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Methods 1 

1. MVIC data processing 2 

Details of the MVIC instrument design and operation are given in Reuter et al. (2008). 3 

Science operation of MVIC is under time delay integration (TDI) mode with two 4 

panchromatic and four color arrays. We select the observations obtained by the color 5 

arrays as they contain Pluto haze’s spectral characteristics. Level 2 data is used for 6 

analysis in this work, whose identifier on NASA PDS is New Horizons MVIC Pluto 7 

Encounter Calibrated Data v3.0 (Stern, 2018). The data contains bias-subtracted, 8 

flattened images, but it does not include corrections for scattered light, cosmic rays, and 9 

geometric and motion distortion. We follow the New Horizons SOC to Instrument 10 

Pipeline ICD to convert the calibrated data number (DN) to I/F, then use the SPICE 11 

system (Acton 1996) to compute the geometry with navigation data (Figure A1). With 12 

the geometry information, we determine the resolution and mean phase angle of each 13 

image. Three observations with resolution better than 5km/pixel are selected (Table 14 

A1). As the geometry inferred by the navigation data does not perfectly locate Pluto in 15 

each image (Figure A1), we conduct a further correction, as the haze altitude needs to 16 

be accurate. A one-pixel offset may result in an altitude difference as large as 5km, 17 

comparable to the bin interval selected in this work. To correct the Pluto location in 18 

each image we use established techniques for determining the geometric limb of Pluto 19 

and Charon. For frontlit images we use Method A from Nimmo et al. (2017). For backlit 20 

images we select the points with the largest brightness gradient around the sun-lit edge 21 

(Figure A1), then fit a circle to these points, which serves as Pluto’s edge. Other 22 

geometries are offset according to the correction. Because MVIC is a scanning camera, 23 

there are distortions in Pluto’s long-wavelength shape from a perfect sphere. To 24 

minimize the impact of these effects we select regions where the edge of Pluto is best 25 

defined for our analysis (Figure A1). 26 

Table A1. List of MVIC observations used in this work. 27 

MET Time 
Phase Angle 

(degree) 

Distance 

(103km) 

Resolution 

(km) 

0299162512 
2015-07-14 

T06:50:12 
18.2 246.1 4.87 

0299178092 
2015-07-14 

T11:10:52 
38.8 33.1 0.67 

0299193157 
2015-07-14 

T15:20:58 
169.4 175.3 3.47 

Stray light is not negligible in the images, as in LORRI observations (Cheng et al. 2017), 28 

and it is especially important in the backscattering configuration when the disk 29 

brightness is much higher than the haze. Since stray light is an instrument effect, it is a 30 

function of pixel distance above the limb of celestial bodies, which can also be seen 31 

around the airless Charon (Figure A2). I/F profiles of Pluto’s haze in LORRI 32 

observations are corrected by subtracting the normalized stray light above Charon’s 33 

limb (Cheng et al. 2017). Here, we conduct the same correction: we compute the 34 

moving averages of I/F profiles as a function of pixel distance from Charon’s limb, then 35 

subtract them from Pluto’s. As Charon appears in only one of the observations (MET 36 

0299162512), and the instrument effect should stay the same during the fast flyby, we 37 
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assume the stray light influence is the same among images obtained by the same color 38 

array at different times, and apply the correction individually for each array (Figure A2). 39 

The corrected I/F profiles are used in the haze property retrievals. 40 

Six images, five for Pluto and one for Charon, were taken through the two MVIC 41 

panchromatic arrays with resolution better than 5km. Charon was only imaged once by 42 

the first panchromatic array (Pan 1, MET 0299180334), which results in the failure of 43 

calibrating the three observations by the second array (Pan 2). Also, in this image 44 

Charon is at a phase angle of ~85.2°, and its edge is not as sharp as that imaged through 45 

the color arrays in backscattering configurations, which introduces considerable 46 

uncertainty, and also cross validation is lacking as only one observation is obtained. 47 

Since the panchromatic array has a similar wavelength-dependent response as that of 48 

LORRI (Reuter et al. 2008, Cheng et al. 2008), and the four MVIC color arrays also 49 

cover this wavelength range, we do not include the two images of Pluto made by Pan 50 

1. Moreover, one of the two images only contains part of Pluto, which results in the 51 

difficulty determining Pluto’s center. 52 

2. Vertical profile conversion 53 

In remote sensing of planetary atmospheres, observables are usually line-of-sight (LOS) 54 

integrated quantities, necessitating the conversion of these observables to local 55 

quantities for analyses of physical and chemical properties of the atmosphere. We use 56 

the Abel inverse transform of noisy data to obtain vertical profiles of the local quantities. 57 

In the solar occultation by Alice, the observable is LOS optical depth. 58 

𝜏𝐿𝑂𝑆(𝑟) = ∫ 𝑛(𝑠)𝜎𝑒𝑥𝑡(𝑠) 𝑑𝑠
+∞

−∞

        (A1) 59 

where τLOS is the LOS optical depth; r is the distance of Pluto’s center to LOS; n is the 60 

local number density; σext is the extinction cross section; and s is the path along LOS. 61 

