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Abstract 

 

Light-dependent resistors are an inexpensive means to measure light intensity as a function of incidence an-

gle.  Also known as photocells, these sensors have a long history of use in terrestrial applications such as auto-

matic control of street lights.  Since their output varies with incidence angle, they may also be used to measure a 

body’s orientation with respect to a light source.  This property, with their low cost and simplicity, makes them 

attractive candidates for use on small satellites.  However, with low cost comes an increased need for calibra-

tion accuracy and computational rigor.  This paper seeks to apply calibration and computational rigor to the use 

of photocells on small satellites by implementing such a system on the Air Force Academy’s EyasSat3 class-

room satellite demonstrator, which has photocells on all sides.  Five algorithms for determining single-axis atti-

tude are explained and compared. These algorithms include a sinusoidal curve fit, a tangent fit, as well as meth-

ods that use least-squares linear regression to reduce calibration error. The algorithms are applied to experi-

mental data using the EyasSat3, resulting in single-axis attitude estimation error ranging from 1.8 to 3.5. 

 

1. Introduction 

 

From the dawn of civilization, man has optimized 

his means to travel from place to place in a given 

medium.  Whether building sleds or rafts to transit 

snow-covered or water-borne areas, or avoiding ob-

stacles with wheeled vehicles, estimating one’s posi-

 

tion and orientation has been critical for gathering 

food, killing game, exploring the countryside, or oth-

erwise transporting oneself.  For centuries, to achieve 

such mobility, people have relied on rotational and 

transitional position estimates through human senses 

coupled with evolving travel modes, from camels and 

horses in ancient times, to automobiles and sea-faring 
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vessels after the Industrial Revolution, to submersi-

bles and spacecraft in the Space Age. Modern appli-

cations include autonomous land, air, sea, and space-

borne vehicles, which leverage feedback control sys-

tems to do the difficult task of taking desired input 

and producing targeted output, controlling feedback 

error, and relying on effective sensing.  In fact, the 

complexity and accuracy of such sensing equipment 

have evolved drastically since that time. 

In spacecraft applications, this concept is inherent 

to determining the system’s attitude via its Attitude 

Determination and Control Subsystem (ADCS).  

Primary common space attitude references include 

the earth (magnetometers and horizon sensors), the 

sun (photo-diode-based sun sensors, photo voltaic 

array solar panel currents, and photo-resistors), stars 

(star cameras and star trackers), and intrinsic inertial 

systems (mechanical and ring-laser gyroscopes, iner-

tial measurement units, and rate sensors).  Perhaps 

the most common attitude determination systems use 

sun sensors, due to a long heritage of photo-sensor 

hardware development and relatively easy access to 

on-orbit solar light.  As addressed by Hall, the com-

monly used combined suite of sun sensors plus mag-

netometers achieves attitude estimation accuracy 

ranging from 1 – 5 (Hall, 2003). 

Photo sensitive devices, including solar cell pho-

tovoltaics, photodiodes, and light dependent resistors 

(a.k.a. “photocells”), which all rely on converting 

light energy into electrical signals, have a rich history 

dating back to Becquerel’s 1839 photo-voltaic work 

and evolving through Smith, Fritts, and Hertz’ efforts 

in the 1870s to early 1900s (Becquerel, 1839; Smith, 

1873; Fritts, 1883; Hertz, 1887; and Khan, 2004).  

Due to response variability and other design factors, 

photocells, the least expensive of these devices, 

found function in terrestrial street lights and warning 

beacons, growing into prevalence during the energy 

crisis of the 1970s (DOE; Adafruit; and Ladyada). 

The aforementioned space age engendered the 

birth of satellites, small in stature at first, but growing 

to large behemoths for such missions as televi-

sion/communications, hardened military command 

and control networks, and missile warning (DOE).  

Essentially all satellites since the late 1950s have 

used photovoltaic arrays for primary power and pho-

todiode-based sun sensors in attitude determination 

suites (DOE).  As technology has matured, satellite 

components have miniaturized, but mission require-

ments have become more demanding.  This means 

that more is expected in smaller packages, a push that 

grew out of universities such as the University of 

Surrey in Guildford, UK, which launched wildly suc-

cesful low-cost, COTS-based systems, such as 

UoSat-1, UoSat-2, and its Disaster Monitoring Con-

stellation. Adding to these small satellite successes, 

development of the CubeSat standard, led by Dr. Bob 

Twiggs in the late 1990s/early 2000s, also drove 

many satellite efforts to reduce satellite size, weight, 

and power while maintaining capability.  Another 

key microsatellite development that occurred in par-

allel with CubeSat development was that of the 

USAF Academy’s EyasSat system (Ritchey, 2004).  

