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Abstract: The Visible Infrared Imaging Radiometer Suite (VIIRS) onboard the Suomi
National Polar-orbiting Partnership (SNPP) satellite has been continuously providing
global environmental data records (EDRs) for more than one decade since its launch in
2011. Recently, the VIIRS EDRs of cloud features have been reprocessed using unified
and consistent algorithm for selected periods to minimize or remove the inconsistencies
due to different versions of retrieval algorithms as well as input VIIRS sensor data records
(SDRs) adopted by different periods of operational EDRs. This study conducts the first
simultaneous quality and accuracy assessment of reprocessed Cloud Top Height (CTH)
and Cloud Base Height (CBH) products against both the operational VIIRS EDRs and
corresponding cloud height measurements from the active sensors of NASA’s CloudSat-
CALIPSO system. In general, the reprocessed CTH and CBH EDRs show strong similarities
and correlations with CloudSat-CALIPSOs, with coefficients of determination (R2) reaching
0.82 and 0.77, respectively. Additionally, the reprocessed VIIRS cloud height products
demonstrate significant improvements in retrieving high-altitude clouds and in sensitivity
to cloud height dynamics. It outperforms the operational product in capturing very
high CTHs exceeding 15 km and exhibits CBH probability patterns more closely aligned
with CloudSat-CALIPSO measurements. This preliminary assessment enhances data
applicability of remote sensing products for atmospheric and climate research, allowing for
more accurate cloud measurements and advancing environmental monitoring efforts.

Keywords: reprocessing; VIIRS; environmental data record; cloud top height; cloud
base height

1. Introduction
Clouds are widely known for influencing the energy budget of the whole Earth system

and further impact both the daily weather dynamics and long-term climate patterns [1,2].
Among all the cloud properties, cloud top and base height are essential to determine
the thermal cloud radiative forcing [3]. For example, thicker clouds with lower height
help block the incoming solar radiation from reaching the ground, while thinner high-
level clouds can trap and prevent outgoing energy from escaping the Earth surface like
greenhouse gases [4]. These cooling and warming effects of different altitudinal levels
of clouds are one of the major uncertainties in climate and weather prediction models.
Therefore, the accuracy and performance of both cloud base and top height datasets are
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critical for climate system modeling, analysis, and prediction. Due to the importance
of cloud-height information, numerous retrieval methods of CTH and CBH have been
developed and assessed over the past few decades using satellite observations [1,5]. For
instance, Hamann et al. [6] validated ten CTH retrieval algorithms using observations of
the Spinning Enhanced Visible and InfraRed Imager (SEVIRI) onboard the geostationary
Meteosat Second Generation (MSG) platform. The ten retrieval methods are also com-
pared with CTH data derived from Cloud-Aerosol Lidar and Infrared Pathfinder Satellite
Observations (CALIPSO) Cloud-Aerosol Lidar with Orthogonal Polarization (CALIOP)
and CloudSat Cloud Profiling Radar (CPR) observations. Their results showed that the
SEVIRI algorithms tended to underestimate the CALIOP data by ~1–2.5 km with correlation
coefficients (R) ranging from ~0.77–0.90. On the other hand, the difference between SEVIRI
and CPR data are ~0.6–0.8 km with R values from 0.82 to 0.86. Estimation accuracies have
improved with the evolution and development of hardware and sensors, computational
resources, and AI technologies [7]. For example, Tan et al. [8] estimated CBH from a
satellite-based passive imaging radiometer, the Advanced Himawari Imager (AHI), using
a Random Forest (RF) model and evaluated the retrieval accuracy with ground-based Ka
radar measurements. They illustrated that the satellite-derived CBH estimations perform
best on non-precipitating single-layer clouds, with a mean difference of −0.2 ± 1.7 km.
The results for multi-layer clouds mostly overestimated the CBHs observed by the ground
radar, especially for low-altitude clouds overlapped by cirrus clouds

Among all the satellite-based cloud products, the Visible Infrared Imaging Radiometer
Suite (VIIRS) onboard the Suomi National Polar-orbiting Partnership (SNPP) satellite has
been continuously providing various global environmental data records (EDRs) of cloud
properties as well as other environmental parameters, such as aerosol properties, Earth’s
albedo, ocean and land surface temperature, ice, snow cover, fire, vegetation health, and
volcanic ash [7,9–11], since its launch on 28 October 2011. Since SNPP-VIIRS has been
providing EDRs for more than one decade, the retrieval algorithms of EDRs have been
updated for several versions, from version 1.1 to version 3.2, over the mission time [12–16].
The performances of the operational VIIRS cloud height products have been assessed and
validated thoroughly [17,18]. For example, Heidinger et al. [19] investigated the sensitivity
of the operational CTH algorithm to cloud top properties in infrared observations from
VIIRS and the Advanced Baseline Imager (ABI), using data from CALIPSO. They concluded
that the channels utilized by the operational VIIRS algorithm offer a solution for retrieving
optically thin cirrus above 200 hPa; Noh et al. [20] compared the initial [21] and a previous
version of operational CBH EDR algorithm with cloud products provided by the CloudSat
system. The initial CBH product yields an average root-mean-square error (RMSE) of
3.7 km for all kinds of clouds over the globe, and more than half of all VIIRS and CloudSat
matchups have errors larger than the 2 km error requirement, whereas the operational CBH
EDR improves the overall RMSE to 1.7 km.

