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A B S T R A C T   

Capturing the phenological responses of crops in diverse, small-scale agricultural systems is one of 
the most notable remote sensing research gaps in Eastern Africa. Because of the heterogeneous 
and complex agricultural environments, remote sensing methodologies successfully implemented 
elsewhere yield poor results in Eastern Africa. The reliance on local rainfall and dry spells can 
lead to alterations in planting patterns, impacting growing season timing and yield, underscoring 
the importance of high temporal resolution for capturing crop phenology. We generated a high- 
resolution land use/land cover (LULC) classification map of 10 m using Sentinel-1 and Sentinel-2 
imagery together with a large set of reference data acquired in situ in 2022. The LULC classifi
cation yielded an overall accuracy of 87.9% and Cohen’s kappa value of 0.83. Based on the LULC 
map, we investigated the phenological metrics of the most important crops in the Kamuli district 
of Eastern Uganda by combining a multi-sensor harmonization approach, thresholding method, 
and cloud computing. Previously unavailable Landsat 9 band adjustment coefficients were 
derived. By harmonizing Landsat (LS) 7 Enhanced Thematic Mapper Plus (ETM+), Landsat 8 and 
9 Operational Land Imager (OLI), with Sentinel-2 Multispectral Instrument (MSI), the pheno
logical patterns during the March to May growing season were captured using a dense temporal 
Normalized Difference Vegetation Index (NDVI) time series. The seasonal onset for most crop 
types was in the end of March to middle of April while the end of the growing season occurred 
from the end of June to middle of July. Investigation of the 13 crop types using a high-resolution 
LULC map and dense, harmonized NDVI time series signifies the first field-level phenological 
metrics estimation of smallholder farming systems in Eastern Africa. Future research should focus 
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on expanding the methodology in space and time to provide insights into past and current 
growing season development.   

1. Introduction 

Vegetation phenology can be described as the timing of seasonal plant growth stages such as leaf development, flowering, 
senescence, and dormancy (Rathcke and Lacey 1985). Research on vegetation phenology provides vital information on multiple levels. 
On an environmental level, vegetation phenology acts as an indicator of climate variability and the extent to which the climate affects 
plants. In addition, the seasonal timing and duration of vegetation phenology governs local carbon intake, water balance and surface 
albedo (Fitchett et al., 2015). On a societal level, information on crop phenology can be employed to make informed decisions on land 
use management, application of nutrients and water distribution (Imeson and Prinsen 2004; Chen et al., 2007). In regions like East 
Africa, characterized by a succession of variable rainfall and dry spell events, and a strong dependency on agriculture for subsistence, 
understanding and capturing phenological patterns of crops within and between growing seasons is an essential component of adaptive 
strategies for climate change resilience. 

Precipitation and temperature are primary drivers of the development of the growing season from onset to dormancy (Badeck et al., 

Fig. 1. Overview of the study area. The district boundary is visible in subplot a), country of Uganda boundary b), continental boundary c), maize monocrop d) and 
sweet potato e) fields in the study area. The images of the fields were taken during the field campaign in July 2022. Maps created with Natural Earth vector and raster 
map data at naturalearthdata.com. 
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2004; Reyer et al., 2013). East African cropping systems are characterized by a rapid response to rainfall events and local dry spells 
(Cheng et al., 2020). Abrupt variations in these parameters can cause shifting of planting patterns which in turn affect growing season 
duration, timing, and yields. From a remote sensing perspective, obtaining a dense cloud-free series of images is essential to accurately 
depict the local phenology. 

Satellite remote sensing provides an effective data source to monitor phenological changes by measuring leaf reflectance (White 
et al., 2005; Zeng et al., 2020). Spectral responses in the near-infrared and visible red spectra can be used to calculate the Normalized 
Difference Vegetation Index (NDVI), a frequently used proxy for vegetation greenness. NDVI can track the rapid increase and decrease 
in surface greenness associated with the start and end of plant growing seasons (Pettorelli et al., 2005; Zhang et al., 2013). The 
maximum NDVI value can be used to identify the intensity of the peak vegetative stage. The start, end, and duration of the growing 
season together with the maximum greenness serve as the fundamental phenological metrics used to understand the temporal 
development of cropping systems during the growing season (Reed et al., 1994; Zeng et al., 2020). 

The precise recording of the crop phenology has long been constrained by temporal and spatial resolution of satellite imagery 
(Fitchett et al., 2015; Cheng et al., 2020; Mananze et al., 2020). Several methods were developed to reduce these constraints: Vogels 
et al. (2019) combined Sentinel-2 NDVI time series with field-level segmentation and monthly land use maps to discriminate irrigated 
and rainfed agricultural systems. The combination of several satellite sensors has been explored by combining PlanetScope and 
Sentinel-2 data to examine phenology of short growing seasons in Kenyan rangeland (Cheng et al., 2020). The utility of Synthetic 
Aperture Radar (SAR) from Sentinel-1 to monitor phenology has been explored due to the insensitivity of SAR to cloud cover. 
Combining Sentinel-2 NDVI and Sentinel-1 backscatter by applying random forest regression technique showed high reliability for 
soybeans and maize monitoring in Western Bahia, Brazil (Filgueiras et al., 2019). To date, no attempt has been made to leverage 
satellite imagery to estimate the crop phenology in East African smallholder systems. 