EyasSat is a low-cost classroom demonstrator satel-

lite developed to teach USAFA cadets to “learn space 

by doing space,” by applying systems engineering 

design principles to satellites to join the USAF’s 

“space cadre.”  In fact, the National Security Space 

Institute’s Space 200 class helps teach space industry 

officers and mid-level professionals the ins and outs 

of satellite systems via EyasSat demonstrations 

(NSSI).  The near future points to continuing this 

trend (Shiroma, 2011).  In fact, several new countries 

have entered the space-faring fray, formerly reserved 

for a handful of countries (Hardwood). 

Meanwhile, with photosensitive devices being 

commonplace for attitude determination, algorithms 

to match these approaches are in demand.  Most pre-

vious algorithms have focused on photodiode-based 

sun sensors (Wertz, 2002; Shafer, 2008; and Lee, 

2009).  However, more ADCS algorithms are being 

used for photocell employment and also for photovol-

taics doubling as small satellite sensors (Farhat, 

2003; Shafer, 2008; and Martnez).  Some realistic 

algorithm approaches, including photocell pyramid, 

quadrant photodiode, pinholes and lenses, CMOS 

sensors, and position-sensitive devices, which all 

seek to “centroid” the result, thus requiring more 

computation, have arisen from current CubeSat pho-

tosensitive options (Shafer, 2008 and Lee, 2009).  

Given the push for highly capable CubeSats to be 

available cheaply, and the fact that accurate pointing 



Photocells for Small Satellite, Single-axis Attitude Determination 

 Copyright © A. Deepak Publishing. All rights reserved. 

 
JoSS, Vol. 4, No. 1, p. 287 

functions are critical to meet this need, it is impera-

tive the right sensor system is used. Even for small 

satellites, photodiode-based sun sensors are in the 

range of $10k–$20k, whereas photocell solutions are 

a fraction of the cost at $1–$2 each (Adafruit).  

Hence, there is a need to adequately investigate atti-

tude determination algorithms for using photocells in 

CubeSat applications.  Fundamentally, photocells are 

cheaper, but they require more robust computation to 

be on par with their photodiode brethren.  In fact, 

preliminary work by Ritchey et al. on EyasSat 

demonstrated the use of simple photocells for mi-

crosatellite-class systems in 2004, albeit with key 

limitations in size and performance (+/– 90°  

accuracy). 

This paper compares and contrasts several atti-

tude determination algorithm approaches using pho-

tocells.  To achieve this goal, the rest of the paper is 

organized as follows:  Section 2 identifies the math 

techniques associated with five underlying algorithms 

investigated, defining how to scale the sensor meas-

urements, as well as how to use them in algorithm 

computation.  Section 3 presents the applied testing 

approach, heavily leveraging the work of Ritchey et 

al.  Section 4 presents estimated slew angles and as-

sociated error for each algorithm based on a common 

measurement data set, and Section 5 compares and 

contrasts these results. Finally, Section 6 summarizes 

this effort’s key conclusions. 

2. Math Techniques 

 

To use photocell sensors (such as those shown in 

Figure 1) to determine satellite attitude, one must first 

define a reference frame for the sensors’ geometric 

orientation with respect to a light source.  Next, pre-

liminary governing equations are identified which 

relate sensor measurement to body attitude with re-

spect to a light source. Finally, different solution al-

gorithms can be applied to estimate body attitude 

from light intensity measurements, and the results 

can be used to evaluate the performance of each algo-

rithm against the test data to determine suitability for 

in-situ space employment.  This work starts with a 

description of the basic attitude determination con-

figuration. 

 

2.1. Light Source to Photocell Geometry 

Figure 2 illustrates the basic geometry and asso-

ciated parameters for a small satellite equipped with 

photocell sensors on its six contiguous faces in rela-

tion to a dominant light source.  Next, assume the 

satellite is rotated about a single axis, in this case the 

Z axis.  Then, each of its faces lie long the X and Y 

axes, respectively.  In this figure, the faces are la-

beled “Xp” (for the +X axis), “Yp” (+Y), “Xn” (–X), 

and “Yn” (–Y).  Each face’s sensor, then, outputs a 

digitized resistance value in computer “counts” in-

  

(a) (b) 

Figure 1. Typical photocell construction (a) and response curves (b) (Adafruit). 
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versely proportional to the intensity of light on that 

sensor, which is itself a function of the sensor inci-

dence angle.  For example, the Xp sensor measures 

light resistance based on its local incidence angle, 

𝛼𝑥𝑝
, and the total satellite slew angle, 𝜃, is measured 

about the rotation axis (the Z axis, in this case).  Us-

ing this geometry, the five ensuing algorithms will 

capture different approaches for estimating the slew 

angle 𝜃 based on the angle measurements at Xp, Yp, 

Xn, and Yn.  Later, the results will be compared to 

the true slew angle, 𝜃𝑡𝑟𝑢𝑡ℎ. 