In the limb scattering geometry of the other three instruments, the observed I/F is an 62 

integration of local scattering intensity. 63 

𝐼 𝐹⁄ (𝑟) = ∫
1

4
𝑃(𝑐𝑜𝑠𝜃)𝑛(𝑠)𝜎𝑠𝑐𝑎(𝑠) 𝑑𝑠

+∞

−∞

        (A2) 64 

where σsca is the scattering cross section; θ is the scattering angle; P is the phase function, 65 

which is normalized to 4π. Given the same form of Equations (A1) and (A2), they can 66 

be unified as follows. 67 

𝑁(𝑟) = ∫ 𝐷(𝑠) 𝑑𝑠
+∞

−∞

        (A3) 68 

where N is the observable and D is the corresponding local quantity. Assuming 69 

spherical symmetry, D is a function of r, and the equation becomes an Abel integral. 70 

𝑁(𝑟) = 2 ∫ 𝐷(𝑟′)
𝑟′

√𝑟′2 − 𝑟2
 𝑑𝑟′

+∞

𝑟

        (A4) 71 
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where r’ is the distance of Pluto’s center to the point of each D in the integral. This 72 

equation shows that N only depends on D at altitudes higher than the impact parameter. 73 

The Abel inverse transform suggests an exact solution (Roble and Hays, 1972). 74 

𝐷(𝑟′) = −
1

𝜋
∫

𝑑𝑁(𝑟) 𝑑𝑟⁄

√𝑟2 − 𝑟′2
 𝑑𝑟

+∞

𝑟′

        (A5) 75 

However, the exact solution is not a good option in the inversion of noisy data, as the 76 

derivative of N in the integral is sensitive to noise. Therefore, instead of using the exact 77 

solution, we rewrite Equation (A4) with discrete altitude bins and solve the problem 78 

through linear regression. 79 

𝑁𝑖 = 2 ∑ 𝐷𝑗 ∫
𝑟′

√𝑟′2 − 𝑟𝑖
2

 𝑑𝑟′
𝑟𝑗+1

𝑟𝑗

𝑚−1

𝑗=𝑖

        (A6) 80 

where i and j are the indices of altitude bins; m is the total number of bins; rj and rj+1 81 

are the lower and upper boundary of the j-th altitude bin; and Ni and Dj are the 82 

corresponding LOS and local quantities at the i-th and the j-th altitude bins, respectively. 83 

In this case, all the integrals form a matrix A, which consists of element Aij for each 84 

pair of (i, j) with i≤j. 85 

𝐴𝑖𝑗 = ∫
𝑟′

√𝑟′2 − 𝑟𝑖
2

 𝑑𝑟′
𝑟𝑗+1

𝑟𝑗

        (A7) 86 

A is an upper triangular matrix as Aij=0 when i>j. Including the noise in the data, there 87 

is a linear relationship between vectors of N and D. 88 

𝑵 = 𝑨 ∙ 𝑫 + 𝜺        (A8) 89 

where N and D are column vectors which have Ni and Dj as the elements; and ε is the 90 

vector with noise for each corresponding Ni. Then the linear problem can be solved as 91 

follows. 92 

𝑲 = (𝑨𝑇𝑪𝑵𝑨)−1 ∙ (𝑨𝑇𝑪𝑵
−1)        (A9) 93 

𝑫 = 𝑲 ∙ 𝑵        (A10) 94 

𝑪𝑫 = 𝑲 ∙ 𝑪𝑵 ∙ 𝑲𝑇        (A11) 95 

where CD is the covariance matrix of D; CN is the covariance matrix of N. The square 96 

root of the diagonal elements in CD serves as the uncertainties of local quantities. 97 

Inversion through linear regression does not contain derivatives, so it is more robust 98 

against noise. Further regularization, which is not included in this work as the result is 99 

already acceptable, can also be added to decrease the influence of noise (Quémerais et 100 

al. 2006). 101 
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The transform requires the upper boundary of the altitude bins to be sufficiently high 102 

so that the truncation from infinity to rm in Equation (A6) can be neglected. However, 103 

some of the observations have limited altitude ranges due to the instrument field of 104 

view. The I/F profile obtained by LORRI at a phase angle of 67.3° is limited to the 105 

lower 50km, which is the smallest altitude range among all observations, and therefore 106 

constrains the altitude range where we can conduct our analysis. As Pluto’s haze 107 

extends up to ~200km above the surface at visible wavelengths with a density scale 108 

height of ~50km near surface (Gladstone et al. 2016), haze above the available 109 

observation range is not negligible. Due to the small radius of Pluto (1190km, Hinson 110 

et al. 2017), the change of scale height with gravity needs to be considered in the 111 

extrapolation. We assume an exponential decay in geopotential of the local density, as 112 

in Young et al. (2018). The first order approximation is as follows (Young 2009). 113 

