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Interferometric imaging
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Fourier Transform Interferometry (in biological imaging)

!4

FTI device
Fixed mirror

2D Imaging 
Sensor

Beam
 sp

litt
er

Moving mirror

Biological Sample

e1
<latexit sha1_base64="xFp39qkwBC9+1kaRt7V46kF/P2A="></latexit><latexit sha1_base64="xFp39qkwBC9+1kaRt7V46kF/P2A="></latexit><latexit sha1_base64="xFp39qkwBC9+1kaRt7V46kF/P2A="></latexit><latexit sha1_base64="xFp39qkwBC9+1kaRt7V46kF/P2A="></latexit>

e2
<latexit sha1_base64="AKZUVz1zdNDXXOPTS2wWwJ50IEw="></latexit><latexit sha1_base64="AKZUVz1zdNDXXOPTS2wWwJ50IEw="></latexit><latexit sha1_base64="AKZUVz1zdNDXXOPTS2wWwJ50IEw="></latexit><latexit sha1_base64="AKZUVz1zdNDXXOPTS2wWwJ50IEw="></latexit>

e3
<latexit sha1_base64="2P6MjJDQPF7KUBTwZOYIBNrqWNk="></latexit><latexit sha1_base64="2P6MjJDQPF7KUBTwZOYIBNrqWNk="></latexit><latexit sha1_base64="2P6MjJDQPF7KUBTwZOYIBNrqWNk="></latexit><latexit sha1_base64="2P6MjJDQPF7KUBTwZOYIBNrqWNk="></latexit>

Ẽ(q3, t)
<latexit sha1_base64="dY4ezkt9yBab8q3Wfe3hYIcSv30=">AAAB+HicbVBNS8NAEN3Ur1q/oh69LBahgpREBfVWFMFjBWMLbQibzaZduvlwd1Ioof/EiwcVr/4Ub/4bt20O2vpg4PHeDDPz/FRwBZb1bZSWlldW18rrlY3Nre0dc3fvUSWZpMyhiUhk2yeKCR4zBzgI1k4lI5EvWMsf3Ez81pBJxZP4AUYpcyPSi3nIKQEteabZBS4Clt+Oa0/e2Qkce2bVqltT4EViF6SKCjQ986sbJDSLWAxUEKU6tpWCmxMJnAo2rnQzxVJCB6THOprGJGLKzaeXj/GRVgIcJlJXDHiq/p7ISaTUKPJ1Z0Sgr+a9ifif18kgvHRzHqcZsJjOFoWZwJDgSQw44JJRECNNCJVc34ppn0hCQYdV0SHY8y8vEue0flW378+rjesijTI6QIeohmx0gRroDjWRgygaomf0it6M3Hgx3o2PWWvJKGb20R8Ynz/vSZK+</latexit><latexit