Despite an extensive global body of research on crop phenology and land use/land cover (LULC) classification, such information is 
still scarce in Africa (Adole et al., 2016; Bégué et al., 2020; Hannerz and Lotsch 2008). In Uganda, where agricultural land accounts for 
72% of the total available land area, the vast majority is cultivated by smallholder farmers (Aguilar et al., 2018; The World Bank 2020), 
for whom food security is a major challenge that is projected to worsen under changing climatic patterns and population increase 
(Khan et al., 2014). The derivation of reliable agricultural estimates remains an immensely relevant topic and a particularly 
complicated one for smallholder farming systems due to their heterogeneous environment. Irregular field boundaries, fields too small 
for satellite analysis, frequent presence of trees in fields and inter- or mixed cropping practices heavily contribute poor results of 
estimations in the East African agricultural context, even when methodologies were successfully implemented elsewhere (Cres
pin-Boucaud et al., 2020; Kpienbaareh et al., 2021). 

This research is aimed at building on existing knowledge of sensor harmonization to improve temporal coverage, cloud computing 
to allow for processing of large data sets and crop phenology to effectively monitor the growing seasons, and by doing so adapting the 
findings for a case study in Uganda. We specifically aim to: (i) derive a thematic LULC map for the study area based on comprehensive 
in situ crop data, (ii) extract the phenological metrics over one season from the harmonized Landsat sensors and Sentinel-2 product 
using localized land use information, (iii) examine phenological response patterns of smallholder farming systems by relating the 
phenology to specific agricultural classes and (iv) demonstrate the potential transferability of the methodology in space and time. 

2. Materials and methods 

2.1. Study area 

The study area for this research is located in Kamuli district, in Eastern Uganda (Fig. 1). The area lies on average 1100 m above sea 
level in the flatlands between Lake Victoria to the South and Lake Kyoga to the North. In terms of climate, the region is part of the 
savanna climate zone, with the majority of rainfall (>1100 mm on average) occurring during March to May (MAM) and September to 

Fig. 2. Monthly average temperature and precipitation measured in Kamuli town at an elevation of 1095 m above sea level. Data source: (Weather and Climate 2023).  
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December (SOD) months. The remaining months experience less than 60 mm of rainfall on average (Beck et al., 2018) (Fig. 2). This 
results in a bimodal growing season pattern with two growing seasons from March to June and September to December. The popu
lation of the district mostly performs small-scale farming, animal grazing and fishing. The local farmers cultivate a wide variety of 
staple and cash crops, most noteworthy are maize, sugarcane, legumes, bananas, and coffee. 

2.2. Data 

2.2.1. Satellite data for LULC classification 
10–20 m Sentinel-2 and Sentinel-1 imagery spanning the period from January 01, 2022 to September 01, 2022 were used for land 

use/land cover mapping of the area. Based on cloud cover, a total of 17 optical and radar image pairs were selected. Each image pair 
contained Sentinel-2 and Sentinel-1 images acquired within 5 days of each other. 

2.2.2. Satellite data for sensor harmonization 
With the aim of obtaining a dense cloud-free and cloud shadow-free time series spanning the whole year of 2022, several steps were 

performed to prepare the imagery. The image collections of Landsat 7 Enhanced Thematic Mapper Plus (ETM+), Landsat 8 and 9 
Operational Land Imager (OLI), and Sentinel-2 Multispectral Instrument (MSI) were filtered for our study area and the study duration 
using general spatial and temporal filtering methods in Google Earth Engine (GEE) (Gorelick et al., 2017). Top-of-Atmosphere (TOA) 
collections were selected, and Sensor Invariant Atmospheric Correction (SIAC) was applied (Yin et al., 2022). Utilizing the same at
mospheric correction method on imagery from different sensors allowed us to minimize the discrepancies in atmospheric effects 
exerted on the satellite imagery. Cloud and cloud shadow masking was then executed. Quality Assessment (QA) bands generated from 
the CFMASK algorithm (Zhu et al., 2015; Qiu et al., 2019) were used to remove pixels containing cloud contamination in the Landsat 
sensors. Cloudy pixels in Sentinel-2 were masked using the cloud probability band with the probability value set to less than 25 % 
(Zupanc 2017). Pre-processing was concluded by addressing the different solar and view angles associated with satellite sensors, by 
applying a Bi-directional Reflectance Distribution Function (BRDF) correction (Roy et al. 2016, 2017; Claverie et al., 2018). This 
allowed us to adjust the viewing and illumination angles of the satellite imagery. The BRDF correction was applied in the GEE cloud 
computing environment (Poortinga et al., 2019; Nguyen et al., 2020). 

2.2.3. In situ data 
A field campaign in the study area took place in July of 2022. During this time, the growing season was in its peak vegetative state 

which allowed us to accurately gather the most prominent land cover and crop types in the area. Corner and center coordinates of each 
agricultural field were captured using GPS Coordinates App Version 4.71 (174). Afterwards the data points were imported to the QGIS 
version 3.22.6 and overlayed on a satellite basemap for small border adjustments. The Minimum Mapping Unit (MMU) for reference 
data was set to 10 x 10 m. Built-up and water classes were added post data gathering using satellite basemap layer. The distribution of 
the LULC classes in terms of the number of reference points and smallest polygon size can be seen in Table 1. The data gathering 
campaign concluded with farmer interviews to get a better understanding of the agricultural tendencies in the area as well as farmers 
perspective on the state of the local climate and its impact on farming. 

