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Abstract 

The recurrent occurrence of fire is one of the most complex problems facing in deciduous 

forests in tropical regions, adversely impacting the ecology, atmospheric systems, as well as on living 

environment. Detecting and assessing the exact spatial extent and distribution of burn scar can 

support forestry services in pre & post fire management. Exact mapping of forest fire scar can also 

lead to assessing forest fire frequency, severity, risk zones and identification of suitable area for 

watchtowers and fire and grazing closure areas. In the present study, tropical deciduous forests of 

Vidarbha region of Maharashtra, India is taken as study area. Burn scar detection and discrimination 

capabilities of seven widely used Spectral Indices (SI) such as Burn Area Index (BAI), Burned Area 

Index Modified-lSWIR (BAIML), Burned Area Index Modified-sSWIR (BAIMS), Normalized Burn 

Ratio (NBR), Normalized Difference Vegetation Index(NDVI), Normalized Difference Moisture 

Index(NDMI), Modified Soil-Adjusted Vegetation Index (MSAVI) and their weighted fusion were 

examined in multi-temporal domain. This study created difference images during fire season using 

individual SI, change vector analysis (CVA) and weighted fusion normalized difference image 

technique. Comparative analysis was performed between these approaches towards their capability 

for burn scar discrimination with M statistics, burn & unburn class distribution and descriptive 

evaluation of confusion matrix. The study demonstrated that Weighted Fusion of BAI, MSAVI and 

BAIMS is more accurately discriminating burn scar and offers a very low rate of omission (9.27%) 

and commission (4.12%) errors with good overall accuracy (86.61%) amongst other examined 

individual SIs and their ensembled images. 
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1 Introduction 

Forest fire in India is largely of anthropogenic origin rather than natural. Forest fire, or we 

should categorize it as uncontrolled wildfire, caused extensive quantitative and qualitative damage to 

forest ecosystem and seriously threatened its flora and fauna1,2. Burn scar can be defined as areas 

damaged by uncontrolled burning (such as forest fire, grass fire etc.) and controlled burning and have 

not yet recovered3. Usually, the controlled fire is ignited by the forest-dependent communities for 

various purposes ranging from clearing community forests for shifting cultivation to clearing the 

forest floor to encourage grass growth and the collection of non-wood forest produce. On the other 

hand, uncontrolled and unmanaged fires cause remarkable negative impact on biodiversity, structure 

and composition of the forest4. Forests of our country are prone to fires and getting impacted with 

varying intensity and extent. Based on the forest inventory records, 54.40% of forests in India are 

exposed to occasional fires, 7.49% to moderately frequent fires and 2.40% to high incidence levels, 

while 35.71% of India’s forests have not yet been exposed to fires of any real significance5. Every 

year 2-5% of forests are affected by fires that damage their precious ecological resources. Due to the 

severe forest fires, forest ecosystem can get affected by irreparable damages. Escalated anthropogenic 

activities due to population increase and climate changes are the leading cause of the increased 

frequency as well as intensity of forest fires6,7. Considering these, India has to put more focus on 

strengthening its efforts for efficiently managing the forest fires to achieve its goals set for green 

India8. A large variation exists between exact area burnt and area reported by ocular method by the 

forest staff. Most of times the area reported are less than reality or sometimes highly exaggerated as 

the estimation technique is ocular without surveying in detail. An average of 17% error is present 

between the ground and reported areas9. In general, burn area has the properties of large size and 

spatial variability. The advantage of wide viewing angles, multi-spectral imaging and multi-temporal 

revisit capabilities of satellite remote sensing technique qualify it as a primary tool for burn scar 
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extraction. Using geospatial technology in forest fire management will minimize work, cost and 

higher accuracy10. However, most of the forest fire information available online in the Indian region 

are point location information on active fire and fire susceptibility11,12. Also, the information on forest 

burnt area and fire frequency using satellite remote sensing data is not available5. Currently, most of 

the techniques developed internationally to derive burn scar information from satellite remote sensing 

data have been commonly applied to specific fire events. Also, the major estimation is based on 

coarse resolution sensors and is likely to be a conservative estimate of total burned area (BA). Some 

of the studies which were undertaken for forest burn scar assessment using spectral indices are based 

on NBR13, 14, NDVI15, NBR & NDVI with machine learning (ML) technique16,17,18 and NDVI, NBR 