sha1_base64="dY4ezkt9yBab8q3Wfe3hYIcSv30=">AAAB+HicbVBNS8NAEN3Ur1q/oh69LBahgpREBfVWFMFjBWMLbQibzaZduvlwd1Ioof/EiwcVr/4Ub/4bt20O2vpg4PHeDDPz/FRwBZb1bZSWlldW18rrlY3Nre0dc3fvUSWZpMyhiUhk2yeKCR4zBzgI1k4lI5EvWMsf3Ez81pBJxZP4AUYpcyPSi3nIKQEteabZBS4Clt+Oa0/e2Qkce2bVqltT4EViF6SKCjQ986sbJDSLWAxUEKU6tpWCmxMJnAo2rnQzxVJCB6THOprGJGLKzaeXj/GRVgIcJlJXDHiq/p7ISaTUKPJ1Z0Sgr+a9ifif18kgvHRzHqcZsJjOFoWZwJDgSQw44JJRECNNCJVc34ppn0hCQYdV0SHY8y8vEue0flW378+rjesijTI6QIeohmx0gRroDjWRgygaomf0it6M3Hgx3o2PWWvJKGb20R8Ynz/vSZK+</latexit><latexit sha1_base64="dY4ezkt9yBab8q3Wfe3hYIcSv30=">AAAB+HicbVBNS8NAEN3Ur1q/oh69LBahgpREBfVWFMFjBWMLbQibzaZduvlwd1Ioof/EiwcVr/4Ub/4bt20O2vpg4PHeDDPz/FRwBZb1bZSWlldW18rrlY3Nre0dc3fvUSWZpMyhiUhk2yeKCR4zBzgI1k4lI5EvWMsf3Ez81pBJxZP4AUYpcyPSi3nIKQEteabZBS4Clt+Oa0/e2Qkce2bVqltT4EViF6SKCjQ986sbJDSLWAxUEKU6tpWCmxMJnAo2rnQzxVJCB6THOprGJGLKzaeXj/GRVgIcJlJXDHiq/p7ISaTUKPJ1Z0Sgr+a9ifif18kgvHRzHqcZsJjOFoWZwJDgSQw44JJRECNNCJVc34ppn0hCQYdV0SHY8y8vEue0flW378+rjesijTI6QIeohmx0gRroDjWRgygaomf0it6M3Hgx3o2PWWvJKGb20R8Ynz/vSZK+</latexit><latexit sha1_base64="dY4ezkt9yBab8q3Wfe3hYIcSv30=">AAAB+HicbVBNS8NAEN3Ur1q/oh69LBahgpREBfVWFMFjBWMLbQibzaZduvlwd1Ioof/EiwcVr/4Ub/4bt20O2vpg4PHeDDPz/FRwBZb1bZSWlldW18rrlY3Nre0dc3fvUSWZpMyhiUhk2yeKCR4zBzgI1k4lI5EvWMsf3Ez81pBJxZP4AUYpcyPSi3nIKQEteabZBS4Clt+Oa0/e2Qkce2bVqltT4EViF6SKCjQ986sbJDSLWAxUEKU6tpWCmxMJnAo2rnQzxVJCB6THOprGJGLKzaeXj/GRVgIcJlJXDHiq/p7ISaTUKPJ1Z0Sgr+a9ifif18kgvHRzHqcZsJjOFoWZwJDgSQw44JJRECNNCJVc34ppn0hCQYdV0SHY8y8vEue0flW378+rjesijTI6QIeohmx0gRroDjWRgygaomf0it6M3Hgx3o2PWWvJKGb20R8Ynz/vSZK+</latexit>