Despite previous evaluation efforts of cloud heights products, further validation and
quality assessment are still needed for newly developed or updated retrieval algorithms,
especially their applications to the historical dataset. The latest CTH and CBH algorithm
of VIIRS EDRs, version 3.2, have never been comprehensively assessed since they were
operationally implemented in March and April of 2023, respectively. Additionally, the
VIIRS CBH retrieval algorithm relies on the upstream CTH retrieval as a critical input. A
comprehensive evaluation of both CTH and CBH is essential and urgent for the operation
and provision of VIIRS EDR product users. Consequently, this study reprocesses the VIIRS
CTH and CBH EDRs from August 2018 to July 2019 using the latest retrieval algorithms,
which will be discussed separately in Section 2, and presents the first simultaneous assess-
ment of the reprocessed SNPP VIIRS CTH and CBH products. The reprocessed cloud EDRs
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are compared with both operational data of the study period (Version 2.0) and cloud height
measurements from the active sensors of NASA’s CloudSat mission, which is a combined
product of CloudSat’s Cloud Profiling Radar (CPR) and CALIPSO’ s Lidar observations.
The results will offer a scientific evaluation of the performance and reliability of the new
retrieval algorithm.

On the other hand, the most essential inputs for deriving VIIRS EDRs are the VIIRS
Level-1 Sensor Data Records (SDRs), which were developed in various stages of maturity
during the operation period: the beta (April 2013), provisional level (October 2013), and
validated (March 2014) maturity levels. The SNPP VIIRS SDRs since January 2012 have been
reprocessed at NOAA/National Environmental Satellite, Data, and Information Service
(NESDIS)/Center for Satellite Applications and Research (STAR) using the latest calibration
algorithms [9,22], with major improvements, including the following: (1). The previous
solar irradiance model from MODTRAN has been replaced with the model proposed by
Thuillier et al. [23] for improving the simulation performance. (2). The decreasing artificial
trend, abnormal spikes, and oscillations in the long-term time series caused by updating
calibration parameters and algorithms frequently in the early stage of operational SDRs
are effectively eliminated. (3). The ~1.5%–2% bias is also fixed in the reprocessed data [22].
To satisfy the protocol of VIIRS EDR reprocessing based on the new algorithm and ensure
consistency between VIIRS historical data reprocessing and future EDR production, the
study performs the reprocessing using this reprocessed SDR as input.

The remainder of this paper is structured as follows: Section 2 discusses the compar-
isons between operational and reprocessed VIIRS CTH and CBH algorithms. Section 3
presents the datasets used in the study. Section 4 introduces the collocation method between
VIIRS data and CloudSat-CALIPSO system measurements, along with the quality control
methods and evaluation metrics; the assessment results are covered in Section 5; and the
discussions and conclusions are outlined in Section 6.

2. Retrieval Algorithm of VIIRS CTH and CBH EDR
2.1. VIIRS Cloud Top Height Retrieval

The operational VIIRS CTH retrieval algorithms of the study period [24] are merged
from the operational cloud height algorithms of the Polar Orbiting Environmental Satel-
lite (POES) and Geostationary Operational Environmental Satellites (GOES) imagers [25]
operated by NESDIS due to more available cloud-property-related channels. The algo-
rithm combines the CO2 slicing method applied to 11 and 13.3 µm channels of GOES-NOP
(GOES-N, O, P designated GOES-13, 14, 15 after launching, respectively) [26,27] and the
split-window method based on the 11 and 12 µm channels of the POES AVHRR [5], which
is referred to a CO2/Split-Window method. This method combines the sensitivity to cloud
height provided by the CO2 channel with the sensitivity to cloud microphysics offered by
the window channels, enhancing the performance of cloud height products compared to
those derived from current operational imagers [28].

The updated Version 3.2 retrieval algorithm of reprocessed VIIRS CTH EDR is based
on a similar model as the operational Version 2.0 algorithm with several updates as fol-
lows [29]: (1). Incorporation of multiple channel combinations, including the following
wavelengths: 3.75, 6.2, 6.7, 7.3, 8.5, 10.4, 11, 12, 13.3, 13.6, 13.9, and 14.2 µm; (2). Upgrading
the microphysical index (β) fitting method from linear to a higher-order polynomial to
better account for the multiple scattering effects in the 3.75 µm channel; (3). Adding ice
fraction as a fifth output parameter in the optimal estimation algorithm; (4). Enhanc-
ing the application of the KD-tree technique and utilizing the NOAA Unique Combined
Atmospheric Processing System Environmental Data Record (NUCAPS) data. (Table A1)
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2.2. VIIRS Cloud Base Height Retrieval

The VIIRS CBH retrievals rely on its relationship with CTH and cloud geometric
thickness (CGT), as shown in Equation (1) [20]:

CBH = CTH − CGT (1)

The initial operational CBH retrieval algorithm is an interface data-processing segment
(IDPS) model [30,31], which calculates the CGT by a ratio of the retrieved Cloud Water path
(CWP, liquid, and ice) and the water content based on different cloud types, as shown in
Equations (2) and (3) for water and ice cloud, respectively:

CGTliquid =
LWP
LWC

(2)

CGTice =
IWP
IWC

(3)

where LWP and IWP represent liquid and ice water path, and LWC and IWC are liquid
and ice water content, respectively. A detailed methodology can be found in the paper
by Seaman et al. [21]. However, the cloud type is a distinctly defined category that is
associated with a characteristic liquid or ice water content and introduces significant
retrieval uncertainties. Considering the relatively poor validation outcomes, a statistical
regression method was developed [29] to improve CBH retrievals by utilizing the direct
CGT measurements and serves as the operational CBH retrieval method. In this algorithm,
the CGT is derived based on a height-dependent linear regression model:

CGT = (a × CWP) + b (4)

where a and b are two constants selected from the lookup table shown in Appendix A
(Table A2). A detailed description of this method can be found in the research of Noh
et al. [20]. The reprocessed EDR to be evaluated in this paper is produced following this
method but with the reprocessed upstream CTH values introduced in Section 3.1.