 

2.2. Preliminary Computations: Shifting and  

Scaling 

Having defined the underlying geometry, the next 

step is to describe the data reduction process used to 

prepare the data before the angle estimation algo-

rithms are applied.  Each sensor produces a 10-bit 

digitized measurement from 0 to 1023, with lower 

resistance values (fewer counts) corresponding to 

higher light intensity.  Since the algorithms described 

below begin with a trigonometric curve-fit, it is de-

sired to scale the data to the –1 to +1 function range.  

To eliminate differences in sensor response, each set 

of sensor data is shifted and scaled as follows.  First, 

the sensor response for each sensor over all angles is 

placed in a measurement column matrix, 𝑚̅.  The 

midpoint for each sensor data set ( ) is then calculat-

ed as shown in Eqn. 1.   

Next, the scale factor (h) for each sensor is calcu-

lated using Eqn. 2.  Finally, the data for each sensor 

is scaled and shifted to the desired range (–1 to +1) 

using Eqn. 3, producing a processed data set 𝑡̅ for 

each sensor.  Once determined, the values of  and h 

for each sensor are assumed to remain constant as 

long as the light source intensity (and distance) re-

mains unchanged.   

 

𝛿 =
min(𝑚̅) + max (𝑚̅)

2
                                                         (1) 

ℎ = max(𝑚̅) − 𝛿                                                                      (2) 

𝑡𝑖̅ =
𝑚̅𝑖 − 𝛿

ℎ
, 𝑖 = 1,2, ⋯ , # 𝑜𝑓 𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑚𝑒𝑛𝑡𝑠      (3) 

The above process can then be applied to all data 

collected from the sensors prior to applying the atti-

tude estimation algorithms described on the follow-

ing page.  Figure 3 shows an example of the raw data 

collected for all four photocell sensors (Xp, Yp, Xn, 

Yn), and the result of processing the data as de-

scribed above.   

  
Figure 2.  Side and top views for photocell single-axis measurement geometry. 
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2.3. Algorithm #1 

Algorithm #1 uses a trigonometric function, 

𝑓(𝜃𝑡𝑟𝑢𝑡ℎ), to fit to each sensor’s scaled measurement, 

𝑡𝑖, as given by Eqn. 4.  This yields an initial guess for 

𝜃𝑡𝑟𝑢𝑡ℎ for each sensor, 𝜃𝑖: 

 
𝜃̂𝑖 = 𝑓𝑖

−1(𝑡𝑖)                                         (4) 

Figure 4 shows an example of sensor measure-

ments 𝑡𝑖 versus 𝜃𝑖 plotted along with 𝑓𝑖(𝜃𝑡𝑟𝑢𝑡ℎ) ver-

sus 𝜃𝑡𝑟𝑢𝑡ℎ.  In this case, the following functions are 

used for 𝑓𝑖(𝜃𝑡𝑟𝑢𝑡ℎ): 

 

𝑓1(𝜃) = −cos𝜃  ;   𝑓2(𝜃) = −sin 𝜃  ;   𝑓3(𝜃) = cos 𝜃 ;   𝑓4(𝜃) =

sin 𝜃    (5) 

 

Using the sensor measurements to estimate the 

individual panel angles 𝜃𝑖, the equations become: 

 
𝜃̂1 = 𝑓1

−1(𝑡1) = −cos−1(𝑡1)                    (6a) 

𝜃̂2 = 𝑓2
−1(𝑡2) = −sin−1(𝑡2)                       (6b) 

𝜃̂3 = 𝑓3
−1(𝑡3) = cos−1(𝑡3)                          (6c) 

𝜃̂4 = 𝑓4
−1(𝑡4) = sin−1(𝑡4)                           (6d) 

These inverse trigonometric functions (i.e. for co-

sine and sine) range from 0 to 𝜋 for cosine and 

−𝜋 2 ⁄  to 𝜋 2 ⁄  for sine, and in each case a quadrant 

check must also be used to resolve ambiguity.  Com-

bining these ideas, the following functions (Eqns. 7a 

to 7d) were used to convert 𝜃𝑖 results to the proper 0 

to 2𝜋 interval, given as 𝜃̅𝑖: 

 