E(q3, t)
<latexit sha1_base64="5IpqSv1yae9jiZDO40sB1YkY+to=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BItQQUqignoriuCxgrHFNpTNdtsu3Wzi7kQoof/CiwcVr/4cb/4bt20O2vpg4PHeDDPzglhwjY7zbeUWFpeWV/KrhbX1jc2t4vbOvY4SRZlHIxGpRkA0E1wyDzkK1ogVI2EgWD0YXI39+hNTmkfyDocx80PSk7zLKUEjPaTXo/Jj++QID9vFklNxJrDniZuREmSotYtfrU5Ek5BJpIJo3XSdGP2UKORUsFGhlWgWEzogPdY0VJKQaT+dXDyyD4zSsbuRMiXRnqi/J1ISaj0MA9MZEuzrWW8s/uc1E+ye+ymXcYJM0umibiJsjOzx+3aHK0ZRDA0hVHFzq037RBGKJqSCCcGdfXmeeMeVi4p7e1qqXmZp5GEP9qEMLpxBFW6gBh5QkPAMr/BmaevFerc+pq05K5vZhT+wPn8AzsSP4w==</latexit><latexit sha1_base64="5IpqSv1yae9jiZDO40sB1YkY+to=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BItQQUqignoriuCxgrHFNpTNdtsu3Wzi7kQoof/CiwcVr/4cb/4bt20O2vpg4PHeDDPzglhwjY7zbeUWFpeWV/KrhbX1jc2t4vbOvY4SRZlHIxGpRkA0E1wyDzkK1ogVI2EgWD0YXI39+hNTmkfyDocx80PSk7zLKUEjPaTXo/Jj++QID9vFklNxJrDniZuREmSotYtfrU5Ek5BJpIJo3XSdGP2UKORUsFGhlWgWEzogPdY0VJKQaT+dXDyyD4zSsbuRMiXRnqi/J1ISaj0MA9MZEuzrWW8s/uc1E+ye+ymXcYJM0umibiJsjOzx+3aHK0ZRDA0hVHFzq037RBGKJqSCCcGdfXmeeMeVi4p7e1qqXmZp5GEP9qEMLpxBFW6gBh5QkPAMr/BmaevFerc+pq05K5vZhT+wPn8AzsSP4w==</latexit><latexit sha1_base64="5IpqSv1yae9jiZDO40sB1YkY+to=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BItQQUqignoriuCxgrHFNpTNdtsu3Wzi7kQoof/CiwcVr/4cb/4bt20O2vpg4PHeDDPzglhwjY7zbeUWFpeWV/KrhbX1jc2t4vbOvY4SRZlHIxGpRkA0E1wyDzkK1ogVI2EgWD0YXI39+hNTmkfyDocx80PSk7zLKUEjPaTXo/Jj++QID9vFklNxJrDniZuREmSotYtfrU5Ek5BJpIJo3XSdGP2UKORUsFGhlWgWEzogPdY0VJKQaT+dXDyyD4zSsbuRMiXRnqi/J1ISaj0MA9MZEuzrWW8s/uc1E+ye+ymXcYJM0umibiJsjOzx+3aHK0ZRDA0hVHFzq037RBGKJqSCCcGdfXmeeMeVi4p7e1qqXmZp5GEP9qEMLpxBFW6gBh5QkPAMr/BmaevFerc+pq05K5vZhT+wPn8AzsSP4w==</latexit><latexit sha1_base64="5IpqSv1yae9jiZDO40sB1YkY+to=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BItQQUqignoriuCxgrHFNpTNdtsu3Wzi7kQoof/CiwcVr/4cb/4bt20O2vpg4PHeDDPzglhwjY7zbeUWFpeWV/KrhbX1jc2t4vbOvY4SRZlHIxGpRkA0E1wyDzkK1ogVI2EgWD0YXI39+hNTmkfyDocx80PSk7zLKUEjPaTXo/Jj++QID9vFklNxJrDniZuREmSotYtfrU5Ek5BJpIJo3XSdGP2UKORUsFGhlWgWEzogPdY0VJKQaT+dXDyyD4zSsbuRMiXRnqi/J1ISaj0MA9MZEuzrWW8s/uc1E+ye+ymXcYJM0umibiJsjOzx+3aHK0ZRDA0hVHFzq037RBGKJqSCCcGdfXmeeMeVi4p7e1qqXmZp5GEP9qEMLpxBFW6gBh5QkPAMr/BmaevFerc+pq05K5vZhT+wPn8AzsSP4w==</latexit>