3. Datasets
3.1. SNPP VIIRS Dataset

This study utilized the reprocessed SNPP VIIRS SDRs to generate CTH and CBH
EDRs based on the up-to-date retrieval algorithms, Version 3.2. A study period of October
2018~June 2019 is used to validate algorithm performance. VIIRS is a whiskbroom radiome-
ter which has 22 spectral bands with wavelength ranging from 0.41 µm to 12.01 µm and a
nadir resolution of 750 m. The input SDR data for CTH retrieval includes recalibrated solar
reflectance for 0.67, 0.87, 1.38, 1.61 µm channels; recalibrated radiances for 3.75, 8.55, 10.76,
and 12.01 µm channels; recalibrated VIIRS DNB reflectance; as well as their recalibrated and
reprocessed geolocation information. The CTH product uses all the previously mentioned
SDR channels, while the CBH product only employs the 8.55, 10.76, and 12.01 µm channels
along with their geolocation data. The reprocessed VIIRS SDR dataset can be downloaded
from the NOAA Comprehensive Large Array-data Stewardship System (CLASS).

In addition, the corresponding operational Version 2.0 VIIRS CTH and CBH data of
the study period are obtained from the NOAA/CLASS repository to compare with the
reprocessed products in this study. According to the data archive website, the operational
VIIRS CBH are not available until 9 March 2019. Therefore, operational EDRs are not
included in the comparison during this period.
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Besides the VIIRS SDRs, CTH, and CBH EDRs, the SNPP VIIRS Cloud Optical Thick-
ness (COT) retrievals over the same period with cloud height products are also used to
conduct further quality control for minimizing the systematic difference between passive
and active remote sensing sensors. A detailed quality control method is introduced in
Section 4.1.

3.2. CloudSat-CPR and CALIPSO-Lidar Estimations

To further evaluate and visualize on the performance of VIIRS CTH and CBH algo-
rithms for different cloud types, the cloud height measurements from the level 2B cloud
class product, 2B-CLDCLASS-LIDAR, are utilized as the “truth” to assess VIIRS CTH
and CBH retrieval accuracies. This product combines measurements from CPR onboard
NASA’S CloudSat satellite and CALIPSO’s CALIOP Lidar, produced by the Data Process-
ing Center (DPC) at Colorado State University (https://www.cloudsat.cira.colostate.edu/,
Accessed Date: 1 October 2024). The CloudSat CPR is a 94 GHz (W-band) nadir-pointing
cloud radar (0.16◦ forward), which has a field of view (FOV) of approximately 1.3 km
across-track and 1.7 km along-track, with a 500 m vertical resolution, while CALIOP emits
two laser pulses (532 nm and 1064 nm wavelengths) and a pulse repetition frequency (PRP)
of 20.16 Hz. Its horizontal and vertical resolutions are 333 m and 30 m, respectively. The
cloud measurements of this combined CloudSat-CALIPSO system take advantage of both
active sensors to yield better results for different cloud types and phases. To be noticed, the
2B-CLDCLASS-LIDAR products are not available during 20 August~9 October 2018; thus,
this period cannot be included in the assessment.

3.3. Ancillary Data

The VIIRS CTH and CBH retrievals also require ancillary data, including numerical
weather prediction (NWP) Global Forecast System GRIB2 Forecast Files, daily Interactive
Multi-sensor Snow and Ice Mapping System (IMS)/SSMI snow map, Canadian Meteorolog-
ical Center (CMC) global SST analysis dataset with a resolution of 0.1 degrees, and VIIRS
Surface Type.

The period of each type of data used in the study is summarized in Table A3.

4. Assessment Methodology
4.1. Quality Control

This study conducts a series of quality controls to mitigate the uncertainties
caused by the systematic errors and mechanical differences between passive and active
remote sensing:

(1) Pixels with any out-of-range values and poor quality assigned by the quality flags
for all the cloud properties are excluded from the comparison. These properties
include VIIRS CTH, CBH and COT retrievals, and CloudSat-CALIPSO CTH and
CBH measurements.

(2) In contrast to active sensors such as CloudSat-Radar and CALIPSO-Lidar, which can
capture the vertical structures and overlaps of cloud systems, VIIRS is less effective at
measuring the properties of multi-layer clouds. Therefore, only single-layer clouds
are included in the evaluation and comparison of CTH algorithms.

(3) Since the quality of the upstream CTH product is critical for CBH retrieval, this paper
follows the quality control strategy adopted by the VIIRS CBH algorithm development
team in the CBH quality evaluation: only the cloudy pixels where the CTH differences
between VIIRS and CloudSat-CALIPSO are smaller than 2 km when COT < 1 and
smaller than 1 km when COT > 1 are included in CBH evaluations [20].

https://www.cloudsat.cira.colostate.edu/


Remote Sens. 2025, 17, 1036 6 of 22

(4) To avoid ground cluster contamination, pixels with CBH lower than 1000 m in both
VIIRS and CloudSat-CALIPSO data are not considered in the assessment [32].

(5) Since the VIIRS CBH retrieval algorithm is based on an estimation of the height of the
base of the topmost cloud layer above mean sea level, the CBH of the topmost layer
in the CloudSat-CALIPSO products will be used in the evaluation.