& RBR19. Many studies used ML techniques with various spectral indices20,21 and object-oriented 

methods22. The capability of the individual spectral index and the combination of these spectral 

indices in forest fire scar delineation is not attempted. By taking the advantage of SI or their 

combinations, whoever is demonstrating the best delineation of burn scar, proper samples for ML can 

be created which is vital to get an accurate output from any ML techniques. This study with a 

medium-resolution sensors may increase the knowledge about the discrimination capabilities of 

different SI indices in the estimation of burn scars in tropical deciduous forests. Here, Landsat-7 and 

Landsat-8 satellite images have been used for burn scar extraction. Comparative analysis has been 

performed between difference images generated using individual spectral indices and ensemble 

spectral indices to come up with the best suited method for exact discrimination of burn scar. The 

result of exact spatial extent and distribution of burn scar can support forestry services to reduce 

forest fire occurrences, which entails pre-fire and post-fire management. As per the National Working 

Plan code-2014 (for sustainable management of forest and biodiversity in India) year wise spatial 

extent of fire and frequency assessment using satellite imageries has become mandatory for working 
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plan preparation. The outcome of this study can support in identifying the fire closure and 

regeneration areas and can also be used in designing fire lines in working plan preparation. 

2 Materials and Methods 

2.1 Study area 

Vidarbha region of Central India is taken as study area for burn scar analysis (Figure 1). The 

climate of this region can be classified as semi-arid and is richly endowed with natural resources of 

varied types. The region consists of eleven districts viz., Buldana, Akola, Washim, Amravati, 

Yavatmal, Wardha, Nagpur, Bhandara, Gondia, Chandrapur and Gadchiroli.  It is situated in between 

17°57’-21°46’ N latitude and 75°57’-80°59′ E longitude and covers an area of 98 lakh ha, which is 

32% of total area of Maharashtra. The mean annual rainfall ranges from 700 mm in the west to 1700 

mm in the east. This region mostly receives adequate rainfall in aggregate during monsoon period but 

suffers from vagaries of distribution and, consequently, scarcity and semi-scarcity conditions. 

Vidarbha region has been divided into three agro-climatic zones based on rainfall, soil types and 

vegetation viz., western Vidarbha Zone (Rainfall: 700 to 950 mm), Central Vidarbha Zone (Rainfall:  

950 to 1250 mm) and Eastern Vidarbha Zone (Rainfall: <1250 mm). Vidarbha region forests are 

mostly tropical deciduous forest consists of Tectona grandis, Artemisia pallens, Dalbergia sissoo, 

Diospyros melanoxylon, Butea monosperma, Aegle marmelos, Senegalia catechu, Hardwickia binata 

etc. Some pockets of hilly regions have tropical thorn forests consists of Acacia, Senegalia catechu, 

Acacia leucophloea trees. 

Figure 1 

 

2.2 Data used 

Vidarbha region is located in Central India. The forests of the study area are primarily dry 

deciduous forest, frequently affected by forest fires. Annually, wildfire crop up from February to June 
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in summer months, but in some scenario, November to January is also considered fire season9. In the 

present study, December to May have been considered as fire season, and for these six months, 

possibly for the last week of the month, temporal Landsat-8 and Landsat-7 satellite data have been 

downloaded from Dec. 2017 to May 2018 from USGS website (https://earthexplorer.usgs.gov/) to 

maintain minimum 20 to 30 days gap between consecutive months’ images. During the fire season, 

ten scenes per month of Landsat ETM+/OLI satellite data were required to cover complete study area 

with minimal cloud coverage. During scene selection, priority was given to Landsat-8 as landsat-7 

data needs scan line removal before further processing. While selecting scenes, proper care has been 

given to consider the proper similarity with respect to sun elevation and sun azimuth. Nearly 258 

polygon data with varying degree of fire scar were collected from the field for ground truth 

information. Out of 258 polygons, 112 were burnt patches of different sizes and 146 were unburnt 

patches of various aspects. The collected ground truth data were used as inputs for threshold 

calculation, separability analysis and classification validation. 

2.3 Methodology  

The overall methodology is represented in the following flow diagram (Figure 2). 