H
<latexit sha1_base64="A7p9ZQO4KIjga3njgVovEHbGQTE=">AAAB8HicbVBNS8NAFHypX7V+VT16WSyCp5KIoN6KXnqsYLTYhrLZbtqlm03YfRFK6b/w4kHFqz/Hm//GTZuDtg4sDDPvsfMmTKUw6LrfTmlldW19o7xZ2dre2d2r7h/cmyTTjPsskYluh9RwKRT3UaDk7VRzGoeSP4Sjm9x/eOLaiETd4TjlQUwHSkSCUbTSYzemOGRUkmavWnPr7gxkmXgFqUGBVq/61e0nLIu5QiapMR3PTTGYUI2CST6tdDPDU8pGdMA7lioacxNMZomn5MQqfRIl2j6FZKb+3pjQ2JhxHNrJPKFZ9HLxP6+TYXQZTIRKM+SKzT+KMkkwIfn5pC80ZyjHllCmhc1K2JBqytCWVLEleIsnLxP/rH5V927Pa43roo0yHMExnIIHF9CAJrTABwYKnuEV3hzjvDjvzsd8tOQUO4fwB87nD3VgkFA=</latexit><latexit sha1_base64="A7p9ZQO4KIjga3njgVovEHbGQTE=">AAAB8HicbVBNS8NAFHypX7V+VT16WSyCp5KIoN6KXnqsYLTYhrLZbtqlm03YfRFK6b/w4kHFqz/Hm//GTZuDtg4sDDPvsfMmTKUw6LrfTmlldW19o7xZ2dre2d2r7h/cmyTTjPsskYluh9RwKRT3UaDk7VRzGoeSP4Sjm9x/eOLaiETd4TjlQUwHSkSCUbTSYzemOGRUkmavWnPr7gxkmXgFqUGBVq/61e0nLIu5QiapMR3PTTGYUI2CST6tdDPDU8pGdMA7lioacxNMZomn5MQqfRIl2j6FZKb+3pjQ2JhxHNrJPKFZ9HLxP6+TYXQZTIRKM+SKzT+KMkkwIfn5pC80ZyjHllCmhc1K2JBqytCWVLEleIsnLxP/rH5V927Pa43roo0yHMExnIIHF9CAJrTABwYKnuEV3hzjvDjvzsd8tOQUO4fwB87nD3VgkFA=</latexit><latexit sha1_base64="A7p9ZQO4KIjga3njgVovEHbGQTE=">AAAB8HicbVBNS8NAFHypX7V+VT16WSyCp5KIoN6KXnqsYLTYhrLZbtqlm03YfRFK6b/w4kHFqz/Hm//GTZuDtg4sDDPvsfMmTKUw6LrfTmlldW19o7xZ2dre2d2r7h/cmyTTjPsskYluh9RwKRT3UaDk7VRzGoeSP4Sjm9x/eOLaiETd4TjlQUwHSkSCUbTSYzemOGRUkmavWnPr7gxkmXgFqUGBVq/61e0nLIu5QiapMR3PTTGYUI2CST6tdDPDU8pGdMA7lioacxNMZomn5MQqfRIl2j6FZKb+3pjQ2JhxHNrJPKFZ9HLxP6+TYXQZTIRKM+SKzT+KMkkwIfn5pC80ZyjHllCmhc1K2JBqytCWVLEleIsnLxP/rH5V927Pa43roo0yHMExnIIHF9CAJrTABwYKnuEV3hzjvDjvzsd8tOQUO4fwB87nD3VgkFA=</latexit><latexit sha1_base64="A7p9ZQO4KIjga3njgVovEHbGQTE=">AAAB8HicbVBNS8NAFHypX7V+VT16WSyCp5KIoN6KXnqsYLTYhrLZbtqlm03YfRFK6b/w4kHFqz/Hm//GTZuDtg4sDDPvsfMmTKUw6LrfTmlldW19o7xZ2dre2d2r7h/cmyTTjPsskYluh9RwKRT3UaDk7VRzGoeSP4Sjm9x/eOLaiETd4TjlQUwHSkSCUbTSYzemOGRUkmavWnPr7gxkmXgFqUGBVq/61e0nLIu5QiapMR3PTTGYUI2CST6tdDPDU8pGdMA7lioacxNMZomn5MQqfRIl2j6FZKb+3pjQ2JhxHNrJPKFZ9HLxP6+TYXQZTIRKM+SKzT+KMkkwIfn5pC80ZyjHllCmhc1K2JBqytCWVLEleIsnLxP/rH5V927Pa43roo0yHMExnIIHF9CAJrTABwYKnuEV3hzjvDjvzsd8tOQUO4fwB87nD3VgkFA=</latexit>