4.2. Spatiotemporal Collocation Between SNPP-VIIRS and CloudSat-CALIPSO Dataset

The key to conduct an accurate assessment for a data product is to build a correct
relationship between the target VIIRS EDRs (CTH and CBH) and the “truth” (CloudSat-
CALIPSO). The following five-step spatiotemporal collocation framework is used in
this study:

(1) For each CloudSat granule, retrieve the start and end time from the dataset.
(2) Search for all the VIIRS granules that have a median scanning time within the starting

and ending time frame of each respective CloudSat granule.
(3) For each pixel in this Cloudsat granule, the collocation framework identifies a VIIRS

pixel within the VIIRS-granule pool formed in the second step that has the nearest
spatial distance with this CloudSat pixel using the nearest neighbor search (NNS)
algorithm based on the K-Dimensional (K-D) Tree model [33,34]. This search algorithm
identifies the pixel that is nearest to the given input point in a binary tree structure,
considering the pixel longitude and latitude values.

(4) Calculate the spatial and temporal difference between each VIIRS and CloudSat pixel
pair based on their longitude and latitude information.

(5) In the last step, a spatiotemporal filter is applied to every CloudSat-VIIRS pixel pair,
and all the pairs with spatiotemporal distances exceeding a defined threshold are
excluded from the comparison. In this study, the temporal and spatial thresholds are
set to be 10 min and 500 m considering the pixel size of VIIRS (750 m) and typical
movement speed of clouds (~800 m/min, [35]). Thus, both the thresholds are widely
adopted in previous cloud height evaluations [36–38].

The collocation method is summarized in the flowchart shown in Figure 1. The
temporal collocation is highlighted in the orange dash box, and the spatial collocation is
highlighted in the blue dash box.
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4.3. Evaluation Metrics

We evaluate the reprocessed EDRs using four metrics: coefficient of determination
(R2), root mean squared error (RMSE), mean bias error (MBE), and percentage within 250 m
of CloudSat-CALIPSO (Accurate%):

R2 = 1 − ∑N
i=1(CloudSati − VIIRSi)

2

∑N
i=1

(
CloudSati − CloudSat

)2 (5)

RMSE =

√
1
N∑N

i=1(VIIRSi − CloudSati)
2 (6)

MBE =
1
N∑N

i=1(VIIRSi − CloudSati) (7)

Accurate% =
N|VIIRSi−CloudSati|<250 m

N
× 100% (8)

where N is the total number of valid matchups between the VIIRS retrievals and CloudSat
measurements; CloudSat is the mean of the CloudSat values; N|VIIRSi−CloudSati|<250 m is
the number of valid pixels where the difference between VIIRS retrievals and CloudSat
measurements are smaller than 250 m.

5. Results
5.1. Cloud Top Height

Figure 2 illustrates the probability density (PD) patterns of reprocessed and operational
VIIRS CTH retrievals, along with CTH observations from the CloudSat-CALIPSO system
for March–June 2019. The CTH retrievals from reprocessed VIIRS and CloudSat-CALIPSO
exhibit two PD peaks: one in the lower CTH range (below ~3 km) and another at ~7.5 km
for reprocessed VIIRS and ~10 km for CloudSat-CALIPSO. In contrast, the operational
VIIRS CTH shows three PD peaks, including an additional peak at ~13 km. Additionally,
while both reprocessed VIIRS and CloudSat-CALIPSO CTH data feature a valley around
4 km, the operational VIIRS CTH displays a second valley near ~12 km. Notably, the
operational VIIRS data include almost no CTH retrievals above 15 km. In contrast, the
reprocessed product aligns more closely with the CloudSat-CALIPSO sensors, effectively
retrieving CTHs up to approximately 17.5 km. Overall, the PD pattern of reprocessed VIIRS
CTH shows better alignment with CloudSat-CALIPSO data than the operational product.

Figure 3 shows the density plots of the reprocessed VIIRS CTH estimates with
CloudSat-CALIPSO measurements as “truths” for November 2018, January 2019, March
2019, and June 2019. The color indicates the samples density at corresponding CTH values
based on Kernel density estimation. For all these months, most of the CTH matchups
are clustered near the 1:1 agreement line, showing an overestimation for low clouds and
an underestimation of high clouds. Similar errors are also present in operational data
(Figure A1). The most significant errors primarily arise from the overestimation of ‘truth’
CTH below 2.5 km and underestimation above 5 km (e.g., highlighted in green and red
boxes, respectively, in the June 2019 plot).

The underestimation of the high-cloud retrieval is mainly due to passive sensors,
especially infrared (IR) radiometers, which determine the cloud top height by matching
the observed radiance to a temperature profile from atmospheric models. High-altitude
clouds such as cirrus are optically thin and allow some radiation from lower and warmer
layers to pass through, leading to an overestimation of cloud-top temperature and an
underestimation of height [39,40]. On the other hand, active sensors like Lidar operate by
sending a laser pulse and measuring the backscattered signal. Since lidar is highly sensitive,
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it can detect the very thin and optically tenuous top-most parts of the clouds, which cannot
be detected by passive sensors. As a result, Lidar tends to record higher cloud tops than
passive sensors [41].
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In contrast, low clouds are typically optically thick, and passive sensors like VIIRS have
limited capability to penetrate such dense cloud layers. This can result in an overestimation
of the ‘truth’ CTH, revealing the limitation of passive sensors in capturing cloud features.
Another potential factor is the parallax issue associated with VIIRS, which may cause it to
observe a different cloud top than active sensors. Although the study implements strict
quality control measures that help partially mitigate the parallax effect, some residual biases
may still persist due to geometric displacement in satellite observations. Similar biases in
estimating low CTH using passive sensors are also documented by other studies [42,43].