Figure 2 

 

2.3.1 Data pre-processing 

In order to extract burn area more conveniently and accurately, the prerequisite is that the data 

should be cloud free as much as possible because cloud shadow, being the low-reflectance target, is 

one of the potential confusion sources with burned areas. For remaining cloud patches, masking the 

cloud and its shadow was performed using cloud masking plug-in in QGIS. All Landsat-7 scenes 

have scan line error, which is no data and was fixed using QGIS software. Normalisation of 

multispectral data was performed through top-of-atmosphere correction, which gives the surface 
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reflectance value of each pixel after removing atmospheric effect caused by different gases, aerosol, 

etc. To cover the full extent of the study area, in each month of fire season, band wise, ten scenes 

were mosaicked. Further, a forest mask was generated with each band scenes to exclude all non-

forest areas, which can produce potential confusion with burned areas8,23. 

2.3.2 Description of spectral indices (SI) 

The present study selected seven different spectral indices among the wide range of existing 

spectral indices commonly used worldwide for burn scar identification and extraction, as listed below 

(Table 1):  

Table 1 

 

2.3.3 Approach  

As fire destroys the vegetation cover of forest and its moisture conditions, the spectral indices 

(SIs) sensitive to these will get changed its reflectance after the fire31. This essential phenomenon of 

SIs has been utilised in this study. At first, month wise (during fire season), seven spectral indices are 

generated, and the outcomes are visually compared with satellite image and ground truth/fire hotspot 

locations. The results found individual indices unsuitable for burn scar extraction as these results 

carry many spectral mixing (hilly shadows, water logged or wetland condition etc.) having very 

similar reflectance properties as burn scar. Hence, the difference image technique has been adopted. 

For comparing the bi-temporal images taken over the same geographical area at different dates, 

difference image is the first step carried out for the comparison between pre-fire and post-fire images. 

This practice enhances the recognition characteristics of any feature of interest, which in this case is 

burn scar32. Also, it reduces the effect of some unwanted spectral confusion, like a hilly shadow. As, 

the proposed method is trying to remove dependency on specific fire events and not leave any burn 

scar unattempted. So each month, possibly for the last week, one Landsat dataset has been 
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downloaded, and consecutive months' images with a gap of 20 to 30 days are considered pre- and 

post-fire images for difference image generation. For January, the December image is taken as a pre-

fire image; for February, the January image is taken as a pre-fire image, and so on. As, burnt pixels 

present in the indices NDVI, NDMI, NBR, and MSAVI have lower (darker) reflectance values, 

unlike indices like BAIMS, BAIML, and BAI, which demonstrate higher (brighter) reflectance 

values. All indices burned pixels representations are brought to same at lower (darker) reflectance 

value by (inverting the difference image values of BAIMS, BAIML, and BAI) calculating difference 

image as post fire – pre fire for NDVI, NDMI, NBR and MSAVI and prefire – postfire for BAIMS, 

BAIML and BAI. 

The present study generated the final difference image via combining weighted features of 

difference images of individual spectral indices and change vector analysis (CVA) image. SI 

difference images and CVA images were created by considering each consecutive month’s scenes as 

pre- and post-fire images to capture the change occurred month wise. The CVA principle defines the 

difference of single feature across various bands between two dates, which exhibits the change of 

pixels in individual band. CVA image can be calculated as (Equation 1)1. 

𝐂𝐕𝐀 = ∑[𝑩𝑽𝒊𝒋𝒌𝒅𝒂𝒕𝒆𝟐 − 𝑩𝑽𝒊𝒋𝒌𝒅𝒂𝒕𝒆𝟏]
𝟐

𝒏

𝒌=𝟏

                                  (1) 

Where, CVA describes spectral difference of two remote sensing images captures at different 

dates by applying CVA algorithm. BVijkdate1 and BVijkdate2 are the kth band value of pixel located 

at (i, j) corresponding to pre-fire and post-fire images respectively. k= 1,2, 3….n, and n is the number 

of remote sensing image bands.  