2.2.4. National meteorological and agricultural data 
Seasonal rainfall performance data used in this study was gathered from the reports published by the Uganda National Meteo

rological Authority (UNMA). The inputs for this data are drawn from a variety of sources including the World Meteorological 

Table 1 
Distribution of land use/land cover classes in terms of number of pixels, n = 10 x 10 m. The smallest polygon size per class, user and producer accuracies together with F1 
scores expressed for each class in the classification. The classes are ranked in descending order by User Accuracy.  

Class types Number of points (n) Smallest polygon (m2) User Accuracy (UA) % Producer Accuracy (PA) % F1 Score 

Water 15673 40063.6 100.00 100.00 1.00 
Cotton 1503 695.9 100.00 100.00 1.00 
Bare soil 26419 468.4 100.00 71.55 0.83 
Maize and coffee 2938 112.4 100.00 70.00 0.82 
Cassava 139 110.6 100.00 61.11 0.76 
Banana 152 247.0 97.37 74.75 0.85 
Coffee 1071 102.8 95.73 72.26 0.82 
Shrubland 2246 171.7 94.52 71.88 0.82 
Banana and coffee 1142 113.7 94.74 74.23 0.83 
Sweet potato 7994 104.4 92.96 66.67 0.78 
Sugarcane 13209 415.9 92.09 78.17 0.85 
Grassland 1663 121.4 91.08 95.26 0.93 
Rice 98 102.5 90.63 98.07 0.94 
Forest 896 409.7 88.30 99.28 0.93 
Maize and cassava 231 112.9 85.71 54.55 0.67 
Maize and beans 1979 101.2 85.66 73.77 0.79 
Maize and groundnuts 8668 114.6 85.48 80.30 0.83 
Built-up 12245 1852.7 84.18 99.88 0.91 
Maize 2000 109.0 77.89 93.55 0.85 
Flooded vegetation 6234 461.2 69.00 94.15 0.80  
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Organization’s Global Producing Centers (WMO GPC). Probabilistic and deterministic models were used together with local expert 
interpretation to derive the seasonal rainfall performance and outlooks for each growing season (Elweru, 2022; Mugume, 2022). The 
outputs consist of monthly rainfall estimates in millimeters on district level and qualitative comparisons against the Long-Term Mean 
(1991–2020). Additionally, seasonal agricultural performance from the Global Information and Early Warning System (GIEWS) unit of 
the Food and Agriculture Organization of the United Nations was used as a reference to our findings (FAO, 2022b). 

2.3. Methods 

The methodological workflow consisted of four components (Fig. 3): (1) preprocessing of satellite imagery for LULC classification; 
(2) LULC classification; (3) sensor harmonization; and (4) phenological metrics extraction. The first part followed a common pre
processing framework used in preparing the optical and radar satellite data for LULC classification. The second segment used the 
output of the first part to train the classification model and to derive the thematic map of the study area. In the third section, Landsat 
sensor data was adjusted and calibrated against Sentinel-2 to produce a harmonized image stack. The image stack was then used to 
generate a dense NDVI time series. In the last part, the LULC classification output of parts 2 and the dense NDVI time series of part 3 
were combined to generate phenological metrics for each agricultural class during the first growing season of 2022. 

2.3.1. Preprocessing of satellite imagery for LULC classification 
Sentinel-2 Level 2 data comes in Surface Reflectance (SR) values which have been atmospherically, terrain and cirrus corrected 

using the sen2cor processer developed by the European Space Agency ESA (Main-Knorn et al., 2017). Clouds and cloud shadows were 
removed from Sentinel-2 imagery using the QA60 cloud mask and the Sentinel-2 cloud mask probability (Zupanc 2017). A quality 
mosaic was then created based on the maximum NDVI value on a per-pixel basis. Several spectral indices were created to further 
improve the classification effort. These include Enhanced Vegetation Index (EVI), Soil Adjusted Vegetation Index (SAVI), Normalized 
Difference Vegetation Index (NDVI), Green Normalized Difference Vegetation Index (GNDVI) and Normalized Difference Moisture 
Index (NDMI). 

The pre-processing of Sentinel-1 Synthetic Aperture Radar (SAR) data began with updating the orbit information. After applying 
the most recent orbit file, we used thermal noise removal to address the background energy generated by the receiver. The background 
energy tends to increase the radar reflectivity values which results in less precise reflectivity estimates. Original Sentinel-1 Level 1 data 
contains notable radiometric bias (Miranda and Meadows 2012). To address this, we applied radiometric calibration. Radiometric 
calibration is an essential step in making SAR data comparable with other sensor data. The resulting SAR data contains pixel values 
which more accurately depict radar backscatter of the measured surfaces. Speckle filtering is subsequently applied to minimize the salt 
and pepper effect inherent in SAR imagery. For the speckle filtering, we used the Lee Sigma filter method. In order to minimize the 
distortions caused by topographic variations in an image scene, terrain correction is applied. In doing so, the image scenes were 
corrected for topographic distortions and afterwards reprojected to geographic projection. All pre-processing steps were executed in 
the Sentinel Application Platform (SNAP) toolbox version 9.0 developed by the ESA. Lastly, the Sentinel-1 scenes are subset to the 
study area and the Radar Vegetation Index (RVI) is calculated. Sentinel-1 and Sentinel-2 images were then stacked and projected to a 
common map projection. 