The study quantitatively analyzes the performance of the new VIIRS CTH retrieval
algorithm over each month of the study period, and the results of the assessment metrics
mentioned in Section 4.3. are shown in Table 1. The available operational VIIRS CTH EDRs
are also evaluated for Spring and Summer, as shown in brackets. In order to ensure a
sufficient sample size, valid matchups between reprocessed and operational VIIRS data
and CloudSat measurements are selected separately for calculating these metrics.
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Figure 3. Scatter plots comparing reprocessed VIIRS CTH retrievals and CloudSat-CALIPSO mea-
surements in November 2018, January 2019, March 2019, and June 2019. The color indicates the
probability density function (PDF) at corresponding CTH values based on Kernel density estimation.
The green box highlights the overestimations for low CTH values, and the red box highlights the
underestimations for high CTH values.

Table 1. Accuracy statistics of reprocessed VIIRS CTH based on quality-controlled VIIRS–CloudSat
matchups for each month in the study period. The corresponding results of operational VIIRS EDR
algorithm are listed in the brackets.

Reprocessed
(Operational) R2 RMSE (km) MBE (km) Accurate% Valid Pixel

Amount

October 2018 0.77 2.31 −0.81 12.34 31,673

November 2018 0.76 2.50 −1.01 12.02 45,828

December 2018 0.79 2.42 −0.81 12.91 47,233

January 2019 0.80 2.34 −0.76 12.51 61,464

February 2019 0.81 2.26 −0.65 15.69 61,649

March 2019 0.82
(0.85)

2.14
(2.12)

−0.70
(−0.97)

12.83
(15.57)

47,503
(39,961)

April 2019 0.72
(0.84)

2.64
(2.12)

−0.96
0.88)

12.91
(15.02)

24,961
(34,319)

May 2019 0.69
(0.82)

2.84
(2.32)

−1.29
(−1.23)

13.31
(11.26)

65,841
(82,873)

June 2019 0.73
(0.85)

2.66
(2.32)

−1.10
(−1.31)

13.27
(12.69)

75,206
(74,818)
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The R2 values between the reprocessed VIIRS CTH and CloudSat-CALIPSO products
are relatively high, ranging from 0.69 to 0.82 across all the study months. These high R2s
present a strong correlation and similarity between reprocessed VIIRS CTH and CloudSat
observations. The R2 values of operational VIIRS CTH are even higher than the repro-
cessed data for March–June 2019 (0.85 vs. 0.82, 0.84 vs. 0.72, 0.82 vs. 0.69, and 0.85 vs.
0.73, respectively). The comparison between the retrieval accuracies of reprocessed and
operational VIIRS CTH for Jun. 2019 are shown in Figure A1. The operational VIIRS data
outperform the reprocessed product in the retrievals of low-CTH pixels; however, it tends
to overestimate the “truth” at 6~11 km CTH. Additionally, the operational algorithm of the
study period is inadequate for retrieving very high CTHs, as it captures very few CTHs
above 15 km. On the contrary, the reprocessed product performs much better at these
heights, aligning closely to the 1:1 agreement line. The reprocessing algorithm upgrades the
microphysical index (β) fitting method from linear to a higher-order polynomial, which has
more degrees of freedom, leading to overfitting. This means that the model starts capturing
not just the underlying trend of the data but also the noise or fluctuations [44]. As a result,
the fitted β might be excessively sensitive to small variations in the data, especially in the
low ends of the cloud-top measurements, and cause more significant fluctuations.

In general, both the reprocessed and operational VIIRS CTH algorithm tend to un-
derestimate the CloudSat “truth” with negative MBEs for all the study months. These
MBEs are all ~1 km except for VIIRS operational data during June 2019 that show a larger
difference (−1.31 km) from “truth”. The RMSE of reprocessed CTH ranges from ~2.14 to
2.66 km. These values are slightly larger than those of the operational VIIRS CTH during
March–June 2019. The reprocessed VIIRS CTH achieves up to 15% of pixels accurately
retrieved (within 250 m of CloudSat-CALIPSOs), which is similar to the operational data.
The operational data exhibit stronger correlations with the “truth”, with all R2 values
exceeding 0.80 for the overlapping months.

Figures 4 and 5 visualize the comparison of CTH values among reprocessed and
operational VIIRS retrievals and CloudSat-CALIPSO measurements for two case studies
on 1 May 2019, 20:00:46–20:03:25 UTC, and 8 June 2019, 08:11:27–08:14:06 UTC. The tracks
of the matched CloudSat-CALIPSO data are shown in the black lines. As can be seen in
Figure 4a–c, the estimations of lower CTH are smaller in the reprocessed VIIRS data than
those retrieved by the operational algorithm. In contrast, the higher CTH are even larger in
the reprocessed data. The reprocessed CTH effectively captures the lower values along the
edge of the high cloud. Figure 4d shows a detailed comparison of reprocessed (red line) and
operational (green line) VIIRS CTH retrievals against CloudSat-CALIPSO measurements
with cloud type indicated in the background, including stratus (St), stratocumulus (Sc),
cumulus (Cu, including cumulus congestus), nimbostratus (Ns), altocumulus (Ac), altostra-
tus (As), deep convective (deep), and high (cirrus and cirrostratus). According to Figure 4d,
this case study contains a series of thick altostratus and nimbostratus clouds followed by
some thin stratus clouds. Both the reprocessed and operational VIIRS algorithms tend
to underestimate the CTH of those high cloud tops at around 10 km in CloudSat data by
~2.5 km. Although operational data appear closer to the “truth” when the cloud tops drop
to ~7.5 km in the CloudSat data near a 54◦S latitude, the reprocessed VIIRS successfully
represents this decreasing trend with drastic fluctuations, whereas the operational CTH
estimates slightly increase and overestimate CloudSat CTH values. This may be linked
to the use of high-order polynomials to address the effects of multiple scattering in the
reprocessing of the VIIRS cloud algorithm [29]. For lower clouds, which primarily consist
of liquid cloud particles, accurately capturing the intense scattering signals from these par-
ticles (or raindrops) is challenging, even with high-order polynomial equations. Moreover,
the use of such polynomials can introduce significant fluctuations in CTH retrievals, as