𝐻 = 𝐻0

𝑟2

𝑟0
2         (A12) 114 

𝐷 = 𝐷0𝑒
−

𝑟0
𝐻0

(1−
𝑟0
𝑟

)
        (A13) 115 

𝑁 = 𝑁0𝑒
−

𝑟0
𝐻0

(1−
𝑟0
𝑟

)
(

𝑟

𝑟0
)

3
2 1 +

9
8

𝐻
𝑟

1 +
9
8

𝐻0

𝑟0

        (A14) 116 

where H is the scale height; the subscript 0 indicates the surface value of corresponding 117 

variables. Through this approach, we extrapolate N to 2000km above Pluto’s surface 118 
by fitting Equation (A14) to observables. The ranges selected for the fitting are between 119 

25km to the highest valid altitude for LORRI, 25–75km for LEISA and 15–50km for 120 

MVIC observations. The conversion of Alice observations is done and published in 121 

Young et al. (2018), whose results are adapted in this work. 122 

The extrapolation leads to two distinct altitude regions in our analysis, which requires 123 

Equation (A8) to be rewritten, 124 

[
𝑵1

𝑵2
] = [

𝑨11 𝑨12

0 𝑨22
] ∙ [

𝑫1

𝑫2
] + [

𝜺
0

]        (A15) 125 

where subscript 1 denotes the corresponding variables at altitudes with valid 126 

observations, while subscript 2 denotes those of the extrapolated altitudes. We assume 127 

that the extrapolation has no noise. Combining Equation (A15) with (A9-A11), we can 128 

finally derive the required local quantity and its uncertainty. 129 

𝑫2 = (𝑨22
𝑇 𝑨22)−1 ∙ (𝑨22

𝑇 𝑵2)        (A16) 130 

𝑲1 = (𝑨11
𝑇 𝑪𝑵1

𝑨11)
−1

∙ (𝑨11
𝑇 𝑪𝑵1

−1)        (A17) 131 

𝑫1 = 𝑲1 ∙ (𝑵1 − 𝑨12𝑫2)        (A18) 132 

𝑪𝑫1
= 𝑲1 ∙ 𝑪𝑵1

∙ 𝑲1
𝑇        (A19) 133 
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where CD1 and CN1 are the covariance matrices of D1 and N1, respectively. D1 134 

corresponds to the UV extinction coefficient (𝑛𝜎𝑒𝑥𝑡) , or local scattering intensity 135 

(
1

4
𝑃𝑛𝜎𝑠𝑐𝑎) in the integral of Equations (A1) and (A2), respectively. 136 

3. Scattering models 137 

Light scattering by spherical haze particles and monomers in fractal aggregates is 138 

computed using Mie theory (Wiscombe 1979), as their radii are comparable to some of 139 

the observation wavelengths. For the fractal aggregate particles, we use the scattering 140 

model described by Tomasko et al. (2008) to estimate their phase functions and cross 141 

sections. The model was originally developed to constrain haze particle properties in 142 

Titan’s atmosphere. Given the similarity in atmospheric composition, the haze particles 143 

are likely to be similar. The scattering model uses empirical phase functions derived 144 

from averaging exact results of randomly produced aggregates, which significantly 145 

reduces the computational time, resulting in the feasibility of retrieval. It computes the 146 

phase functions and cross sections at a given wavelength with three parameters 147 

describing an aggregate (Df, rm and Nm) and the complex refractive index. An 148 

illustration of how Df influences the aggregate morphology is given in Figure A3. 149 

Another scattering model (Rannou et al. 1999) was tested but not used in this work due 150 
to its omission of polarization, which is not negligible when monomer number becomes 151 

large (~1000), although its disagreement with Tomasko et al. (2008) is less than 20% 152 

near our retrieval results. The scattering model we used in this work is rigorously tested 153 

at Df=2 and mostly at Nm<103, but testing has shown that perturbation of Df is allowed 154 

(1.5<Df<2.5), and the extrapolation of Nm to ~104 is reasonable given the linear 155 

relationship in log-log scale between cross section and monomer number at the larger 156 

end of aggregate sizes (Tomasko et al. 2008). 157 

4. Retrieving algorithm 158 

We use the Markov chain Monte Carlo (MCMC) method (MacKay, D. 2003) as the 159 

parameter searching tool. It derives the posterior probability density function (PDF) of 160 

each parameter by comparing the posterior probabilities of proposed parameter sets. 161 

The cost function with posterior probability (p) is defined as  162 

ln(𝑝) = −
1

2
∑

(𝑋𝑖−𝜇𝑖)2

𝜎𝑖
2𝑖   (A20) 163 

where μi and σi are the value and uncertainty of the i-th observation, respectively, and 164 

Xi is the modeled i-th observation computed using a given proposed parameter set 165 

during one MCMC attempt. The Python package emcee (Foreman-Mackey et al. 2013) 166 

is used to implement the parameter searching algorithm. We initiate the MCMC process 167 

with 40 chains and flat priors for all parameters, and run the parameter search for 1000 168 

steps. The last 500 steps are selected for the result analysis, which are considered to be 169 

in the equilibrium state, as most of the chains converged after only 200 steps. 170 