Fig. 3. The theoretical structure of the study is divided into four sections: Part 1 is centered around the preprocessing of the Sentinel-1 SAR and Sentinel-2 optical data 
for classification purposes; Part 2 utilizes the pre-processed imagery from Part 1 and field data to generate a thematic map of the area; Part 3 corrects the Landsat 
imagery and fuses it with the Sentinel-2 image collection to form a harmonized time-series; Part 4 combines the inputs from Parts 3 and 4 to extract the phenological 
metrics of the agricultural classes in the area. 
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2.3.2. LULC classification 
A machine learning approach was selected for the purpose of land use/land cover classification. We used supervised Random Forest 

(RF) (Breiman 2001), a well-known algorithm which has been successfully used in several similar classification efforts (Cres
pin-Boucaud et al., 2020; Kpienbaareh et al., 2021). An important feature of RF is that each decision tree is generated by a random 
selection of training data and features. Majority voting of the decision trees is used to determine the classification outcome. The key 
user-defined features for this algorithm are the number of decision trees (ntree) and the number of variables to be used for decision tree 
building (mtry). Parameter tuning was applied to determine the optimal values of mtry and ntree using the tuneRF(.) function in the 
R-package caret (Kuhn 2008). These values were set to 500 decision trees (ntree) and the split value (mtry) of the square root of the 
total number of features which are the standard default settings (Breiman 2001). Subsequently, different training data split ratios were 
tested to find an optimal training-validation split ratio. The training data was split, with 70 % of data used for training and the 
remaining 30 % used for validation. Stratified sampling was used in order to prevent the disproportional representation of classes 
during data splitting. K-fold cross validation was applied with the number of folds set to 5. The performance of the classification was 
assessed visually using local knowledge and statistically through a confusion matrix, Cohen’s kappa value as well as user and producer 
accuracies (Congalton 1991). The classification was performed in RStudio version 4.1.2 using the randomForest(.) package (Liaw and 
Wiener 2002). Finally, a mask layer was derived containing the land use class, which included the following classes of monocultures: 
sweet potato, rice, cassava, banana, cotton, coffee, maize and sugarcane; as well as the following intercrops: maize and groundnuts, 
banana and coffee, maize and cassava, maize and coffee, maize and beans. 

2.3.3. Sensor harmonization 
The alignment between the Landsat and Sentinel-2 images was improved by measuring the image scene displacement and adjusting 

accordingly (Storey et al., 2016). This was achieved by calculating the spatial displacement between a Sentinel-2 image and an 
overlapping Landsat image using the displacement(.) function in GEE and subsequently aligning the two images using the displace(.) 
function (GEE 2023). Next, the images were reprojected to EPSG:32658 – WGS 84 map projection and rescaled to Sentinel-2 native 
spatial resolution of 10 × 10 m by using a bilinear resampling method. The adjustment of spectral bands followed. Different co
efficients from the literature (Flood 2017; Claverie et al., 2018; Chastain et al., 2019) were examined for Landsat 7 and Landsat 8. In 
the methodologies where site-specific band adjustment coefficients are presented, these results are tested for our area of interest. 
Correlation coefficients from Chastain et al. (2019) and Flood (2017) were selected for Landsat 8 and Landsat 7, respectively. Landsat 9 
is a relatively recent sensor for which literature on band adjustment coefficients was limited. Therefore, we derived our own co
efficients based on 2022 satellite imagery scenes from Sentinel-2 and Landsat 9. Once the Landsat spectral bands were adjusted the 
sensors were merged into a single image collection. The current study made use of previously published methods on sensor harmo
nization, such as BRDF correction implemented in GEE by (Poortinga et al., 2019; Nguyen et al., 2020) and SIAC atmospheric 
correction by (Yin et al., 2022). 

2.3.4. Phenological metrics extraction 
A harmonic curve was fitted on the NDVI time series observations to smooth the observed data. Cubic interpolation was then 

applied for gap filling purposes as proposed and implemented in GEE by Descals et al. (2020). Phenological metrics were extracted by 
applying a variable threshold method (Vrieling et al., 2013; Liu 2019; Bolton et al., 2020; Descals et al., 2020; Descals et al., 2021). The 
NDVI ratio was used for setting the threshold (White et al., 1997). The ratio was calculated using the absolute maximum and minimum 
values of the NDVI during the first growing season. The start of season (SoS) and end of season (EoS) are denoted as the first and last 
days when the NDVI time series of a pixel exceeds the local 50 %-threshold (White et al., 2009). The duration of season is calculated by 
subtracting the date of EoS by the date of SoS. Likewise, the maximum NDVI value is calculated between the SoS and EoS. The 
phenological extraction was applied on a pixel-by-pixel basis for each land use class derived from the before-mentioned LULC 
classification. 

2.3.5. Validation of the harmonized Landsat NDVI product for 2022 
The study used statistical analysis presented and implemented in Filgueiras et al. (2019) to evaluate the harmonization efforts. 