𝜃̅1 = 𝜃̂1 𝑓𝑜𝑟 (𝑡4 ≥ 𝑡2 )    𝑒𝑙𝑠𝑒    𝜃̅1 = (2𝜋 − 𝜃̂1)             (7a) 

𝐹𝑜𝑟 (𝜃̂2 ≥ 0):   𝜃̅2 = 𝜃̂2 𝑓𝑜𝑟 (𝑡1 ≥ 0 )   𝑒𝑙𝑠𝑒    𝜃̅2 = (𝜋 − 𝜃̂2) 

𝐹𝑜𝑟 (𝜃̂2 < 0):    𝜃̅2 =  (𝜋 − 𝜃̂2) 𝑓𝑜𝑟 (𝑡1 < 0 )   𝑒𝑙𝑠𝑒    𝜃̅2 =

(2𝜋 − 𝜃̂2)      (7b) 

𝜃̅3 = 𝜃̂3 𝑓𝑜𝑟 (𝑡2 ≤ 𝑡4 )    𝑒𝑙𝑠𝑒    𝜃̅3 = (2𝜋 − 𝜃̂3)               (7c) 

𝐹𝑜𝑟 (𝜃̂4 ≥ 0):     𝜃̅4 = 𝜃̂4 𝑓𝑜𝑟 (𝑡3 ≥ 0 )    𝑒𝑙𝑠𝑒     𝜃̅4 = (𝜋 − 𝜃̂4) 

𝐹𝑜𝑟 (𝜃̂4 < 0):     𝜃̅4 = (𝜋 − 𝜃̂4) 𝑓𝑜𝑟 (𝑡3 < 0 )    𝑒𝑙𝑠𝑒    𝜃̅4 =

(2𝜋 − 𝜃̂4)     (7d) 

 

In this manner, the values of the sensors on other 

side panels are used to check that a given sensor’s 

estimate lies in the correct quadrant, resulting in four 

estimates for the slew angle that lie in the interval 0 

to 2𝜋.  Once the individual estimates are computed, 

the lit sides are used to determine the best estimated 

 
(a) (b) 

Figure 3. From left: (a) raw measurements vs. sensor slew angle, (b) scaled measurements vs. slew angle. 
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slew angle.  This is accomplished by merging calibra-

tion data from opposite panels into sets 𝜃𝑎 and 𝜃𝑏.  If 

only one side is lit, 𝜃𝑎 or 𝜃𝑏 is used for the estimate. 

If two side panels are lit, the estimate is found using 

the (𝜃𝑎 , 𝜃𝑏) average per Eqn. 8: 

 

𝜃̅𝑒𝑠𝑡1 =
𝜃̅𝑎+𝜃̅𝑏

2
                                                (8) 

This resulting angle, 𝜃̅𝑒𝑠𝑡1, for Algorithm #1 is 

comparable to the true slew angle, 𝜃𝑡𝑟𝑢𝑡ℎ.  

 

2.4. Algorithm #2 

Algorithm #2, similar to that in Shafer et al., lev-

erages the geometry of the previous 𝑓𝑖(𝜃) versus 

𝑡𝑖 curves, yielding a direct relationship of scaled 

measurement counts to estimated vehicle slew angle: 

 
𝑓4(𝜃)−𝑓2(𝜃)

𝑓3(𝜃)−𝑓1(𝜃)
=

sin 𝜃−(−sin 𝜃)

cos 𝜃−(− cos 𝜃)
=

2 sin 𝜃

2cos 𝜃
=

sin 𝜃

cos 𝜃
= tan 𝜃          (9) 

Since most computer calculation packages (e.g., 

MATLAB or Microsoft Excel) have an available 

“atan2” function that incorporates a quadrant check 

directly, this function is essentially self-contained, 

with one caveat.  The domain for atan2 is –𝜋 to +𝜋; 

thus to get a value from 0 to 2𝜋, one must add 𝜋 to 

the result.  Eqn. 10 enables one to obtain an estimate 

for the slew angle directly: 

 

𝜃̅𝑒𝑠𝑡2 = tan−1 (
𝑡4−𝑡2

𝑡3−𝑡1
) − 𝜋                            (10) 

Similarly to Algorithm #1, the estimated angle, 𝜃̅𝑒𝑠𝑡2, 
for Algorithm #2 is compared to true slew angle in 

Section 5. 