An advantage of using MCMC as the parameter searching tool is that it gives the extent 171 

to which a parameter can be constrained. The algorithm does not require any 172 

assumptions of the shape of posterior PDFs, which are necessary for computing 173 

gradients in other approaches (e.g., the Levenberg–Marquardt algorithm, Levenberg 174 

1944). This is critical when the observation is barely sufficient for constraining 175 
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parameters as shown in the Pluto haze observations, where well-constrained parameters 176 

have Gaussian-like PDFs, and poorly constrained ones have PDFs varying over large 177 

ranges (Figure A4). MCMCs can also avoid converging to local minima, which is 178 

important in this work as the relationship among the four fractal aggregate parameters 179 

are not linear, and therefore multiple local minima are expected. 180 

5. Surface reflection model 181 

Surface reflection may have non-negligible contributions to the observed haze 182 

brightness, as suggested by studies of Triton’s haze (Hiller et al. 1990; 1991). We 183 

estimate this contribution in one of the tested scenarios. In line with Hiller et al. (1990) 184 

and (1991), we use the Hapke model (Hapke 1981) to simulate Pluto’s surface 185 

reflection. Due to the small optical opacity of Pluto’s atmosphere, attenuation of 186 

incoming and reflected light by the atmosphere are neglected. We assume Pluto’s 187 

surface reflecting materials are isotropic scatters, so the reflected light follows 188 

𝐼(𝜇0, 𝜇) = 𝐽
𝑤

4𝜋

𝜇

𝜇0+𝜇
𝐻(𝜇0)𝐻(𝜇)  (A21) 189 

where I and J are the reflected and incoming intensities, respectively; w is the single 190 

scattering albedo of surface materials; μ0 and μ are the cosines of solar and viewing 191 

zenith angles, respectively; and H(μ) is the Hapke function 192 

𝐻(𝜇) =
1+2𝜇

1+2√1−𝑤𝜇
  (A22) 193 

We use the Hierarchical Equal Area isoLatitude Pixelization method (HEALPix; 194 

Górski et al. 2005) to discretize Pluto’s surface for the reflection computation. This 195 

technique divides the surface into pixels with the same areas distributed uniformly on 196 

the sphere. The parameter Nside in HEALPix is set to 16, which results in a 3072-pixel 197 

map with a spatial resolution of ~4°. 198 

6. Test of scenarios 199 

Given the valuable but limited observations, degeneracy appears when the number of 200 

free parameters is too large. Therefore, we tested a number of haze morphology 201 

scenarios in the retrieval, which are compromises between fitting all the observations 202 

and limiting the degree of freedom. The scenarios included in this work are (1) 203 

monodispersed fractal aggregates with variable dimension, (2) monodispersed fractal 204 

aggregates with variable dimension and surface reflection, (3) monodispersed fractal 205 

aggregates with variable dimension and monodispersed spheres, (4) two populations of 206 

monodispersed spheres, and (5)-(10) log-normal, power-law or exponential distribution 207 

of two-dimensional aggregates or spheres. As shown below, scenario (3) of a bimodal 208 

distribution consisting of large fractal aggregates and small spherical particles is the 209 

only one that can fit all the observations at various scattering angles and wavelengths. 210 

Table A2. Summary of tested scenarios. 211 

 Distribution Morphology Free parameters 

1 Monodispersed Aggregates with varying Df Df, rm, Nm, na 

2 Monodispersed Aggregates with varying Df & Surface Df, rm, Nm, na 
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3 Bimodal 
Aggregates with varying Df  

& Spheres (Df=3) 

Df, rm, Nm, na, 

Rs, ns 

4 Bimodal Spheres (Df=3) & Spheres (Df=3) Rs1, ns1, Rs2, ns2 

5 Log-normal Spheres (Df=3) μ, σ, n0 

6 Power-law Spheres (Df=3) p, n0 

7 Exponential Spheres (Df=3) α, n0 

8 Log-normal Aggregates with Df=2 μ, σ, n0 

9 Power-law Aggregates with Df=2 p, n0 

10 Exponential Aggregates with Df=2 α, n0 

6.1 Monodispersed fractal aggregates 212 

Under this scenario, we assume that there is a monodispersed population of aggregate 213 

haze particles at each altitude and include four free parameters. Three of them (Df, rm, 214 

Nm) describe the morphology of haze particles, and the fourth one (na) is the aggregate 215 

local number density. Vertical profiles of these four quantities that best fit the 216 

observations are shown in Figure A5, and the corresponding simulated observables are 217 

given in Figure 1, where “best-fit” is defined as when the posterior probability 218 

