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ABSTRACT 

The spectral sensitivity function of a camera can be determined directly in the laboratory 

by detailed, and lengthy, measurements. Alternatively, and much more rapidly, the camera 

spectral sensitivities can be estimated through linear regression. However, compared with 

the lab based approach, the regression based estimates are not as accurate. In part, the poor 

performance is due some assumptions of the regression methods not holding exactly true. 

Indeed, prior art regression algorithms work with the assumption that a camera has a linear 

response. This is either not exactly the case or not the case at all. Here we develop a novel 

camera spectral sensitivity estimation technique that can recover the spectral sensor curves 

even when the camera has a non linear response.  Our method assumes only that the rank-

order of the final camera measurements is the same as the linear camera response. 

Experiments validate our method. 

1. Introduction 

The main contribution of this work is to present an estimation technique that is able to 

recover camera spectral sensitivity for both linear and non-linear camera responses. A 

camera has linear response,  if when the physical signal entering the camera is scaled, the 

recorded RGBs scale by the same amount (e.g. double the light equals double the 

response). The images most people have access to (e.g. rendered jpegs from mobile 

phones) are the result of a long processing pipeline and are non-linear. One part of this 

process  is the application of a color correction matrix which converts recorded sensor 

response to display RGBs (e.g. linear sRGB). In this scenario our method seeks to discover 

the linear transform of the sensor spectral sensitivities. 

In this paper, we set forth an estimation technique that recovers spectral sensitivities 

assuming only that the recorded sensor values have the same rank order as those measured 

by the sensor (or of the sensor values post color correction). Importantly, almost all of the 

manipulations that an image undergoes preserves rank-order. For example, image gamma 

(approximately raising to the power of 0.5) is a monitonically increasing function. Contrast 

manipulation Ian S-shaped curve) also preserves rank-order. We show that the pairwise 

relationship between the responses of two spectral stimuli mathematically force the 

underlying spectral sensitivity to lie in one half of the space of all spectral sensitivity 

functions. Many pairs of responses induces many half-space constraints and the 

intersection of these is a surprisingly small set of candidate spectral sensitivity functions. 

One member of this intersection set is found using an appropriate optimization criteria. 

We validate the results of rank-based spectral estimation for a Nikon camera using ground 

truth spectral data that were previously measured at National Physical Laboratory [1]. 

Good recovery is shown for linear raw and non-linear rendered images.  We compare our 

recovery to that provided by a prior art linear regression method[2]. That method fails 

completely for the non-linear rendered image scenario.   



 

 

2. METHODOLGY 

In this paper we focus on cameras with three-channel response of red, green and blue. The 

typical camera response at 𝑗th pixel from 𝑖th sensor can be modelled as: 

 

𝑝𝑖𝑗 = f(∫ 𝐸(𝜆)
 

ω
𝑆𝑗(𝜆)𝑄𝑖(𝜆)𝑑𝜆 + 𝑁𝑖),                        𝑖 = 1,2,3                   (1) 

 

where 𝑝𝑖𝑗 is the camera response, 𝐸(𝜆) is the spectral power distribution of the scene 

illuminant,  𝑆𝑗(𝜆) is the surface reflectance imaged at pixel 𝑗 and 𝑄𝑖(𝜆) is the spectral 

response of sensor 𝑖 at wavelength 𝜆. The integral is taken over the visible spectrum 𝜔 . 
Noise for each sensor is denoted as 𝑁𝑖 and f() denotes a non-linear rendering function. 

Prior art estimation algorithms ignore 𝑁𝑖 and f() to simplify Eq.1 for each channel as: 

 

𝑝𝑗 = ∫ 𝐸(𝜆)
 

ω
𝑆𝑗(𝜆)Q(𝜆)𝑑𝜆=∫ 𝐶𝑗

 

ω
(𝜆)𝑄(𝜆)𝑑𝜆 ≡ 𝑐𝑗𝑞.                                   (2) 

 

Where 𝐶(𝜆) = 𝐸(𝜆)𝑆(𝜆). It is useful to translate (2) into the language of linear algebra. In 

(2), 𝑐𝑗 denotes the 1 × 31 vector of sampled measurements (when we measure 31 

wavelengths across the visible spectrum 400 to 700 Nanometres with 10Nm intervals) and 

𝑞 is the 31 × 1 single channel sensor spectral sensitivity. For 𝑁 colors, we can attempt to 

estimate 𝑞 , when we have the 𝑁 × 1 vector of single channel responses  𝑃 and the 

corresponding 𝑁 × 31 matrix 𝐶 (with 𝑐𝑗 being its 𝑗th row). Given the linear form of (2) 

sensor estimation can be written as a linear regression of the form below: 

 

 𝑚𝑖𝑛
𝑞

‖𝐶𝑞 − 𝑃‖
2

                     (3) 

 

Solving (3) by 𝑞 = [𝐶𝑡𝐶]−1𝐶𝑡𝑃 according to [4], does not provide a stable solution due to 

the limited dimensionality of matrix 𝐶 [3]. Mathematically, the matrix 𝐶𝑡𝐶 has a high 

condition number and, so, has a numerically unstable inverse. 