Agricultural fields recorded during the field campaign (see 2.3.2) were used as sample locations. Harmonization performance was 
assessed based on 1600 NDVI measurements for each sensor pair. The difference between the modelled Landsat NDVI values and the 
reference Sentinel-2 NDVI values were measured by calculating the mean-absolute deviation (MAD) (Equation (1)). The correlation 
between the NDVI products was examined by calculating the Pearson correlation coefficient, r (Equation (2)). The correlation coef
ficient ranges between − 1 (indicating a strong negative relationship between two variables) and +1 (indicating a strong positive 
relationship between two variables). The statistical significance was determined by the probability value, p-value, which was 
determined using the t-distribution table for the degrees of freedom, df set to n-2, where n is the number of NDVI values. The p-value 
determines the acceptance or rejection of the null hypothesis, H0, which states that there is no significant correlation between 
Sentinel-2 NDVI (the independent variable) and Landsat harmonized NDVI (the dependent variable). The significance level, alpha (α), 
was set to the standard value of 0.05. A p-value lower than 0.05 will imply rejection of the null hypothesis and conclude that the 
relationship between Sentinel-2 and Landsat NDVI values is significant. 

MAD=

∑n

i=1
|yi − ŷi |

n
(1)  
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Where the number of samples is denoted as n, yi is the actual value and ŷi is the predicted value. 

r=
∑

(x − mx)
(
y − my

)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑

(x − mx)
2
+
∑(

y − my
)2

√ (2)  

Where mX and mY correspond to the means of the two groups and n is the sample size. 
Boxplots showing the absolute NDVI anomalies and day differences between Sentinel-2 and Landsat sensors were generated to 

reveal how the harmonized NDVI values of Landsat behave in comparison to Sentinel-2 NDVI values with varying days between them. 
Using the same principle, the scatterplots between the absolute NDVI anomalies and time of the year were generated as well. These 
plots were used to compare the harmonization performance during the growing season and during the offseason, as well as between 
different number of days in between Sentinel-2 and Landsat images. 

3. Results 

3.1. Accuracy assessment of the LULC classification using SAR data from Sentinel-1 together with the optical data from Sentinel-2 

An example on of the thematic LULC classification map is shown in Fig. 4. The overall accuracy (OA) of the random forest clas
sification was 87.9 % with Cohen’s kappa value of 0.83. Well-defined classes such as water and bare soil yielded highest accuracies 
throughout the study area with user accuracy equaling 100 % (Table 1). Some agricultural classes also recorded high accuracies, most 
notably cotton, maize and coffee, cassava and banana. For these agricultural classes the user accuracies remained above 95 % with 
varying producer accuracies. The majority of maize intercropping systems showed lower accuracies. Nevertheless, the user and 
producer accuracies show good overall performance in discriminating the most common staple crops (Table 1). The class-by-class 
accuracy matrix reveals a moderate degree of misclassification occurring among the maize-dominated classes. Another source of 
error in classification arose from the sugarcane class, with several data samples from other classes being incorrectly classified as 
sugarcane. Flooded vegetation appears to be the class with the most misclassified pixels. 

Fig. 4. Classification map of the study area a) with a close-up of sites b), c), d) showing the training data overlayed on Google Earth satellite layer b1), c1), d1) and the 
resulting LULC classification map of the close-up area b2), c2), d2). 
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3.2. Performance of harmonized Landsat NDVI timeseries 

The comparison between synthetic NDVI values of Landsat data and Sentinel-2 NDVI values are shown in Fig. 5. Band adjustment 
coefficients created for Landsat 9 can be found in the appendix. Among the Landsat harmonized products, Landsat 9 showed the 
highest correlation with Sentinel-2 (R2 = 0.59). Landsat 7 and Landsat 8 recorded good relation as well with Squared Pearson co
efficients of 0.44 and 0.45 respectively. The performed correlation analysis reveals a significant association between all Landsat 
products and the reference Sentinel-2, i.e. p-value <0.005. The highest correlation between Landsat 9 and Sentinel-2 is supported by 
the MAD value of 0.0522. Landsat 8 and Landsat 7 harmonized NDVI product registered similar MAD values of 0.0522 and 0.0566. 

Further, the results indicate no significant decline in harmonization performance with an increase in days between Sentinel-2 and 
Landsat acquisitions (Fig. 6). This implies that a period of five days is not long enough for the vegetation to change significantly, from a 
remote sensing point of view. The interquartile range (IQR) for all three sensor pairings does not exceed an absolute NDVI difference of 
0.1 indicating that the majority of synthetic NDVI values differs slightly from the referenced NDVI values. This is true regardless of the 
day-difference between Sentinel-2 and all three Landsat sensors with a single exception being the one-day difference between Sentinel- 
2 and Landsat 7 (Fig. 6a). The analysis of Landsat 7 and Landsat 9 harmonized products show an increase of potential outliers between 
days one and four (Fig. 6a and c). This does not hold true in instances when the images overlap (i.e. same day images) or when they are 
five days apart. Sentinel-2 and Landsat 8 pair features potential outliers on all overlapping distances except when images are four days 
apart. The highest number of potential outliers are observed when images have no overlap or are five days apart. 

As expected, the harmonization performance was generally better during the growing season in comparison to the off-season, since 
the NDVI is maximized in this period (Fig. 7). The MAD values are higher for all Landsat products during the growing season, indicating 
the better model fit and smaller deviation between synthetic and referenced NDVI values during this period. The discrepancy of the 
model performance is most visible in the case of Landsat 9. Here the mean-absolute deviation during the growing season is much 
greater at 0.0459 as compared to the offseason value of 0.0596 and the correlation coefficient during the growing season is much 
higher at 0.71 compared with 0.48 during the offseason. Other Landsat products display a slight improvement during the growing 

Fig. 5. The scatter plots (A – Landsat 7, B – Landsat 8, C – Landsat 9) compare the NDVI values of Sentinel-2 (reference NDVI) with harmonized Landsat NDVI values 
(synthetic NDVI) based on 1600 NDVI measurements for each sensor pair. Every plot features a solid red line (1:1) that is used to visualize the correlation between 
reference and synthetic NDVI values. Temporal NDVI time series of Sentinel-2 and Landsat 7 are shown before and after harmonization (D and E). NDVI time series 
over a crop pixel in the study area before and after harmonization for all sensors is shown in F) and G) respectively. (For interpretation of the references to color in this 
figure legend, the reader is referred to the Web version of this article.) 
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season. 