Remote Sens. 2025, 17, 1036 11 of 22

shown in Figure 4. The lower R2 of reprocessed CTH may also be caused by these signif-
icant fluctuations. This is due to the fact that the polynomial fitting method adopted by
the reprocessing algorithm can exaggerate rapid changes in the data. For those thin clouds
with low CTHs from the 53◦S~48◦S latitude identified by CloudSat, both the reprocessed
and operational VIIRS algorithms yield relatively accurate and effective retrievals.
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The case study of 8 June 2019, presented in Figure 5, includes a cluster of deep and
nimbostratus clouds as observed by CloudSat-CALIPSO. Overall, the majority of cloudy
pixels in the reprocessed VIIRS EDR show higher CTH values compared to the operational
data, with only a small portion displaying similar or slightly lower retrievals over areas
of high CTH. The reprocessed data align more closely with the “truth” values measured
by the CloudSat-CALIPSO system for corresponding matchups. However, both the two
VIIRS CTH EDRs tend to underestimate the “truth” and exhibit notable fluctuations over
multi-layer cloud structures.

5.2. Cloud Base Height

Figure 6 illustrates the PDs of reprocessed (blue) and operational (orange) VIIRS CBH
retrievals and CloudSat-CALIPSO CBH observations (green) from March to June 2019. The
PDs of reprocessed VIIRS CBH demonstrate a decreasing trend with the increase in CBH,
which closely resembles the CBH observed by CloudSat-CALIPSO. On the contrary, the
PDs of CBH values in the operational data decline around 2 km and increase significantly
between ~2.5 and 3 km.
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2019, 08:11:27~08:14:06 UTC, and their comparisons to the CloudSat-CALIPSO measurements (d).
(c) is (a,b).

Table 2 shows evaluation metrics for VIIRS CBH with CloudSat-CALIPSOs as “truth”.
As can be noted from valid pixel numbers, less valid matchups are extracted from re-
processed VIIRS CBH compared to the operational data. This discrepancy is due to the
reprocessing algorithm adopting stricter and more detailed CBH quality flags (refer to
Tables A4 and A5 for details), and this research only includes pixels with the highest data
quality. The RMSE of the reprocessed CBH varies between 1.70 and 1.90, which satisfies the
uncertainty requirement of Joint Polar Satellite System (JPSS) measurements for VIIRS CBH
EDRs (2 km). The relatively low RMSE indicates that the new CBH algorithm agrees well
with CloudSat-CALIPSOs, provided that the accuracy requirement for upstream CTH is
met. The RMSEs of the operational VIIRS CTH data are similar to those of the reprocessed
retrievals, with higher values for April (1.76 km vs. 1.73 km) and May (1.73 km vs. 1.70 km)
2019 and slightly lower values for March (1.85 km vs. 1.90 km) and June (1.72 km vs.
1.74 km) 2019. However, the R2 values for the reprocessed CBH show improvement across
all overlapping months compared to the operational data, consistently exceeding 0.74
(0.74~0.77) throughout the study period.
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Table 2. Accuracy statistics of reprocessed VIIRS CBH based on quality-controlled VIIRS–CloudSat
matchups for each month in the study period. The results of operational VIIRS EDR algorithm are
listed in the brackets.

Reprocessed
(Operational) R2 RMSE (m) MBE Accurate% Valid Pixel

Amount

October 2018 0.74 1.89 0.63 10.68 9680

November 2018 0.75 1.89 0.42 10.46 15,444

December 2018 0.77 1.89 0.47 11.10 17,563

January 2019 0.77 1.91 0.44 10.85 19,851

February 2019 0.76 1.88 0.47 10.90 20,517

March 2019 0.77
(0.76)

1.90
(1.85)

0.55
(0.64)

10.25
(11.14)

16,683
(18,922)

April 2019 0.74
(0.73)

1.73
(1.76)

0.36
(0.10)

11.90
(13.27)

8747
(15,842)

May 2019 0.76
(0.74)

1.70
(1.73)

0.34
(−0.06)

12.10
(12.55)

21,022
(41,046)

June 2019 0.74
(0.69)

1.74
(1.72)

0.43
(−0.15) 12.32 (12.95) 21,670

(32,807)