(Equation A20) is maximized. The retrieval shows that the assumption of 219 

monodispersed fractal aggregates cannot reasonably fit the observations, as it 220 

underestimates the backscattering (Figure 1b) due to the forward-scattering dominated 221 

phase functions of fractal aggregates. This is consistent with the discrepancy suggested 222 

by Cheng et al. (2017) that one population of fractal aggregates or spheres alone cannot 223 

explain both the forward and backward scattering at visible wavelengths and the UV 224 

extinction. 225 

6.2 Monodispersed fractal aggregates and surface reflection 226 

As fractal aggregates tend to underestimate the backscattering, and surface reflection 227 

usually has more intense backscattering than forward, we test whether surface reflection 228 

can fill in the gap between the observed backscattering intensity and that scattered by 229 

aggregates. The observed intensity above Pluto’s limb is assumed to consist of two 230 

parts: (1) light scattered once by haze particles (primary scattering) and (2) light 231 

reflected by Pluto’s surface and then scattered by haze particles (secondary scattering). 232 

As surface reflection is negligible when the viewing zenith angle is large, we first omit 233 

the backscattering observables and only use the forward ones (LORRI at 148.3° and 234 

169.0°, LEISA, and MVIC at 169.4°) together with the UV extinction to constrain the 235 

haze morphology. The resulting profiles of the four free parameters (Df, rm, Nm, na) and 236 
comparison with observations are given in Figures A5 and 1, respectively. The 237 

simulated forward scattering of haze particles agrees with observations well and all four 238 

parameters are well-constrained across all the altitudes. The best fit haze particles are 239 

~1μm two-dimensional aggregates with ~20nm monomers at most of the altitudes. 240 

However, the backscattering by these particles is underestimated. The local scattering 241 

intensity of haze particles is less than the observed value by a factor of two (Figure 1b), 242 

which results in a LOS I/F difference of ~5*10-3 in the lower 50km. Therefore, we test 243 

the inclusion of surface reflection to try to fill in the gap. 244 

With the fixed retrieved haze morphology, we estimate the upper limit of the secondary 245 

scattering by computing the I/F assuming the incident and emission vectors are in the 246 
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same specular plane. For each discretized point along the LOS, the secondary scattering 247 

is computed by summing up the reflected light from the pixelated Pluto’s surface 248 

multiplied by the haze scattering phase function with corresponding geometry. 249 

Integrating the secondary scattering along the LOS then provides the observables.  250 

Our results (Figure A6) suggest that, even with the highest surface single scattering 251 

albedo (w=1), the maximal value of the LOS-integrated secondary scattering, which is 252 

near ~90° phase angle, is smaller than half of the gap between the haze primary 253 

scattering and observed I/F. Moreover, the maxima at the observed phase angles of 254 

LORRI (19.5°, 67.3°, 148.3° and 169.0°) are around or less than 10-3, so the upper limit 255 

of the secondary scattering is at least one order of magnitude less than the required 256 

backward scattering. 257 

6.3 Bimodal distribution 258 

As monodispersed fractal aggregates and surface reflection cannot reproduce the 259 

observed large backscattering, we consider a bimodal distribution of two haze particle 260 

populations with different sizes. Besides the aggregates as described in scenario (1), we 261 

include a population of small spheres, which are parameterized with two variables, 262 

radius (Rs) and number density (ns). Therefore, six free parameters in total are 263 

considered in the retrieval. After searching for the optimal parameters using MCMC, 264 

vertical profiles of these six parameters are shown in Figure 3, and their PDFs at one of 265 

the altitudes (22.5km) are given in Figure A4. Similar to those in scenario (2), we obtain 266 

a population of ~1μm two-dimensional aggregates with ~20nm monomers across the 267 

entire considered altitude region, as well as a population of spheres with radii of ~80nm. 268 

These two radii in the bimodal distribution are similar to those simulated in Titan’s 269 

atmosphere (Lavvas et al. 2010). Comparison between the modeled observables and 270 

observations (Figure 1) indicates that, under this scenario both the large forward and 271 

backward scattering could be explained, along with the given UV extinction. The two 272 

types of haze particles have comparable UV extinctions, with each dominating one of 273 

the forward and backward scattering in the visible (Figure 2). 274 

6.4 Other scenarios 275 

Seven other particle size distributions were also tested: (4) bimodal distribution of 276 

spheres (particles with Df=3), (5) log-normal distribution of spheres, (6) power-law 277 

distribution of spheres, (7) exponential distribution of spheres, (8) log-normal 278 

distribution of two-dimensional aggregates (particles with Df=2), (9) power-law 279 

distribution of two-dimensional aggregates, and (10) exponential distribution of two-280 

dimensional aggregates. We quantify the goodness of fit using the maximal probability 281 

that can be reached under each scenario as defined in equation (A20). All of the seven 282 

scenarios presented here show goodness of fit far worse than the bimodal distribution 283 

of large aggregates and small particles (Figure A7). 284 

Scenario (4) of a bimodal distribution of spheres contains four free parameters. They 285 

are the sphere radii and the two corresponding number densities. Scenario (5) contains 286 

three free parameters, which are the two parameters defining the log-normal 287 

distribution and the total number density. We include 30 size bins of spheres, covering 288 

a radius range from 1.3nm to 1.0μm. Each bin is assumed to have particles with twice 289 

the mass of the previous, so the ratio of the radii in two consecutive bins is √2
3