Setting the stage for the next algorithm, a least-

squares linear regression analysis was performed on 

the total slew angle estimates for Algorithm #2.  This 

produces a correction that uses a set of calibration 

measurements taken at fixed intervals around a full 

circle to improve the estimate produced by Algorithm 

#2.  The linear regression correction is governed by 

the following equations: 

 

𝑥𝑖 =
𝜃𝑡𝑟𝑢𝑡ℎ_𝑖

Δ𝜃𝑡𝑟𝑢𝑡ℎ

    ;       𝑦𝑖 = 𝜃̅𝑒𝑠𝑡2_𝑖                (11a), (11b) 

𝑥̅ = 
∑ 𝑥𝑖

𝑛
𝑖=1

𝑛
    ;     𝑦̅ = 

∑ 𝑦𝑖
𝑛
𝑖=1

𝑛
                     (11c), (11d) 

𝛽 =
∑ (𝑥𝑖−𝑥̅) ∑ (𝑦𝑖−𝑦̅)𝑁

𝑖=1
𝑁
𝑖=1

∑ (𝑥𝑖−𝑥̅)𝑁
𝑖=1

2   ;   𝛼 = 𝑦̅ − 𝛽𝑥̅             (11e), (11f) 

𝑦𝑙𝑖𝑛_𝑟𝑒𝑔𝑟𝑒𝑠𝑠 = 𝛼 + 𝛽𝑥𝑖                            (11g) 

 

Figure 4. Example data set showing the relationship between the sensor panel angle and the Algorithm #1 trigonometric curve fit. 
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Where  Δ𝜃𝑡𝑟𝑢𝑡ℎ is the true slew angle interval size 

for calibration measurements along a circle (+10° for 

the cases shown in Section 5).  In Eqn. 11, 𝑥𝑖 and 𝑦𝑖 

are the coordinates of the measurements when plotted 

on a graph of calibration angle 𝜃𝑡𝑟𝑢𝑡ℎ_𝑖 versus esti-

mate 𝜃̅𝑒𝑠𝑡2_𝑖 .  Also, α and β are constants, and 𝑥̅ and 

𝑦̅ are the means of 𝑥𝑖 and 𝑦𝑖, respectively.  Figure 5 

shows how Eqns. 11a–11g are applied to an example 

data set.  Once the linear regression line is calculated, 

slew angle estimates can be corrected by subtracting 

the offset of the linear regression line at that angle 

from the line through the calibration set.  Realizing 

that the difference between the regression line and 

the true slew angle line represents the algorithm’s 

error, one can further refine this correction by divid-

ing the linear regression into smaller pieces.  This 

piecewise linear regression approach is applied next. 

 

2.5. Algorithm #3 

Algorithm #3 applies the aforementioned piece-

wise linear regression fit to improve Algorithm #2’s 

accuracy.  In other words, one estimates the slew an-

gle via the inverse tangent method in Algorithm #2, 

and refines it via a piecewise linear regression pro-

cess, fitting calibration curves over different inter-

vals.  Eqns. 10 and 11a–11g are key to this method.  

The results are illustrated in Figure 6.  The associated 

estimated error improvements are discussed in Sec-

tion 5. 

 

2.6. Algorithms #4 and #5 

Similar to the way Algorithms #2 and #3 apply 

linear regression to calibrate results, Algorithms #4 

and #5 apply the same approach to calibrate the Al-

gorithm #1 results.  More specifically, Algorithm #4 

calibrates the sets 𝜃𝑎 and 𝜃𝑏 individually using linear 

regression, and then combines them to get 𝜃̅𝑒𝑠𝑡4, 

whereas Algorithm #5 calibrates the sets 𝜃𝑎 and 𝜃𝑏 

using piecewise linear regression and then combines 

them to get 𝜃̅𝑒𝑠𝑡5.  Results of applying Algorithms #4 

and #5 are presented in Section 5. 

 

3. Experiment Configuration 

 

The U.S. Air Force Academy’s EyasSat3 educa-

tional satellite demonstrator consists of a 3U CubeSat 

and a “hamster ball” spherical air-bearing test appa-

ratus for demonstrating three-dimensional satellite 

attitude determination and control in the classroom.  

This system is the next evolution of the well-known 

 

Figure 5. Algorithm #2 Tangent fit with least-squares linear regression correction as applied to sensor Xp. 
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EyasSat program with added capabilities (Sellers et 

al., 2013).  Prior to employing the system in a three-

dimensional rotational testbed, it was first necessary 

to assess its single-axis performance in a single-axis 

laboratory test using the methods described in Sec-

tion 2.  The test was formulated, developed, execut-

ed, and analyzed in order to demonstrate the efficacy 

and effectiveness of the five algorithms described 

above. The following discussion, which highlights 

key test aspects, begins by describing the satellite ge-

ometry, per side photo resistor configuration, and ad-

ditional test configuration hardware and software. 

Test results follow in Section 4, with analysis in Sec-

tion 5. 