Many spectral estimation algorithms begin with Equation (3) and attempt to solve for 𝑞 in 

a more numerically robust way. Often, this is achieved by adding additional constraints 

into the problem formulation. For example in [2], sensors were assumed to belong to a low 

dimensional smooth basis and also that they should be unimodal. The resulting respective 

linear and linear inequality constraints led to sensor estimating being formulated as a 

quadratic programming problem [2]. Importantly, the constrained minimisation delivered 

much improved spectral sensitivity estimation. However, even this improved technique 

ignores the role of f() but, often, this cannot be ignored: camera responses are non linear 

(and when this is the case no existing method delivers good estimation performance). 

Solving for 𝑞 is much harder if the camera response is non-linear (i.e. when 𝑁𝑖 and f() are 

not ignored). In this article we also take a constraint based approach  for finding 𝑞 [2]. The 

difference is in the linear constraints that improve upon the robustness of estimation  

technique for non-linear data. Our key observation is that is f() is assumed to be a 

monotonically increasing function then this means that the ranks of the non-linear RGB 



 

 

counts are the same as for their linear counterparts. Ranked single channel response for 𝑃1 

and 𝑃2 implies: 

 

𝑓(𝑃1) > 𝑓(𝑃2) ⇒ 𝑃1 > 𝑃2 → (𝑐1 − 𝑐2). 𝑞 > 0              (4) 

 

The inequality in (4) expresses the general form of a linear constraint derived from ranking 

the order of the single channel camera response of two colors. For 𝑁 color samples we can 

choose (
𝑁
2

) number of pairs to form the above linear constraint. The power of this linear 

constraint is in that it holds for both linear and non-linear data.  

The intersection of all these ‘half space’ constraints results in a solution space that delimits 

a region of sensor space. As such, any sensor that satisfies all the ranking constraints is a 

possible solution to the sensor estimation problem. We choose the sensor that predicts the 

rank order of the response, integrates to unity, lies in a 7-dimensional Sine basis and is 

smoothest. This optimization is solved using Quadratic Programming. 

3. EXPERIMENTS AND RESULTS 

In this section we explain the experiments carried out for validation and evaluation of the 

estimated rank based spectral sensitivity functions of Nikon camera. An SG colour 

checker, was placed approximately in the centre of the floor of a VeriVide cabinet, facing 

upwards towards the D65 illuminant. The position of the camera relative to the color 

checker was chosen to be approximately at 45 degrees angle. For each patch in the 

checker, the camera signal was obtained by averaging the red, green and blue channel 

response over the central area of the patch resulting in matrix 𝑃 for the 140 colors. We 

took both raw and rendered images of the same scene. The matrix 𝐶 of colour signal 

measurement was obtained using a PR670 spectra radiometer.  

We compare the estimated sensors �̂� using the ground truth spectral response functions 

measured (in a rigorous lab based experiment) at NPL [1]. We compare recovery for both 

the linear camera image and the nonlinear rendered image (the jpeg produced by the Nikon 

camera pipeline). In the latter case we seek to recover the camera sensitivities multiplied 

by the camera’s 3x3 colour correction matrix T. Here, we use the work of [5] to recover 

the colour correction matrix 𝑇 and we apply it to the measured spectral sensitivities to 

provide ground truth for spectral estimation using a rendered (jpeg) image. Figure 1 

illustrates these estimated sensors (red dashed line) and ground truth data (blue solid lines).  



 

 

 

Figure 1: Nikon spectral sensitivity function estimated using rank based technique (red-

dashed) and ground truth data (blue solid) on raw (Left) and rendered (right) data. 

 We also, numerically, evaluate the performance of our estimation technique by comparing 

it to a prior art quadratic programming estimation technique [2]. For this, we use Vora and 

Trusell's error [6] metric. Vora values close to 0 indicate the estimated sensors sample 

spectra – produce camera RGBs - close to those measured by the actual camera. The 

maximum Vora Value is 100. The Vora value is powerful as it teaches that two cameras 

with similar looking spectral profiles typically sample light in the same way. The Vora 

Value also capture the idea that the RGBs from a given camera can be linearly mapped to 

approximate measurements made by another (see [6] for a full discussion and derivation of 

the Vora Value). 

Vora values for both raw and rendered data for the Rank-Based Spectral Estimation 

method (RBS) are shown in Table 1. That is, we calculate the Vora Value by comparing 

the estimated curves (plotted in red) in Figure 1 with the actual curves (plotted in blue). In 

both cases a very low Vora Value is found. That is the recovered sensors sample light very 

similarly to the actual sensors. The ‘Rendered’ results refer to the fact we are estimating 

the sensors multiplied by the colour correction matrix for the highly non-linear camera 

jpeg image. 

In contrast the QP method [2] (based on assuming a camera has linear response) works 

well for the raw data but, as expected, terribly for the non-linear rendered data. A Vora 

Value of 65 teaches that the recovered sensitivities sample light nothing like the actual. 

 

Estimation Technique Raw Rendered 

RBS 5 6 

QP 9 65 

Table 1: Table of Vora values. RBS: Rank based spectral estimation. QP: Prior art 

quadratic programming estimation technique [2]. 



 

 

4. CONCLUSION 

In this paper we have shown that the rank order of camera response is a powerful tool for 

solving the camera spectral sensitivity function (multiplied by colour correction in the case 

of rendered image). We have shown that this estimation technique is robust for both raw 

and rendered images. We validated our estimated sensors using measured spectral 

sensitivity functions from National Physical Laboratory. We show that prior art estimation 

technique fail to estimate spectral response function in the same consistent manner as our 

rank based technique. Experiments demonstrate that relatively good estimation is possible 

given a single image with known spectra. 
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