The relatively high accuracy of reprocessed VIIRS CTH can further be proved by the
density plots shown in Figure 7. When filtered by the conditions applied to upstream
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CTH values, the majority of CBH matchups are concentrated along the 1:1 diagonal line,
showing the highest densities. However, a noticeable number of pixels are overestimated
by approximately 2 km when the “true” CBH is between 2 and 4 km, particularly in the
March 2019 data, as highlighted in the red box. The overestimations shown in the density
plots align with the positive MBEs calculated in Table 2 for reprocessed data. The VIIRS
CBH retrievals depend on its relationship with CTH and CGT, as shown in Equation (1).
Consequently, the overestimations of low CBH are primarily caused by the overestimations
of CTH for low clouds.
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A comparison between the density plots of reprocessed and operational VIIRS CBH
EDR against CloudSat-CALIPSO data for June 2019 is shown Figure A2. Most matchups
between the operational data and the “truth” deviate to the right of the 1:1 agreement line,
indicating a slight underestimation. Additionally, a substantial number of matchups with
a “true” CBH below 5 km are overestimated by the operational CBH algorithm. Since
the updated CBH retrieval algorithm relies on the difference between CTH and CGT, as
shown in Equation (1), the significant overestimation of low CBH is attributed to the
overestimation of CTH for low clouds. This combination of under- and over-estimations
accounts for the smaller negative MBEs in the operational CBH data compared to the
reprocessed data for April to June 2019. Furthermore, clouds with base heights above
13 km are rarely captured or are filtered out due to low quality in the operational product,
while the reprocessed VIIRS CBH product exhibits improvements in these aspects.
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Figures 8 and 9 are CBH comparison plots for the case studies of 1 May 2019, 20:00:46–
20:03:25 UTC, and 8 June 2019, 08:11:27–08:14:06 UTC. Similarly to the CTH, the reprocessed
VIIRS CBH yields higher estimates for thick clouds and lower values for thin clouds in the 1
May 2019 case study. The negative differences between the two datasets are most significant
along the boundaries between these cloud types. Both the reprocessed and operational
VIIRS CBH data overestimate the CloudSat-CALIPSO measurements by approximately
2 km for thick altostratus clouds between 57.6◦S and 64◦S latitude, with the operational data
performing slightly better in this region. Conversely, the reprocessed VIIRS EDR accurately
captures the CBH of altostratus and nimbostratus clouds with lower CTH values, although
with some fluctuations. The operational VIIRS EDR produces inaccurate CBH estimates
in this region, with values even higher than the actual CTH. Considering the physical
limitations of passive remote sensing methods for cloud retrieval, it is understandable that
CBH retrievals, particularly in multi-layer cloud conditions, may not be as accurate as
active sensors.
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Figure 8. Comparison among reprocessed (a) and operational (b) SNPP-VIIRS CBH on 1 May
2019, 20:00:46–20:03:25 UTC, and their comparisons to the CloudSat-CALIPSO measurements (d).
(c) is (a,b).

In the case study of 8 June 2019, both the reprocessed and operational VIIRS CBH
algorithms underestimate the CloudSat-CALIPSOs in most matchups; however, they ef-
fectively capture the general trends and patterns of the “true” CBHs. The reprocessed
VIIRS CBH exhibits more significant underestimations over low-base nimbostratus clouds
compared to the operational data. Similarly to CTH retrievals, the VIIRS CBH estimations
display sharp fluctuations over multi-layer clouds. The reprocessed VIIRS CBH also shows
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higher underestimations for the low and thin stratus clouds over the 53◦S–48◦S latitude.
In summary, the new CBH algorithm shows greater sensitivity to the boundary regions
between different cloud types and to signals emitted by ground objects. This increased
sensitivity is likely due to the reprocessing of input SDRs and upstream CTHs, which
impact the CGT calculation results.
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Figure 9. Comparison among reprocessed (a) and operational (b) SNPP-VIIRS CBH on 8 June
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6. Discussion
This study conducts the reprocessing of VIIRS CTH and CBH EDR based on the latest

algorithms and performs simultaneous evaluation of the reprocessing accuracy for a study
period of 1 October 2018~30 June 2019. The qualities of the reprocessed VIIRS cloud height
EDRs are compared with both the operational Version 2.0 data and CloudSat-CALIPSO
active sensors through statistical metrics, probability density patterns, case studies, and
correlation analysis. Based on this comprehensive assessment, this study has reached the
following conclusions and discussions regarding the reprocessing quality of VIIRS CTH
and CBH EDRs:

(1) The reprocessed VIIRS CTH EDRs show relatively high quality for single-layer clouds,
which is comparable to the operational data, with enhanced retrieval accuracy for
high-top clouds, particularly those above 15 km.
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(2) With quality controls on upstream CTH retrievals, the reprocessed CBH product
demonstrates higher correlations and fewer outliers compared to CloudSat-CALIPSO
measurements than the operational data across all overlapping periods.

(3) The new VIIRS CBH algorithm enhances the retrieval of very high CBH values above
13 km compared to the operational data, but it is less accurate in estimating low
CTH values. This could be due to the upgrade in the microphysical index (β) fitting
method from a linear to a higher-order polynomial, which provides more degrees
of freedom and leads to overfitting. The overfitting results in increased fluctuations
when estimating low CTH values.

(4) Both the reprocessed VIIRS CTH and CBH EDRs exhibit greater sensitivity to the
boundary regions of different cloud heights and are more effective in detecting and
representing these dynamics in adjacent clouds. However, ground signals tend to
have a stronger influence on the new CBH algorithm over these boundary areas,
introducing more fluctuations in the cloud height estimations produced by the repro-
cessing algorithm.

(5) Both reprocessed and operational cloud height products show lower accuracies and
greater uncertainties over multi-layer clouds observed by the active sensors of the
CloudSat-CALIPSO system. This is understandable given the limited capability of
passive remote sensing sensors to penetrate the internal structures of cloud systems.

(6) The reprocessed CTH data tend to underestimate high cloud tops and overestimate
low cloud tops. The underestimation of high CTH is largely due to active sensors being
more sensitive to the tops of very high and optically thin clouds, whereas passive
IR sensors have limitations to detect these tenuous uppermost layers. Additionally,
emissions from lower atmospheric layers beneath high clouds can cause the cloud-top
temperature detected by IR sensors to be higher than the actual cloud-top temperature,
leading the algorithm to assign a lower CTH. On the other hand, the overestimation
of low CTH may be due to the limited capability of passive sensors like VIIRS to
accurately estimate the features of optically thick clouds.