 

3.1. Sensor Location, Operation, and Data  

Collection 

EyasSat3 employs Light Dependent Resistor 

(LDR) photocells on each side of the bus, as shown 

in Figure 7.  Each sensor collects incident light fall-

ing on its surface, which affects the resistance 

through the photocell.  The resistance of each photo-

cell is measured via voltage drop using an analogue 

to digital (AD) converter.  The AD converter output  

is in measurement counts, with lower numbers indi-

cating lower resistance due to higher incident light 

falling on a particular sensor.  These measurements 

are then calibrated and combined using the methods 

described in Section 2 to determine three-

dimensional orientation with respect to a light source. 

 

  

(a) (b) 

Figure 7. The EyasSat3 bus (a) has a photocell (b) on each face. 

 
Figure 6. Algorithm #3 Tangent fit with piecewise least-squares linear regression calibration for sensor Xp. 
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3.2. Experiment Configuration and Logic Flow 

The test configuration shown in Figure 8 shows 

the EyasSat3 positioned on a table at a fixed distance 

from a light source.  The EyasSat3 is positioned with 

respect to a set of reference angles so that the true 

slew angle with respect to the light source (𝜃𝑡𝑟𝑢𝑡ℎ) 

can be recorded with each sensor measurement. The 

photocells are located on each face according to the 

illustration in Figure 2, with individual sensor-based 

rotation angles (𝜃1, 𝜃2, 𝜃3, 𝜃4), and total vehicle slew 

angle, 𝜃 = 𝜃𝑡𝑟𝑢𝑡ℎ.  Figure 8 shows the test hardware 

in action, with the halogen light shining on EyasSat3 

in front of a dark background to reduce stray light. 

This test configuration was not only used to calibrate 

each individual sensor, but it also helped demonstrate 

the true single-axis slew angle estimation algorithms 

presented in Section 2. 

 

3.3. Photocell Sensor Response 

To understand the error associated with the low-

cost photocell sensors, an analysis was done for all of 

the photocells on the EyasSat3.  The output from each  

photocell was recorded at incidence angles from –

90 to +90 at 10 intervals.  At each angle, the out-

put was recorded thirty times, and the average and 

standard deviation were calculated.  As seen in Fig-

ure 9, the sensors have similar response curves, but 

each has a unique scale factor.  Calculating the scale 

factor using the technique described in Section 2.2 

via Eqns. 1–3 allows the sensors to be compared us-

ing the same trigonometric function.  Experimental 

results show that the photocell standard deviation 

varies with incident light, as shown in Figure 10, with 

an average standard deviation of 0.54 measurement 

counts.  The maximum standard deviation observed 

was 1.07 counts at the maximum incidence angle, 

while the minimum standard deviation of 0.25 counts 

occurred near an incidence angle of 0.  This means 

that the sensors are most precise near the flattest part 

of the incident light response curve, where the light 

intensity is the brightest. 

 

4. Measurement Results and Data Reduction 

 

Data collected during the tests described in Sec-

tion 3 and processed through the algorithms defined 

in Section 2 are summarized in Table 1.  This data 

includes the estimated slew angle (𝜃𝑒𝑠𝑡) for each 

method, the true slew angle (𝜃𝑡𝑟𝑢𝑡ℎ), as well as the 

angular error, calculated by |𝜃𝑡𝑟𝑢𝑡ℎ − 𝜃𝑒𝑠𝑡|. 
To compare the different algorithms as discussed 

in Section 5, one must first understand how each slew 

angle estimate was computed in light of Section 2’s 

 

Figure 8. EyasSat3 test setup. 
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algorithms.  The methods to estimate slew angle for 

Algorithm #1, which uses the combined opposite 

panel curve fit, and Algorithm #2, which uses the 

tangent fit with linear regression, are straightforward 

for the methods presented in Section 2.  However, for 

the other three methods, one must understand how 

these estimates are derived; in the cases of Piecewise 

Linear Regression (Algorithms #3 and #5), it is im-

portant to understand how the resulting estimates 

were found from overlapping end points from each 

interval.  For the latter part, the steps were to obtain 

estimates at each interval end point; where end points 

overlapped between intervals, these estimates were 

averaged to avoid dominance of the end point sets 

(since each true slew angle tested was spaced out in 

10° increments).  Hence, the real question is how one 

estimates rotation angles from linear regression re-

sults.  Given the α and β values for each regression 

interval, the estimated value for a given linear regres-

sion interval is: 

𝜃𝑒𝑠𝑡𝑎:𝑏
= 𝛼 +

𝛽(𝜃𝑡𝑟𝑢𝑡ℎ𝑎:𝑏
+10°)

10°
                        (13) 

where a is the lower index and b is the upper index 

for the slew angle interval used.  The constants α and 

β come from the fit approach presented earlier.  Once 

these estimates are made, the previously explained 

averages are used. 