. 290 
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Therefore, the number density of particles in each bin is defined as 291 

𝑛𝑖 = 𝑛0(𝐶𝐷𝐹(𝑟2𝑖) − 𝐶𝐷𝐹(𝑟1𝑖))        (𝐴23) 292 

where i is the bin index; r, r1i, r2i are the radii at the bin center and lower and upper 293 

boundary of the i-th bin, respectively; ni is the number density of particles in the i-th 294 

bin; n0 is the total number density. CDF is the cumulative density function, which, for 295 

the log-normal distribution, is defined as 296 

𝐶𝐷𝐹𝐿𝑁(𝑟) =
1

2
+

1

2
 𝑒𝑟𝑓 (

𝑙𝑛 (𝑟)  − 𝜇

√2𝜎
)       (𝐴24) 297 

where r is the particle radius; μ and σ are the mean and standard deviation of the 298 

logarithm of radius, respectively; and erf is the error function. Under this scenario, n0, 299 

μ and σ are the three free parameters. Scenario (6) is the same as scenario (5) except 300 

for the CDF, which is defined as 301 

𝐶𝐷𝐹𝑃𝐿(𝑟) = 1 − 𝑟1−𝑝       (𝐴25) 302 

where p is the power describing how fast the number density decreases with size. As 303 

the CDF is defined using one parameter, this scenario has two free parameters (n0 and 304 

p). Similarly, scenario (7) has a CDF defined as 305 

𝐶𝐷𝐹𝐸𝑥𝑝(𝑟) = 1 − 𝑒−𝛼𝑟       (𝐴26) 306 

where α is the exponent describing the decrease of number density with size. This 307 

scenario also has two free parameters (n0 and α). 308 

Scenarios (8)-(10) are the same as scenarios (5)-(7), respectively, except for the particle 309 
bins. A monomer size (rm) is assumed and fixed during each retrieval, and we tested a 310 

group of retrievals with monomer size from 1nm to 0.1μm. The monomer number ratio 311 

is 2 between consecutive bins, thereby maintaining the mass doubling with successive 312 

bins. As the fractal dimension is fixed to be 2, the effective radius ratio between bins is 313 

√2. The smallest size bin contains 2 monomers, and the largest contains 230, which is 314 

equivalent to an effective radius ~3*105 times that of the monomer. The optimal 315 

monomer sizes to reach the maximal probabilities are 20, 20, and 30nm under the 316 

scenarios (8)-(10), respectively. The comparison of the corresponding goodness of fit 317 

is shown in Figure A7. 318 

6.5 Discussion 319 

Several haze particle size distributions have been proposed and fit to some of the 320 

observations considered in this work. Gladstone et al. (2016) suggested >0.1μm 321 

aggregate particles consisting of ~10nm monomers based on order-of-magnitude 322 

estimations using observations at a few visible wavelengths and phase angles obtained 323 

by LORRI and MVIC. Gao et al. (2017) conducted a microphysical simulation of haze 324 

particle formation and proposed that a log-normal distribution centered at 0.1-0.2μm 325 

can well explain the observed UV extinction measured by Alice. However, Cheng et al. 326 

(2017) found that a single population may not be able to explain the combination of 327 
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observations at visible wavelengths from LORRI and UV extinction from Alice. A log-328 

normal distribution of spherical haze particles centered near 0.5μm together with a 329 

surface albedo of 0.5 can fit the haze phase function in the visible, but the associated 330 

UV extinction is too small, while ~0.15μm aggregates explain the UV extinction well 331 

but underestimate the backscattering. Kutsop et al. (2021) conducted a more detailed 332 

retrieval and were able to simultaneously explain the Alice UV extinction data and 333 

MVIC observations at three of the color filters and at seven phase angles across a much 334 

greater altitude range (0-500km) but at lower altitude resolution than in our work. 335 

However, they were unable to differentiate between bimodal and power-law haze 336 

particle size distributions. 337 

In addition to observations in the UV and visible, scattering spectra of Pluto’s haze was 338 

also observed in the IR by LEISA, which was not included in the aforementioned works. 339 

Here we discuss how consideration of LEISA data addresses the degeneracy in haze 340 

size distributions. Figure A8 shows the scattering intensities of two-dimensional 341 

aggregates and three-dimensional spheres in the visible (LORRI) and IR (LEISA) with 342 

unit UV extinction (Alice), assuming tholin refractive indices. The monomer radius in 343 

the aggregates is assumed to be our retrieved value of 20nm. The ratio of scattering 344 
intensity in the visible to the UV extinction for aggregates (Figure A8a) shows that 345 

large aggregates (>0.5μm) can reasonably explain the observed forward scattering, but 346 

also that aggregates of all sizes underestimate the backscattering. This is consistent with 347 