3.3. NDVI profiles of the dominant land use types in the study area 

The NDVI time-series signatures (Fig. 8) represent the average vegetation pattern for each agricultural class in the area of interest. 
The majority of crops show a clear onset and end of the growing season. This is especially clear for maize-dominated classes such as 
maize, maize intercropped with beans, and maize intercropped with groundnuts. The end of the growing season for these crops as well 
as for sweet potato and cassava usually signifies a full clearance of the agricultural field by means of harvest. In other classes (i.e. 
banana, sugarcane, coffee, etc.) the harvest of the yield is not equal to a full removal of the plants in the field. This may result in less 

Fig. 6. The boxplots compare the NDVI deviation between Sentinel-2 and Landsat sensors (A – Landsat 7, B – Landsat 8, C – Landsat 9) as a function of days separating 
the paired Sentinel-2 and Landsat image scenes. 

Fig. 7. The scatter plots show the NDVI anomalies between Sentinel-2 and Landsat sensors based on the time of the year. During season is associated with rainy 
seasons occurring in periods March to May (MAM) and September to December (SOD) while offseason is associated with the remaining months. Every plot features a 
solid red line (1:1) that is used to visualize the correlation between reference and synthetic NDVI values. (For interpretation of the references to color in this figure 
legend, the reader is referred to the Web version of this article.) 
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profound declines in NDVI signatures during the end stages of the season, as can be seen in banana, sugarcane and coffee classes. For all 
agricultural classes, low NDVI values have been recorded for the growing season in focus. 

Cotton, maize intercropped with coffee and sugarcane have the earliest onsets of the growing season with an average onset 
occurring on the 81st Julian calendar day (JCD) for Cotton and 86th JCD for both sugarcane and maize with coffee (Table 2). This 
equates to 22nd and 27th of March respectively. The other maize classes appear to have the latest onsets with maize and groundnuts, 
maize and beans, and maize monocrop all beginning in mid to end of April. The end of the growing seasons appears to be more uniform, 
with the majority of cropping seasons terminating within a two-week period between the 170th and 184th Julian calendar day (19th of 
June and 3rd of July respectively). Two exceptions here are the Cotton and Maize with coffee classes which end earlier on the 20th of 
May and 13th of June respectively. 

The maximum vegetation of each crop, measured by the maximum NDVI value show that the majority of agricultural classes fall 
within the range of 0.4–0.5, with the exception of cassava which shows a higher NDVI value of 0.55. Fields containing maize- 
dominated agriculture display a fairly similar maximum NDVI signature, with maize monocrop and maize and beans having the 
higher NDVI values. The smallest value is registered by maize and cassava albeit by a small margin. Overall, the NDVI values are quite 
low for agricultural areas, which can be an indicator of unfavorable weather conditions during this growing season. 

Fig. 8. NDVI profiles of the most prominent crop and intercropping types in the study area. The dark green NDVI signatures are modelled and averaged for each class 
while light green shows the upper and lower values. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of 
this article.) 
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The duration of growing seasons for each agricultural class reveals a high variance between classes. Cotton ranks lowest, with an 
average seasonal duration of 58 days, followed by maize and beans (72 days), maize and groundnuts (74 days) and maize. All maize- 
dominated classes show an average duration of the season of approximately two and a half months. Coffee, rice, sugarcane and banana 
rank on the higher end of the chart. Their seasonal durations are 90, 89, 87 and 87 days respectively. Overall, between the agricultural 
class having the shortest duration (cotton) and the one having the longest duration (coffee) there is a 32-day difference which indicates 
a considerable discrepancy between agricultural classes in the area. 

3.4. Extraction of phenological metrics in the study area 

The phenological analysis of agriculture in the entire study area can be seen in Fig. 9. The southern part of the area overall exhibits 
an earlier onset of the growing season, with high variation in the onset of the season seen from the contrasting colors. Here the onset of 
the growing season started from early March to late June. The northern part seems to have a later onset of the season, with the soft 
green color indicating the onset occurring approximately in late March – beginning of April in the majority of the fields. 

3.5. Comparison of seasonal phenological metrics with UNMA seasonal climatological reports and agricultural assessment reports of GIEWS 

Based on the GIEWS report on the regional agricultural performance for the first growing season in Uganda, the harvesting of the 
major staple crops was completed in August which results in an approximate delay of one month. This delay is attributed to severe 
deficit and a late onset of March–June rainfall (Elweru, 2022; FAO, 2022b). The rainfall deficit contributed to a decreased agricultural 
output that led to a third consecutive season with below average yield (FAO, 2022b). The decreased crop production reported in (FAO, 
2022b) has been reflected in our low overall NDVI values for all staple crops (Fig. 8). All crop types analyzed in this study had growing 
season onsets in the end of March and beginning of April which coincides with the seasonal performance documented in climatological 

Table 2 
Phenological metrics per agricultural class. Start of Season is denoted as SoS, End of Season is denoted as EoS and maximum NDVI as maxNDVI. The duration of the 
season is expressed in the amount of days between EoS and SoS.  