Table 1 includes the true slew angles, each meth-

od’s estimated angular values, and the associated 

 

Figure 10. The standard deviation for the photocells varies by incident light intensity. 

 

Figure 9. The photocell response curve as a function of light incidence 

angle.  Note that lower counts correspond to higher light intensity. 



Photocells for Small Satellite, Single-axis Attitude Determination 

 Copyright © A. Deepak Publishing. All rights reserved. 

 
JoSS, Vol. 4, No. 1, p. 295 

error. Table 2 shows each algorithm’s average error 

and associated standard deviation.  Taken together, 

both Tables provide valuable data for further analy-

sis, as presented in the following text. 

 

5. Discussion and Analysis 

 

When one compares Section 4’s results, especial-

ly the Table 2 algorithm error, it is clear that Algo-

rithm #2 is the most accurate (with 1.80° average er-

ror and 1.04° standard deviation), and that Algorithm 

#1 is the least accurate (with 3.54° average error and 

2.71° standard deviation).  Although the other three 

algorithms’ positions vary somewhat when rank or-

dered, these results are quite optimistic for classroom 

use, especially as compared to EyasSat’s +/– 90° er-

ror (Ritchey, 2004). 

Potential experiment error sources, crucial to un-

derstanding empirical data, are described next, and 

summarized in Table 3.  Similar to the work of Shaf-

er et al., these error sources are grouped into catego-

ries, (Test Configuration; Test Article Hardware; Test 

Article On-board Software; and Ground Support 

Equipment), and sorted by occurrence likelihood 

(low, medium, or high), based on mitigation measure 

existence and effectiveness.  Such measures include 

statistically relevant trial replications, power off be-

tween trials, and predictable/reasonable measurement 

values produced.  These measures exist and are effec-

tive for all the low likelihood sources; exist and are 

less effective for the moderate sources; and partially 

exist but are ineffective or vary widely for the three 

highly likely sources (Shafer, 2008).  The latter three 

error sources were potential stray light presence; a 

non-collimated light source; and varying thermal bias 

due to temperature fluctuations during the test.  Alt-

hough room temperature and stray light were con-

trolled to the extent possible, these factors may still 

have impacted the highly sensitive photocells.   

While quantifying the error introduced by the 

sources listed in Table 3 would be difficult, data was 

collected for all of the sensors in the actual test 

Table 2. Single-axis Attitude Determination Total Error Comparison 

Alg 

# 
Description 

Average 

Error 

Standard 

Deviation 

1 Averaged Combined Panel 

Curve Fit 
3.54 2.71 

2 Tangent Fit, Linear Regres-

sion 
1.80 1.04 

3 Tangent Fit, Piecewise Re-

gression 
3.13 3.55 

4 Averaged Combined Panel, 

Linear Regression 
2.97 2.54 

5 Averaged Combined Panel, 

Piecewise Regression 
2.53 2.21 

 Table 1. Single-Axis Attitude Determination Algorithm Comparison 

 
Algorithm 1 Algorithm 2 Algoritm 3 Algoritm 4 Algorithm 5 

truth 

(°) 

est1 

(°) 

err 

(°) 
est2 

(°) 

err 

(°) 
est3 

(°) 

err 

(°) 
est4 

(°) 

err 

(°) 

est1 

(°) 

err 

(°) 

0 1.35 1.35 4.01 4.01 7.38 7.38 1.4 1.4 0.59 0.59 

30 37.46 7.46 32.39 2.39 29.04 -0.96 35.40 5.40 34.05 4.05 

60 64.94 4.94 61.81 1.81 58.86 -1.14 62.89 2.89 65.48 5.48 

90 82.74 -7.26 91.23 1.23 88.19 -1.81 80.58 -9.42 81.40 -8.60 

120 123.56 3.56 120.65 0.65 120.32 0.32 121.30 1.30 117.77 -2.23 

150 150.27 0.27 150.07 0.07 148.36 -1.64 148.00 -2.00 148.74 -1.26 

180 180.00 0.00 179.48 -0.52 182.91 2.91 177.81 -2.19 179.31 -0.69 

210 213.20 3.20 208.90 -1.10 212.34 2.34 211.13 1.13 212.24 2.24 

240 238.68 -1.32 238.32 -1.68 238.17 -1.83 236.59 -3.41 240.64 0.64 

270 265.74 -4.26 267.74 -2.26 269.52 -0.48 263.53 -6.47 269.04 -0.96 

300 298.92 -1.08 297.16 -2.84 300.03 0.03 296.68 -3.32 300.47 0.47 

330 333.50 3.50 326.57 -3.43 326.83 -3.17 331.23 1.23 329.08 -0.92 

 



Richie, D., et al. 