Cheng et al. (2017) and also our Scenario (1) and indicates that no distribution of two-348 

dimensional aggregates is sufficient to explain the observed backscattering. In our 349 

bimodal distribution, the sizes of the large aggregates are mainly constrained by 350 

forward scattering and especially the IR spectra, as forward scattering at longer 351 

wavelengths is overwhelmingly determined by the larger-size population (Figure A8c). 352 

Aggregates with ~1μm radius are the best fit to the IR data, while the contribution from 353 

small particles is negligible.  354 

The scattering phase functions of spheres are more symmetric than aggregates with the 355 

same radii, and less asymmetric than those observed (Figure A8b). Therefore, though 356 

the large forward scattering of Pluto’s haze is unlikely to be due to spheres, they can 357 

provide sufficient backscattering in the visible for a given UV extinction due to their 358 

small cross sections (Figure A8b). As such, the particle sizes of the small-spheres 359 

population in our bimodal distribution are primarily constrained by the backscattering 360 

observations.  Here, the IR data is able to rule out different spheres-only size 361 

distributions (i.e., Scenarios (5)-(7)), as the slope of the ratio of IR scattering intensity 362 

to the UV extinction for spheres as a function of wavelength are all steeper than the 363 

observations (Figure A8d). Therefore, we are able to break the degeneracy of different 364 

size distributions found by Kutsop et al. (2021). 365 

In summary, due to the weak backscattering of two-dimensional aggregates and steeper 366 

IR forward scattering spectra of three-dimensional spheres, the observed optical 367 

properties of Pluto’s haze cannot be explained by either one of these populations alone, 368 

even with non-monodispersed distributions. A bimodal distribution of aggregates and 369 

spheres is necessary. It is possible and physically reasonable that the aggregates and 370 

spheres have their respective size distributions centered at our retrieved radii, but our 371 

results show that a combination of monodispersed aggregates and monodispersed 372 

spheres is sufficient for interpreting currently available observations.  373 
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7. Test of refractive index 374 

As the temperature drops rapidly in Pluto’s lower atmosphere from >100K at 25-50km 375 

to ~40K near the surface (Young et al. 2018), organic ice is expected to form (Lavvas 376 

et al. 2021), which may influence the scattering cross section at visible wavelengths. 377 

Laboratory measurements of CH4 and C2H4 ices at 633nm (Satorre et al. 2017), which 378 

is similar to the wavelength of LORRI (608nm), suggest that organic ices have typical 379 

real refractive indices near 1.5 at temperatures between 40-65K. In comparison, the real 380 

refractive index of Titan “tholins”, the haze material assumed in this work, is around 381 

1.7. Also, due to the slightly higher CO mixing ratio in Pluto’s atmosphere compared 382 

to Titan, Pluto’s haze may contain more oxygen atoms than “tholins”. Jovanović et al. 383 

(2021) found through making laboratory analogues of Pluto’s haze that, while the real 384 

refractive index is not very different from tholins, differences in the imaginary 385 

refractive index led to greater absorption in the visible and IR. These differences in the 386 

optical properties of haze particles influence the retrieved haze morphology. To address 387 

this issue, we conducted a sensitivity test by varying the haze refractive index (Figure 388 

A9). We change one of the real or imaginary parts of the refractive index and derive 389 

the corresponding changes in UV extinction cross section and visible scattering 390 
properties. For these tests we consider 1μm aggregates with 20nm monomers, the same 391 

as in our retrieval. Our results show that the scattering phase function is not sensitive 392 

to the change in refractive indices at all, which is due to the large particle size compared 393 

to the observation wavelengths. The scattering cross section is also largely insensitive 394 

to the imaginary refractive index, such that the greater absorption at visible and IR 395 

wavelengths due to the different haze compositions (Jovanović et al. 2021) should not 396 

influence the observed scattering quantities. A decrease in the real refractive index due 397 

to e.g. organic ice coatings results in both smaller extinction and scattering cross 398 

sections, as well as a smaller ratio of the scattering cross section in the visible to the 399 

extinction cross section in the UV, the quantities shown in Figures A8a and A8b. 400 

Therefore, the underestimation of backscattering in the visible is larger if “tholin” 401 

materials are substituted by CH4 or C2H4 ice, which is likely true for other organic ices, 402 

reinforcing the need for a population of small spherical particles. 403 

Although the uncertainty in the optical properties of Pluto’s haze does not influence our 404 

interpretation of the bimodal distribution for haze morphology, the lack of laboratory 405 

measurements of Pluto haze analogs contributes to the difficulty in estimating Pluto’s 406 

energy budget. If the haze were more absorbing at visible and IR wavelengths 407 

(Jovanović et al. 2021), how it influences heating and cooling rates in Pluto’s 408 

atmosphere could differ from previous estimates (Zhang et al. 2017). Moreover, ice 409 

condensation may introduce a completely different set of radiative transfer processes. 410 