Class mean SoS (JCD) mean EoS (JCD) Duration (Days) maxNDVI 

Banana 89 176 87 0.47 
Banana and coffee 97 170 74 0.49 
Cassava 100 185 85 0.55 
Coffee 93 183 90 0.48 
Cotton 81 140 58 0.46 
Maize 108 182 74 0.49 
Maize and beans 110 182 72 0.50 
Maize and cassava 99 182 83 0.44 
Maize and coffee 86 164 78 0.45 
Maize and groundnuts 112 186 74 0.46 
Rice 103 192 89 0.49 
Sugarcane 86 173 87 0.46 
Sweet potato 99 181 83 0.48  

Fig. 9. Start of the long growing season in the spring of 2022 for the agricultural class in the study area. Subplot A) shows the satellite imagery layer for the selected 
example area as true color composite, subplot B) shows the thematic classification of the area; C) shows the cropland mask where cropland is displayed in black and 
non-cropland pixels displayed in white color, and D) shows the start of the growing season for the applied area. (For interpretation of the references to color in this 
figure legend, the reader is referred to the Web version of this article.) 
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reports of UNMA and agricultural assessment report of GIEWS. 

4. Discussion 

The phenological patterns of diverse, small-scale cropping systems can be captured by harmonization of multiple sensors combined 
with a large set of in-situ data. Previously unavailable Landsat 9 band adjustment coefficients were derived allowing us to integrate 
Landsat 9 images into our methodology. The harmonization of Landsat and Sentinel-2 resulted in a cloud-free image every three to four 
days providing us with the necessary temporal coverage of smallholder fields. The combination of the novel, high resolution LULC map 
derived from Sentinel-1, Sentinel-2 and in situ data with harmonized NDVI time-series allowed us to examine the phenological patterns 
of 13 crop types in the study area, signifying the first field-level phenological metrics estimation bi-modal settings at spatially explicit 
resolutions. 

4.1. LULC classification performance 

The classification yielded satisfactory results (OA = 87.9 %, Cohen’s kappa = 0.83) which allowed us to effectively discriminate 
between the most prominent land use/land cover classes in the area and in doing so to produce an up-to-date thematic map previously 
unavailable in the research area. The RF classifier faced notable issues discriminating between intercropping classes. This was to be 
expected since many training data fields contain a similar primary crop, namely maize. Most notably maize-dominated classes 
intercropped with groundnuts, and cassava had user accuracies of 85 %. Another anomaly was caused by the Sugarcane class. During 
the time of the image acquisition and field campaign, the farmers within the study area benefited from high refined sugar prices. This 
forced many smallholder farmers to switch cultivation to sugarcane. Because of its high stalks and long thin leaves, sugarcane might 
often be misinterpreted as flooded vegetation, shrubland or grassland. In addition, the faster maturation of the plant allows it to be 
harvested quicker than most staple crops. This can lead to some fields already being harvested, while others are still growing during 
satellite image acquisition. This results in the sugarcane class having a broad spectral and textural profile, which makes it difficult for a 
classifier to correctly assign the appropriate class. These dynamics illustrate the difficulty of mapping intercropping systems which was 
reported in previous cropping system identification studies as well (Ibrahim et al., 2021; Kpienbaareh et al., 2021). Ibrahim et al. 
(2021) reported an overall accuracy of 84 % when using Sentinel-2 and SkySat data in mapping intercropping systems of Nigeria. An 
overall accuracy of 85.8 % and Cohen’s kappa coefficient of 0.83 were recorded in Malawi where random forest algorithm was applied 
on Sentinel-1, Sentinel-2 and PlanetScope imagery. This indicates that the quality of our classification is in line with similar crop type 
mapping studies throughout Africa. 

4.2. Harmonization performance 

We derived our own Landsat 9 adjustment coefficients based on 2022 satellite imagery from Sentinel-2 and Landsat 9 due to the 
recent nature of Landsat 9 data and lack of literature on band adjustment coefficients. The harmonized Landsat products correlated 
well with the Sentinel-2 data. Landsat 9 and Landsat 8 synthetic NDVI values showed the highest accuracies with the MAD values of 
0.0522 and 0.0523 respectively. In theory, better performance of Landsat 8 and 9 over Landsat 7 is to be expected, as both sensors 
share the same spectral bandwidths which also have a greater spectral overlap with Sentinel-2 bands in comparison with Landsat 7. 
The improved correlation as a result of greater spectral band overlap was observed in a previous publication as well (Chastain et al., 
2019). 

The harmonization of Landsat products was generally better during the growing season when compared with the off-season (Fig. 7). 
The Landsat 9 harmonized product shows a clear improvement during the growing season with an average increase in accuracy of 
0.0137. Landsat 7 and Landsat 8 have both showed improvements as well, albeit by small margins of 0.0013 and 0.006 respectively. 
Higher vegetation cover during the growing seasons seemed to lead to better harmonization between sensors which is supported by 
earlier findings by (Xu and Guo 2014). 