(7) The parallax issue also introduces bias in the comparison between VIIRS and CloudSat-
CALIPSO data by causing a displacement between cloud observations in the two
datasets. This occurs because passive sensors like VIIRS observe clouds at an angle
rather than directly from above, resulting in a shift in the detected cloud position
compared to the nadir-viewing active sensors on CloudSat and CALIPSO.

7. Conclusions
Overall, the performance of the SNPP-VIIRS CTH and CBH EDR reprocessing based

on the latest algorithm is quite promising, demonstrating significant improvements in the
retrievals of clouds at high altitudes and in the sensitivity to cloud height dynamics. In the
future, the study will focus on the following aspects:

(1) Calibration changes across different maturity levels of input SDR introduce inconsis-
tencies in the operational SNPP VIIRS EDRs, resulting in spurious trends in long-term
climate change analysis and monitoring. Additionally, artificial fluctuations and in-
consistencies in long-term EDR data are also caused by changes in retrieval algorithms.
Therefore, it is critical to reprocess the SNPP VIIRS EDR products over the whole
sensor lifetime with uniform input data sources and retrieval algorithms to avoid
deceptive trends and dynamics that are non-climate change signals. As a result, future
studies will focus on reprocessing all kinds of VIIRS EDRs over the entire lifespan of
the sensor, including clouds, ice thickness and age, snow cover, etc.

(2) As more VIIRS EDR variables are reprocessed in the future, including Cloud Cover
Layer (CCL), Cloud Phase (CP), Daytime/Nighttime Cloud Optical and Microphysical
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Properties (D/NCOPMP), Snow Cover, and Ice Thickness and Age, their quality will
be assessed.

(3) With the entire lifecycle of VIIRS EDRs reprocessed, the long-term spatiotemporal pat-
terns of these reprocessed EDRs will be analyzed and compared with both operational
VIIRS products and measurements from active sensors.

(4) Using the long-term reprocessed EDRs for climate change assessment. Due to the
relatively short history of VIIRS data (~14 years), we plan to develop new algorithms,
particularly leveraging Artificial Intelligence (AI) technologies, to retrieve VIIRS EDRs
using spectral data from satellite sensors with longer data records and similar wave-
lengths, such as MODIS. This approach aims to reduce biases caused by differences
between satellite sensors, including spatiotemporal resolution, retrieval algorithms,
geolocation accuracy, and product availability.
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Appendix A

Table A1. Table of version changes in CTH algorithm [29].

Version Changes

Version 2.0 to 2.3

(1) Support of combinations of multiple channels, including the
following: 6.2, 6.7, 7.3, 8.5, 10.4, 11, 12, 13.3, 13.6, 13.9, and
14.2 µm; (2) flexibility of using 10.4 µm to replace 11 µm
observations (GOES-17 only); (3) changes in microphysical
index β fitting from linear to high-order polynomial to account
for multiple scattering impact of the 3.75 µm; (4) including ice
fraction as the fifth output from the optimal
estimation algorithm.

Version 2.3 to 3.2

Changes are made to reflect all current supported channel
combinations and include in Appendix A the GOES17
mitigation work. Some other updates, such as use of the
KD-tree technique and NUCAPS data, are also briefly discussed.

https://www.aev.class.noaa.gov/saa/products/search?sub_id=0&datatype_family=RPVIIRSSDR&submit.x=32&submit.y=13
https://www.aev.class.noaa.gov/saa/products/search?sub_id=0&datatype_family=RPVIIRSSDR&submit.x=32&submit.y=13
https://www.cloudsat.cira.colostate.edu/
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Table A2. Regression coefficients and median CWP binning by CTH (every 2 km), which are used to
compute CGT for CBH.

Cloud Top Height (km) CWP Thresholds
(g/m2)

Constant a
(Slope)

Constant b
(y-int)

0 < CTH < 2 71
2.2581 0.4056
0.9970 0.5170

2 ≤ CTH < 4 114
6.1098 0.6648
0.9130 1.3570

4 ≤ CTH < 6 110
11.5574 1.2253
1.3792 2.5866

6 ≤ CTH < 8 123
14.5382 1.7057
1.6871 3.6228

8 ≤ CTH < 10 131
9.0986 2.1425
2.4595 3.8696

10 ≤ CTH < 12 127
13.5772 1.8655
4.8309 3.5314

12 ≤ CTH < 14 115
16.0793 1.6497
5.0517 3.9861

14 ≤ CTH < 16 116
14.6030 2.0001
6.0644 4.0330

16 ≤ CTH 99
9.2658 2.2964
6.6043 3.2644

Table A3. Period of each data type used in the study.

Dataset Period

Reprocessed VIIRS EDR 10 October 2018~7 July 2019

Operational VIIRS EDR 10 March 2019~7 July 2019

the 2B-CLDCLASS-LIDAR 10 October 2018~7 July 2019
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Table A4. Quality control (QC) flags of reprocessed VIIRS CBH.

QC Flags Definition

0 Valid retrieval
1 Invalid due to the upstream input being invalid or clear
2 Out of range due to CBH lower than terrain (set to TBH = terrain)
3 Out of range due to CBH < minCBH (0 km) or CBH > maxCBH (20 km)
4 Invalid due to CBH ≥ CTH
5 Valid CBH from the extinction method
6 Valid CBH from CWP_NWP for deep convection

Table A5. Quality flags of operational VIIRS CBH.

QC Flags Definition

0 Good Retrieval
1 Invalid Retrieval
2 Bad Retrieval
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