 
Copyright © A. Deepak Publishing. All rights reserved. 

 
JoSS, Vol. 4, No. 1, p. 296 

environment in an attempt to measure the combined 

effect of all known and unknown error sources in the 

sensor response and test setup.  As discussed in Sec-

tion 3.3, the sensor response had an average standard 

deviation of less than one measurement count, mean-

ing that the 1- statistical error is less than the ana-

logue to digital quantization error for the sensor.  As 

a result, the sensor response and test setup error 

did not contribute appreciably to the error of the  

algorithms, so the accuracy presented in Table 2 is 

primarily related to the differences in the algorithms 

themselves. 

Having examined and identified the underlying 

potential sources of error associated with the results, 

the next logical step is to highlight the key ad-

vantages and drawbacks of the proposed algorithms, 

as well as additional tweaks required for CubeSat 

(e.g., EyasSat3) use.  Table 4 summarizes these ad-

vantages and disadvantages. 

 

Table 4. Single-axis Attitude Determination Algorithm Advantages/Disadvantages 

Alg Description Advantages Disadvantages 

1 Averaged Combined Panel 

Curve Fit 
 Intuitive 

 Average limits impact of a poor sensor 

 Significant steps required to combined panel 

curve-fit sets 

 Data scaled, but no correction applied 

 Requires different quadrant checks for panel 

sine and cosine functions 

2 Tangent Fit, Linear Re-

gression 
 Simpler than Algorithm 1 

 Built in quad checks 

 Linear regression adds some additional com-

plexity compared to Algorithm 1 

3 Tangent Fit, Piecewise 

Regression 
 Improvement over Algorithm 1  Piece-wise calibration complicated 

 More susceptible to errant sensor 

4 Averaged Combined Panel, 

Linear Regression 
 Simpler than Algorithms 3 and5 

 Better percent error than Algorithms 1 

and 3 

 More complex than Algorithm 1 

 Less accurate than Algorithms 2 and 5 

5 Averaged Combined Panel, 

Piecewise Regression 
 Improved accuracy of Algorithm 1 

 Reduced susceptibility to errant panel 
 Most mathematically complex, twice that of 

Algorithm 2 

 

Table 3. Experimental Error Sources (Shafer, 2008) 

No. Error Type High Likelihood Medium Likelihood Low Likelihood 

1 Test Configu-

ration 
 Scatter light 

 Non-collimated light 

 Thermal bias 

 Angle measurement accuracy  Exhaustive calibration matrix  

 Imprecise test set up 

2 Test Article 

Hardware 

  Intermittent handheld light 

operation 

 Component grounding 

 Photocell installation 

 Sensor dark sensitivity 

 Sensor hysteresis 

3 Test Article 

On-board S/W 

   Sample rate 

 Sample granularity 

 Memory allocation 

4 Grnd Sprt 

Equip S/W 

   Graphical user interface accuracy, 

measurement delay 
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6. Conclusions 

 

This paper has demonstrated the effectiveness of 

five different photocell-based CubeSat attitude de-

termination algorithms by applying these methods on 

the USAF Academy’s EyasSAT3 classroom demon-

strator.  As shown, the novel linear-regression-based 

algorithms build off two existing approaches by aver-

aging individual panel sensors and applying a tangent 

fit (via the atan2 software function) through combin-

ing panel pairs.  The latter of these methods’ ad-

vantage lies in its built-in quadrant check.  The tech-

nique of using least-squares linear regression im-

proved the accuracy of existing methods by applying 

a correction to the calibrated data.  Applying piece-

wise linear regression had limited utility at the cost of 

increased algorithm complexity.  

The combined panel tangent-fit algorithm with 

linear regression correction achieved an average an-

gular estimation error of 1.80, with a standard devia-

tion of 1.04. All of the methods attempted yielded 

average attitude estimation errors of less than 3.54, 

with a worst case standard deviation of 3.55.  This is 

a significant improvement over previous photocell 

results (Ritchey, 2004), and is comparable to accura-

cy achieved by existing satellites using combined sun 

sensors and magnetometer for attitude estimation 

(Larson 1999, Hall 2003). 

As a cheap, yet effective solution, these results 

reflect the great promise such photocell use affords to 

small satellites.  These results are especially advanta-

geous for classroom satellite demonstration, thereby 

showing tomorrow’s Space Cadre the fundamentals 

of satellite attitude determination in a hands-on set-

ting. 
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