Then, ensembling different set of these SI difference images and/or CVA month wise 

weighted fused normalized difference images were obtained (Equation 2). Standard deviation of 

CVA and each selected SI difference images for the respective ensembling was taken as weight 

value3. 
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 𝐃𝐈 =
𝑫𝑺𝑰𝟏

𝝈𝑺𝑰𝟏
+

𝑫𝑺𝑰𝟐

𝝈𝑺𝑰𝟐
+ ⋯ +

𝑫𝑺𝑰𝒏

𝝈𝑺𝑰𝒏
+  

𝑪𝑽𝑨

𝝈𝑪𝑽𝑨
                                        (2)             

Where, DI is the weighted fusion difference Image, DSI is the difference image calculated by 

selected SI feature, CVA is the difference image acquired according to CVA algorithm, coefficient 

σSI and σCVA is the standard deviation of the selected difference images and n varies from 2 to 

selected number for ensemble. 

After difference image calculation, month wise burn scar extraction using optimal 

thresholding was performed on the difference images obtained from individual spectral indices, CVA 

and features weighted fusion technique. Threshold for individual difference images were computed 

based on ground truth samples. After applying threshold, image smoothing is performed to remove 

unwanted isolated pixels, for this, at first, individual unique zones was created for each cell. Then, a 

defined filter is applied to omit the regions from the image that are less than a certain number of 

pixels. 

2.3.4 Best method identification for burn scar delineation 

To access the best suited method for exact detection and delineation of burn scar, a 

comparative analysis of these SI difference/weighted fusion difference images were performed to 

estimate their effectiveness towards discriminating between burned and unburned classes using M-

statistic as separability index and histograms of burn and unburn area. The M-statistic measures class 

separability defined by Kaufman and Remer33 as the difference between the means (μ) of two classes 

burned and unburned normalized by the sum of their standard deviations (σ)34-37. The separability 

index is computed as (Equation 3)38. 

𝐌 =
|𝝁𝒃 − 𝝁𝒖|

(𝝈𝒃 + 𝝈𝒖) 
                                        (3)             

Where, µb and µu are the mean values of the burned and unburned areas, respectively, of the 

considered SI-difference/weighted fusion difference images, σb and σu are the corresponding 
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standard deviations. The higher M values demonstrate that the selected method can better 

discriminate burnt areas from unburnt areas than others. Also, the larger M values indicate low 

degree of histogram overlap between burn and unburn classes3. 

The final accuracy of all SI/weighted fusion difference images in discriminating the burn scar 

in the Vidarbha region was assessed by generating error/confusion matrices of the collected ground 

truth data and by available fire hotspot information. An error matrix is a quantitative approach to 

characterising image classification accuracy, which is a square array of numbers laid out in rows and 

columns that shows correspondence (agreement and disagreement) between the classification result 

and a reference image. Information in the error matrix was evaluated using descriptive evaluation 

techniques. Using descriptive evaluation, the overall accuracy of classification results can be clearly 

described, along with the errors of inclusion (commission errors) and exclusion (omission errors)39,40. 

3 Results and Discussion 

As mentioned in the previous sections, the present study examined month-wise (during fire 

season) 8 individual spectral indices’ difference images, CVA images, and various ensemble images 

(weighted fused normalized difference images). The results show that SIs difference images of 

NDVI, NBR, BAI, MSAVI and BAIMS give better outcomes than the other two individual SIs 

(NDMI & BAIML) and CVAs. However, ensemble images were given far better accuracy than 

individual SIs difference images (Figure 3). 

Figure 3 

 

Most of the region in the study area, specifically in forest area, is hilly, where different 

slopes/aspects and hill shading conditions create lots of spectral mixing with burn scar, making it 

challenging to delineate the burnt area accurately. Some of the best performers among the group of 

spectral indices over a particular hilly region are illustrated in Figure 4. NDVI difference image could 
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map burned patches but could not accurately delineate all the burned patches from unburned area, 

only the recent burned patches were accurately delineated. Generally, the normalized burn ratio was 

often considered the best SI, but our study found that it failed to discriminate burned scar from hill 

shadows (Figure 4b). Although it’s ensambling with other group of indices like BAI, BAIMS (Figure 

4f) and BAI, MSAVI (Figure 4g) present better discriminated result but still hold some spectral 

mixing in certain areas.  NDMI results were pattern wise similar to NBR but carried even more 

spectral confusion, possibly because of water-logged or wetland condition, which shows reflectance 

properties near the burn scar. BAIMS (Figure 4e) outcome was better than other SWIR band SI 

because it does not contain false burn patches due to spectral confusion but able to detect only highly 

burnt dense patches with a very low reflectance value. MSAVI (Figure 4d) outcome was very 

promising, it could even detect coarsely burnt patches because of its ability to minimize soil’s high 

reflectance, making MSAVI very sensitive to low vegetation cover30. If we consider only individual 

SI performance, then BAI (Figure 4c) was the best but gave even better results when ensemble with 

MSAVI (Figure 4h). The study found that the weighted fusion of BAI, MSAVI and BAIMS (Figure 

4i) was superior in discriminating burnt scar. 