As such, uncertainties in the haze composition and optical properties are now the 411 

bottlenecks for further improvements to models, with laboratory experiments that can 412 

measure both quantities being increasingly necessary if we want to further our 413 

understanding of Pluto’s haze.  414 

  415 
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416 
Figure A1. MVIC observations of Charon and Pluto. The images are taken at 417 

mission elapsed time (MET) of 0299162512, 0299178092, and 0299193157. Images at 418 

different wavelength channels are presented in each row, while the columns are for 419 

different targets and phase angles. Red and blue dashed circles denote the prediction of 420 

target locations using navigation data and those derived by fitting the edge of targets 421 

using the green dots, respectively. The magenta curved boxes show the regions which 422 

are used for data analysis, presented in Figure A2. The yellow and white arrows denote 423 

the direction of the Sun and Pluto’s north, respectively. 424 

  425 



13 

 

426 
Figure A2. I/F profiles derived using MVIC images. The profiles are plotted as a 427 

function of pixel distance above the limb. The sequence of the panels is the same as 428 

Figure A1. Observed values are denoted as colored dots, and the vertical solid grey 429 

lines show the locations of target limbs. Moving averages of observations of Charon 430 

are shown as colored solid lines in (a), and used for stray light correction shown as 431 

black dashed lines in (b) and (c). Binned observations of Pluto are denoted as black dots 432 

and solid lines in (b)-(d). A black bar showing the scale of 10km is at the lower left 433 

corner of each column. 434 

  435 
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436 
Figure A3. Illustration of fractal aggregate morphology. Aggregates are shown with 437 

fractal dimensions (Df) of 1.8, 2.0, 2.2 and 2.4 (from left to right). The aggregates 438 

contain 1000 monomers each.  439 

  440 
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441 
Figure A4. Example of retrieval results. Retrieved probability density functions 442 

(PDFs) of the six free parameters and their joint distributions at 22.5km are shown for 443 

the scenario of the bimodal distribution of aggregates and spheres. The best fit values 444 

are denoted as solid black lines. 445 

  446 
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447 
Figure A5. Retrieved profiles of haze parameters. Same as Figure 3, but for the 448 

scenario of the monodispersed fractal aggregates constrained using all observations 449 

(orange) and forward scattering only (blue). 450 

  451 
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452 
Figure A6. I/F of secondary scattering. The scattering intensity by Pluto’s surface 453 

and then by haze particles is integrated along the line-of-sight (LOS) at an altitude of 454 

7.5km under assumptions of surface material single scattering albedos of 0.0 (black), 455 

0.5 (blue), 0.9 (red), 0.95 (green), 0.99 (yellow), and 1.0 (magenta). 456 

  457 
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458 
Figure A7. Comparison of the goodness of fit of the scenarios. The goodness of fit 459 

is quantified by the negative of the natural logarithm of the posterior probability. The 460 

scenarios considered are: bimodal distribution of spheres (black dashed line), log-461 

normal distribution of spheres (blue dashed line), power-law distribution of spheres 462 

(red dashed line), exponential distribution of spheres (green dashed line), bimodal 463 

distribution of aggregates and spheres (preferred scenario, black solid line), log-normal 464 

distribution of aggregates (blue solid line), power-law distribution of aggregates (red 465 

solid line), and exponential distribution of aggregates (green solid line). 466 

  467 
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468 
Figure A8. Ratio of haze optical properties at different wavelengths. (a) Simulated 469 

ratio of local scattering intensity as a function of phase angles at 0.608μm to UV 470 

extinction at 0.185μm of two-dimensional aggregates (color curves) compared to the 471 

observed ratio of LORRI and Alice data at altitudes of 5-50km (black dots). (b) Same 472 

as (a) but for three-dimensional spheres. (c) Simulated ratio of the local scattering 473 

intensity spectrum at wavelengths of 1.235-2.435μm at a phase angle of 169.0° to UV 474 

extinction at 0.185μm (color curves) compared to the observed ratio of the LEISA 475 

spectrum to the Alice data (black dots). (d) Same as (c) but for three-dimensional 476 

spheres.  477 

  478 
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479 
Figure A9. Optical properties of aggregate haze particles with different refractive 480 

indices. (a) UV (0.185μm) extinction cross section of haze particles with a varying real 481 

(Nr) refractive index and fixed imaginary (Ni) refractive index. The particles are 482 

assumed to be two-dimensional 1μm aggregates consisting of 20nm monomers. The 483 

imaginary refractive index is fixed to that of “tholins” (Khare et al. 1984). The real 484 

refractive index of “tholin” and corresponding UV cross section, which are the same as 485 

those used in the retrieval, are denoted as the vertical and horizontal dashed line, 486 

respectively. (b) Same as (a), but with a varying imaginary refractive index and fixed 487 

real refractive index. (c), (d) same as (a) and (b) but for the visible (0.608μm) scattering 488 

cross section, respectively. (e) Scattering phase functions of haze particles with a 489 

varying real refractive index and fixed imaginary refractive index. The curves overlap 490 

each other. (f) Same as (e), but for a varying imaginary refractive index and fixed real 491 

refractive index. 492 

  493 
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