While the native geometric resolution of the Landsat sensors is 30-m, the complex nature of agricultural fields and their small sizes 
in the Kamuli district of Uganda make it difficult to contain pure agricultural pixels without including nearby objects (i.e. trees, houses, 
roads, etc.). The harmonization performance was analyzed on 10-m resolution by resampling the Landsat images in GEE. The rescaling 
did not inquire a significant loss of data quality. The combined use of Landsat and Sentinel-2 provided a cloud-free image for each pixel 
every three to four days. The sole use of the Sentinel-2 constellation would provide a revisit time of five days prior to cloud and cloud 
shadow masking. Thus, inclusion of the Landsat sensors greatly increases the temporal coverage of the target areas and reduced the 
need for interpolation. 

4.3. Seasonal phenology prediction validation 

The estimated start and end of the growing seasons were compared with the meteorological data by examining the rainfall outlooks 
and seasonal predictions by UNMA and GIEWS. The rainfall for March of 2022 was characterized by dry spells over majority of Uganda, 
including the Kamuli district (Elweru, 2022). The start of seasonal rains was disturbed by a sequence of Tropical Cyclone developments 
in the Indian Ocean resulting in moist air being diverted from East Africa to the Madagascar area (EUMETSAT 2023). This resulted in 
below-normal rainfall activity in March and beginning of April. The rainfall stabilized in the second part of April and normal conditions 
proceeded the rest of the long growing season of 2022 in the Kamuli district. Delayed onsets of rainfall leads to delayed vegetation 
development (Gordo and Sanz 2010). This rainfall shortage in March and ensuing delayed onset of the growing season was reflected in 
our seasonal estimates as all crop types had growing season onsets at the end of March and beginning of April. Moreover, the 
below-average maximum NDVI values captured in our study (Fig. 8) corresponds well with the climatological data and reflect the 
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theoretical response between climatic variables and phenology. 
In addition, the LULC map introduced in the earlier section, classified substantial areas in the southern part of the study area as 

flooded vegetation (Fig. 4). The presence of flooded vegetation implies higher accessibility of water for agricultural purposes and 
higher water content in the soil. This could be one of the reasons explaining why the southern part of the area was less susceptible to 
the delayed rainfall and subsequent delayed onset of the growing season shown in Fig. 9. 

The large amounts of sugarcane present another possible explanation for very high variance in growing season onsets in the study 
area. Sugarcane is a perennial crop which, unlike other annual crops, does not need to be replanted every growing season. The usual 
planting time of sugarcane is at the start of the rainy season, however planting in the middle of the rainy season is not uncommon as 
well (FAO, 2022a). Once planted, the first harvest takes place after 15–24 months depending on the region and climate conditions 
(FAO, 2022a). After the harvest of sugarcane, the root stalks remain intact to re-sprout and grow for another season. Because of these 
factors, sugarcane is less governed by the onset of the rainy season and more by the growth stage of previous crop on the field. The 
northern part of the study area contains large amounts of maize monocrop fields, while the southern part is largely dominated by 
sugarcane (Fig. 4). Fig. 9 reveals regional differences in onset of the growing seasons, with the northern parts of the study area having 
later onsets of the season and southern section characterized by high variance and generally earlier onsets. This indicates that the 
starting dates are not only area-related, but also related to the crop type. 

5. Conclusions 

Our research investigated the crop-specific phenological patterns for the Kamuli district, Uganda. In doing so, we demonstrated the 
potential of harmonized NDVI time-series from Landsat and Sentinel-2 for detecting the phenological patterns of complex smallholder 
agricultural systems in East Africa. We produced a novel, high-resolution LULC map for the area of interest which was not previously 
available. With an overall accuracy of 87.9% and Cohen’s kappa value of 0.83, the classification map allowed us to effectively 
discriminate between the most prominent crop types. Based on the generated LULC map, we extracted the phenological metrics of the 
crop types using a dense, harmonized NDVI time-series and applying a thresholding method. Band adjustment coefficients for Landsat 
9 were created enabling inclusion of Landsat 9 imagery in this study. Growing season phenology results show a high variance in the 
start of the growing season with most crop types having seasonal onsets in the end of March to mid of April period. End of growing 
season for the majority of crops in the area appears to be from the end of June until mid July. The maize and maize intercropped 
agriculture exhibit similar duration of the growing season of two and a half months while other agricultural systems have a wide range 
of seasonal durations from 58 days (Cotton) to 90 days (Coffee). The results suggest that combining the Landsat and Sentinel-2 sensors 
greatly improves the temporal coverage of the target areas, by providing a cloud-free observation every 3–4 days. The methodology 
provides a framework for phenological metrics estimation in highly complex and fragmented agro-ecological landscapes in East Africa. 
Future emphasis should be placed on application of the threshold methodology for an entire country, analysis of past growing seasons 
and inclusion of more field data for referencing. Uncertainties in the future climate and projected increase in abrupt temperature and 
precipitation variations will affect the planting patterns, therefore effective and rapid derivation of reliable agricultural outputs will 
play an important role for the food security in East Africa. 
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AppendixBand adjustment coefficients derived for this study to express Sentinel-2 MSI reflectance as a function of Landsat 
9 OLI spectral bands  

Band Name Slope Intercept 

Blue – B2 0.639903557 0.136414 
Green – B3 0.773585714 0.139454 
Red – B4 0.9654869 0.120147 
NIR – B5 0.780133671 0.122467 

Derivation of adjustment coefficients followed the methodology outlined and 
applied in (Flood 2017; Claverie et al., 2018; Chastain et al., 2019). 
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