Figure 4 

Burn scar extraction was performed using individual SI difference, CVA and weighted fusion 

difference images through optimal thresholding method. Computed threshold values for some of the 

difference images are tabulated below (Table 2). 

Table 2 

  These computed values were not fixed for different months with in a fire season. Although 

the same value can be used throughout one fire season but to delineate more accurately, there were 

slight variations in the selected threshold values. Some of the obtained results are demonstrated in 

Figure 5.  
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Figure 5 

 

The capabilities of the previously described difference images in exact discriminating 

between burned and unburned classes were evaluated and compared using the following three 

approaches. For this, 150 random sample points of burned area were created using ground truth and 

fire hotspot information, and 150 reference points of unburned area of similar slope/aspect were 

created in near proximity of respective burned areas. Here, instead of pre-fire values of burned 

samples, the difference image values of unburned areas are considered as a reference for healthy 

vegetation. 

• Analysis of burned-unburned separability capabilities of difference images, the M-statistic: 

The higher M values demonstrate that the method can make better discrimination of the 

burned class than others. Weighted fusion is created with all possible combinations of indices, 

from which the top few best performers are presented here. As illustrated in Figure 6, CVA 

performed worst, and the weighted fusion of BAI, MSAVI and BAIMS outcome was superior 

amongst all examined difference images in discriminating burnt scar. 

Figure 6 

 

• Histogram of burned and unburned sample points: Figure 7 supports the same presumption: 

larger M values indicate low degree of histogram overlap between burn and unburn classes. 

As per this also the weighted fusion of BAI, MSAVI and BAIMS demonstrates the least 

overlap, hence the best separability of burned classes from unburned classes. 

Figure 7 
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• Descriptive evaluation of classified output: Further analysis of the mapping capabilities of 

SI/weighted fusion difference images includes detailed accuracy assessment quantifying 

omission and commission errors (Figure 8). As shown by the outcome of the validation 

process, NBR does not offer good performance in our study, with large number of false 

alarms (24.52%), even though the percentage of undetected burned patches was less 

(12.59%). The weighted fusion of BAI, MSAVI and BAIMS performs best, offering 86.61% 

overall accuracy with 8.12% commission and 10.27% omission error. 

Figure 8 

Limitations of the study: One of the significant limitations of this method is that Pre-fire and 

postfire images need to be of the same satellite with the same path and row (with sun azimuth and 

zenith angle same to the maximum extent) to nullify the hill shadow effects. Using the SI 

differencing this hill shadow is getting removed but if there is a large differences in sun azimuth and 

zenith angle in Pre-fire and postfire datasets, few patches of hill shadow may still remain, which may 

get mixed up with burn scar pixels. The unavailability of the same satellite's well-separated (Month 

wise) cloud-free data may omit some of the small fire scars due to pre-monsoon showers.   Moreover, 

this study can only be replicated in dry deciduous, moist deciduous, grasslands and thorn forests 

where the leaves will defoliate in the fire season. In the cases of evergreen and semi-evergreen 

forests, the fire on the forest floor will not get picked up. 

4 Conclusion 

The present study analysed various SI and their weighted fusion to discriminate burned from 

unburned classes. Separability and accuracy of each of these techniques were evaluated using M-

statistic, burn-unburn class distribution and overall accuracy assessment. The result shows that 

weighted fusion method using BAI, MSAVI and BAIMS was found to be the best suited method for 

burn scar delineation when compared to individual SIs and other SI combinations. CVA is the least 
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performer among the various techniques tried. NDVI can be used for burn area extraction if 

employed immediately after the fire event, when the magnitude of change in vegetation chlorophyll 

content is highest. Even though some studies have shown that visible and NIR bands are less 

effective than SWIR for discriminating burned areas, the present study reveals that for partially 

burned area, indices with visible and NIR seemed to play a more significant role in estimating the 

burned area accurately. As a result, BAI and MSAVI performed better than NBR, NDMI, BAIML 

and BAIMS in the delineation of burn scar. However, weighted fusion of BAI, MSAVI and BAIMS 

offers a very low rate of omission and commission errors with good overall accuracy among all the 

examined spectral indices and their combinations, especially in hilly regions. The weighted fusion of 

