem that calls a multidisciplinary analysis (MDA) when 

objective or constraint values are required. The MDA solves the governing equations for all disciplines. 

The MDA module takes the design variables solves all governing equations until the coupling variables 

have converged. The values of the objective and constraints can then be computed. By requiring the solution 

of the MDA at each design point, MDF ensures that each optimization iteration is multidisciplinary feasible. 

This is a very desirable property, since if the optimization is terminated prematurely, a physically realizable 

design point is at hand. The effort required to implement MDF for a given problem is directly related to the 

effort required to build an appropriate MDA module.  

Antoine and Kroo [8] introduce environmental performance in a MDO framework for preliminary 

aircraft design and the results obtained had shown that significant environmental impact reduction can be 
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achieved by flying slower and at lower altitudes. Noise reduction has also been included in multidisciplinary 

optimization[9] [10] [11]. Henderson et al. [12] have also reported an aircraft environmental design and 

optimization framework. Esmaeili and nikkhoo also optimized the wing of Bombardier CRJ700 Brequet 

range by MDO and the results reported that the range increased 41%[13] .  

A flying wing UCAV MDO problem was formulated and successfully solved using two different 

approaches. The first approach was optimization using a low-fidelity design framework. The second 

approach was variable fidelity optimization with MDO implementation of the GVFM algorithm. Variable 

fidelity optimization exhibited more design improvement with an acceptable computational cost compared 

to low-fidelity optimization[14].  

The goal of the present study is to optimize the range of a regional UAV using a monolithic MDO 

technique. The wing of E bee x fixed wing GIS UAV as shown in Fig. 1, is chosen and its specification 

shows in Table 1. Expanded propylene was considered as the material used in the manufacturing of the 

wing. The Breguet range is considered as objective function and to maximize it, both wing structure weight 

should be minimized and simultaneously maximized the lift to drag ratio of wing. To do this type of 

optimization, Multidisciplinary Feasible (MDF) method is selected which could couple both structure and 

aerodynamic equations.  

 

 
Figure 1. E beex GIS UAV  

 
Table 1- specification of E bee x fixed wing GIS UAV 

Range 162km 

Wing span 1.16m 

Thickness/chord ratio 0.87 

Mach cruise number 0.089 

sweep 35.7deg 

Thick root 0.0372 

W battery 1.32 kg 

e_battery 613512 j/kg 

 

 

2.EQUATIONS 
 

The paper use Breguet range calculate fuel consumption as a function of structural weight and aerodynamic 

performance that showed in Eq1. 
 

𝑅 =
𝑒_𝑏𝑎𝑡

𝑔

𝐿

𝐷
𝑙𝑛 (

𝑊𝑖𝑛𝑖𝑡𝑖𝑎𝑙

𝑊𝑓𝑖𝑛𝑎𝑙
) (1) 
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For a wing with sweep  Λ = 35.70, a taper ratio 𝜆 = 0.87, and an aspect ratio AR=4, and the combination 

of jig twists and spar thicknesses that maximize the range of this wing, while ensuring that the wing 

structure will not fail at a maneuver condition with a load factor n 2.07. 

In this investigation, Multidisciplinary Feasible (MDF) is chosen and all results are obtained from this 

approach. 

The aim of present work is to modify the wing of E bee x fixed wing GIS UAV that is reached to the 

maximum range. Standard form of the problem can be mathematically stated as, 
 

Maximize   𝑅 , {𝑅 =
𝑒𝑏𝑎𝑡

𝑔
 
𝐿

𝐷
𝑙𝑛 (

𝑊𝑖𝑛𝑖𝑡𝑖𝑎𝑙

𝑊𝑓𝑖𝑛𝑎𝑙
)} 

With respect to    x 

Subject to        L-W=0 

nσj − σyield ≤ 0 

 

Where x is design variable and contains spar thickness (t) and jig twists (γ). L and W are lift force and 

weight of wing, individually. Load factor is called (n), too.  

 

Problem statement in the form of MDF can be expressed as; 

Minimize -R , {R =
ebat

g
 
L

D
ln (

Winitial

Wfinal
)} 

With respect to                  t, γ 

Subject to           nσj(u) − σyield ≤ 0 

L(Γ) − W(t) = 0 

Where the aero-structural analysis is as, 

Aerodynamic governing equation:     AΓ = v(u) 

Structural governing equation:          Ku = f(Γ) 

 

The angle of attack at which the wing flies is returned to the wing to see the resulting lift (= weight of the 

spar + fixed non-spar weight). In addition, the program will return the lift and elastic twist distributions, 

and the stress distribution on the spar. The stress distributions can be used to specify material failure 

constraints. 

Moreover, the objective function, design variables, and constraints are clearly identified in table 2. 
 

Table 2- classification of objective function, design variables, and constraints 

Objective function  

−𝑅 ,

{𝑅

=
𝑒𝑏𝑎𝑡
𝑔
 
𝐿

𝐷
𝑙𝑛 (

𝑊𝑖𝑛𝑖𝑡𝑖𝑎𝑙

𝑊𝑓𝑖𝑛𝑎𝑙
)} Design variable 

 

Spar thickness= t 

Twist= γ 

Constraints 

 

nσj(u) − σyield ≤ 0 

L(Γ) −W(t) = 0 
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Furthermore, Fig. 2 illustrates flow chard of the problem with MDF approach and data flow. As shown in 

the figure, the initial values of design variables are given and then the coupled governing equations of 

structure and aerodynamic parts is solved. Subsequently, the objective function would be calculated based 

on the results of MDA. The optimization algorithm will try to find the best output and finally the algorithm 

will check the answer of optimization process. If the optimized output is matched with the solution of 

governing equations, the simulation would be stopped otherwise the optimized output will be mentioned a 

new design variables and run the procedure again. 

 
Figure 2. MDF flowchart 

 

3.RESULTS 

  

This investigation is also solved by using Vortex Lattice Method (VLM) for aerodynamic governing 

equation and coupled it to structure equation thus, the MATLAB function, Fmincon is the final step of 

converging of this program. Therefore, the maximum range of the mentioned aircraft will be 349 (n.mi) 

that means 647 km. 

Moreover, lift, drag forces, and weight of wing, which are obtained in maximum range, are represented in 

table 3. 

 

Table 3- Loads characteristic at maximum range 

Lift  Drag Range 

4.75 0.37 647 km 

 
According to the MATLAB’s results, maximum range increase from 87.47 to 349 (n.mi). Furthermore, lift 

distribution extracted from MATLAB in Fig. 3 and showed us the optimized wing and base wing’s lift 

distribution. For an optimum aerodynamic performance of a wing, the desired lift distribution would be 

elliptic; because this distribution generates the lowest induced drag, ensuring optimum aerodynamic 

performance of the wing. As shown in the Figure 3 , it matter how oval the lift diagram is, means we have 

better lift force. 
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Figure 3. Lift distribution according to wing span 

 

In this research, aerodynamic is not just considered; structure of wing should be regarded, too. Therefore, 

the lift distribution will not be an elliptic.  

Actually, wing weight reduction and stress play an important role in this problem. Stress is high in the 

wing root and thicker spar is sufficient. Therefore, weight of wing in the root rises. On the other hand, any 

increase in drag would bring a large penalty in weight especially in a long-range aircraft. Therefore, lift 

curve shifts towards and it becomes triangular and induced drag is declined. 

 

 
Figure 4. deflection distribution across wing span 

 

 

According to the figure 4 the investigation has higher deflection after optimizing. Aerodynamic 

performance depends of deflection, thus the tip of the wing (the end of the wing) is so light because of this 

the wing has so much deflection. 

 

4.CONCLUSIONS 
 

This paper optimize the E bee x fixed wing GIS UAV by multidisciplinary design optimization to 

achieve the best range. With supplying Breguet range and coupling aerodynamic and structural governing 

equation MDA and MDF the Branch of MDO completed and finally lead the results to maximum range of 

the flight and optimum aerodynamic performance of a wing such lift and the desired lift distribution would 

be elliptic lift. Hence it leads to optimum deflection on structural performance. wing weight reduction and 

stress play an important role in this problem thus after optimize weight of wing in the root increases. 
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