BAI, MSAVI and BAIMS was found to be the best method in discriminating forest fire scar in the 

deciduous tropical forest of India, as demonstrated in the present study. The applicability of this 

technique to other biomes is still to be tested.  
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Table 1. List of spectral indices (SI) used for the study 

Spectral index full name Equation 

Burn Area Index (BAI)24 
1

(0.1 − 𝑅𝑒𝑑)2 +  (0.06 − 𝑁𝐼𝑅)2⁄  

Burned Area Index Modified-LSWIR 

(BAIML)25 

1
(0.05 − 𝑁𝐼𝑅)2 +  (0.2 − 𝑙𝑆𝑊𝐼𝑅)2⁄  

Burned Area Index Modified-sSWIR 

(BAIMs)25 

1
(0.05 − 𝑁𝐼𝑅)2 +  (0.2 − 𝑠𝑆𝑊𝐼𝑅)2⁄  

Normalized Burn Ratio (NBR)26 
𝑁𝐼𝑅 − 𝑙𝑆𝑊𝐼𝑅

𝑁𝐼𝑅 + 𝑙𝑆𝑊𝐼𝑅⁄  

Normalized Difference Vegetation Index 

(NDVI)27,28 

𝑁𝐼𝑅 − 𝑅𝑒𝑑
𝑁𝐼𝑅 + 𝑅𝑒𝑑⁄  

Normalized Difference Moisture Index 

(NDMI)29 

𝑁𝐼𝑅 − 𝑠𝑆𝑊𝐼𝑅
𝑁𝐼𝑅 + 𝑠𝑆𝑊𝐼𝑅⁄  

Modified Soil-Adjusted Vegetation Index 

(MSAVI)30 
(2 × NIR + 1) − √(2 × NIR + 1)2 − 8 × (NIR − Red)

2
⁄  

Here, Blue = visible blue band, Green = visible green band, Red = visible red band, NIR = near 

infrared band, sSWIR = shorter shortwave infrared band, lSWIR= longer shortwave infrared 

band. 
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Table 2. Threshold values for April 2018 difference images 

Difference Images Threshold values 

NDVI Difference Image -0.07 to -1.29295 

NBR difference image  -0.03 to -1.55056 

BAI difference image -0.07 to -0.964835 

MSAVI difference image -0.0001 to -0.00227939 

BAIMS difference image -0.1 to -4.38848 

CVA image 0.00256489 to 8x10-6 

Weighted fusion difference image of BAI, NBR and BAIMS -1 to -39.51432 

Weighted fusion difference image of BAI, NBR and MSAVI  -1 to -38.7872 

Weighted fusion difference image of BAI and MSAVI -0.5 to -25.6657 

Weighted fusion difference image of BAI, MSAVI and BAIMS -0.4 to -40.84908 

 

 

https://www.harrisgeospatial.com/docs/BurnIndicesTutorial.html#Burn
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https://www.harrisgeospatial.com/docs/BurnIndicesTutorial.html#Burn
https://www.harrisgeospatial.com/docs/BurnIndicesTutorial.html#Burn
https://www.harrisgeospatial.com/docs/BurnIndicesTutorial.html#Burn
https://www.harrisgeospatial.com/docs/BurnIndicesTutorial.html#Burn
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Figure 1. Location map of Vidarbha region, Maharashtra, India 

Figure 2. Methodology flowchart 

Figure 3. Spectral indices (SI) difference images of Vidarbha region for April 2018 

Figure 4. Difference images of (a) NDVI, (b) NBR, (c) BAI, (d) MSAVI, (e) BAIMS, (f) BAI-NBR-

BAIMS, (g) BAI- NBR-MSAVI, (h) BAI-MSAVI, (i) BAI-MSAVI-BAIMS 

Figure 5. Extracted burn scar of Vidarbha region 

Figure 6. Separability index (M) for various SIs & their weighted fusions difference images 

Figure 7. Burned Vs un-burned class distribution for various SI & their weighted fusions 

Figure 8. Descriptive evaluation of classified outcome  
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