Light source

E1(q3, t)
<latexit sha1_base64="GIElA2bNwxZBsFBgEzD1VLFQWM0=">AAAB8nicbVDLSgNBEOz1GeMr6tHLYBAiSNhVQb0FRfAYwZhAsiyzk9lkyOzDmV4hLPkNLx5UvPo13vwbJ8keNLGgoajqprvLT6TQaNvf1sLi0vLKamGtuL6xubVd2tl90HGqGG+wWMaq5VPNpYh4AwVK3koUp6EvedMfXI/95hNXWsTRPQ4T7oa0F4lAMIpG6mQ3I8+pPHqnx3jklcp21Z6AzBMnJ2XIUfdKX51uzNKQR8gk1brt2Am6GVUomOSjYifVPKFsQHu8bWhEQ67dbHLziBwapUuCWJmKkEzU3xMZDbUehr7pDCn29aw3Fv/z2ikGF24moiRFHrHpoiCVBGMyDoB0heIM5dAQypQwtxLWp4oyNDEVTQjO7MvzpHFSvaw6d2fl2lWeRgH24QAq4MA51OAW6tAABgk8wyu8Wan1Yr1bH9PWBSuf2YM/sD5/APk4kIc=</latexit><latexit sha1_base64="GIElA2bNwxZBsFBgEzD1VLFQWM0=">AAAB8nicbVDLSgNBEOz1GeMr6tHLYBAiSNhVQb0FRfAYwZhAsiyzk9lkyOzDmV4hLPkNLx5UvPo13vwbJ8keNLGgoajqprvLT6TQaNvf1sLi0vLKamGtuL6xubVd2tl90HGqGG+wWMaq5VPNpYh4AwVK3koUp6EvedMfXI/95hNXWsTRPQ4T7oa0F4lAMIpG6mQ3I8+pPHqnx3jklcp21Z6AzBMnJ2XIUfdKX51uzNKQR8gk1brt2Am6GVUomOSjYifVPKFsQHu8bWhEQ67dbHLziBwapUuCWJmKkEzU3xMZDbUehr7pDCn29aw3Fv/z2ikGF24moiRFHrHpoiCVBGMyDoB0heIM5dAQypQwtxLWp4oyNDEVTQjO7MvzpHFSvaw6d2fl2lWeRgH24QAq4MA51OAW6tAABgk8wyu8Wan1Yr1bH9PWBSuf2YM/sD5/APk4kIc=</latexit><latexit sha1_base64="GIElA2bNwxZBsFBgEzD1VLFQWM0=">AAAB8nicbVDLSgNBEOz1GeMr6tHLYBAiSNhVQb0FRfAYwZhAsiyzk9lkyOzDmV4hLPkNLx5UvPo13vwbJ8keNLGgoajqprvLT6TQaNvf1sLi0vLKamGtuL6xubVd2tl90HGqGG+wWMaq5VPNpYh4AwVK3koUp6EvedMfXI/95hNXWsTRPQ4T7oa0F4lAMIpG6mQ3I8+pPHqnx3jklcp21Z6AzBMnJ2XIUfdKX51uzNKQR8gk1brt2Am6GVUomOSjYifVPKFsQHu8bWhEQ67dbHLziBwapUuCWJmKkEzU3xMZDbUehr7pDCn29aw3Fv/z2ikGF24moiRFHrHpoiCVBGMyDoB0heIM5dAQypQwtxLWp4oyNDEVTQjO7MvzpHFSvaw6d2fl2lWeRgH24QAq4MA51OAW6tAABgk8wyu8Wan1Yr1bH9PWBSuf2YM/sD5/APk4kIc=</latexit><latexit sha1_base64="GIElA2bNwxZBsFBgEzD1VLFQWM0=">AAAB8nicbVDLSgNBEOz1GeMr6tHLYBAiSNhVQb0FRfAYwZhAsiyzk9lkyOzDmV4hLPkNLx5UvPo13vwbJ8keNLGgoajqprvLT6TQaNvf1sLi0vLKamGtuL6xubVd2tl90HGqGG+wWMaq5VPNpYh4AwVK3koUp6EvedMfXI/95hNXWsTRPQ4T7oa0F4lAMIpG6mQ3I8+pPHqnx3jklcp21Z6AzBMnJ2XIUfdKX51uzNKQR8gk1brt2Am6GVUomOSjYifVPKFsQHu8bWhEQ67dbHLziBwapUuCWJmKkEzU3xMZDbUehr7pDCn29aw3Fv/z2ikGF24moiRFHrHpoiCVBGMyDoB0heIM5dAQypQwtxLWp4oyNDEVTQjO7MvzpHFSvaw6d2fl2lWeRgH24QAq4MA51OAW6tAABgk8wyu8Wan1Yr1bH9PWBSuf2YM/sD5/APk4kIc=</latexit>

E2(q3, t)
<latexit sha1_base64="qHNFwkqCRIlGgevia9PYpppd4ec=">AAAB8nicbVBNS8NAEN3Ur1q/qh69LBahgpSkCuqtKILHCsYW2hA22027dLOJuxOhhP4NLx5UvPprvPlv3LY5aOuDgcd7M8zMCxLBNdj2t1VYWl5ZXSuulzY2t7Z3yrt7DzpOFWUujUWs2gHRTHDJXOAgWDtRjESBYK1geD3xW09MaR7LexglzItIX/KQUwJG6mY3Y79effRPT+DYL1fsmj0FXiROTiooR9Mvf3V7MU0jJoEKonXHsRPwMqKAU8HGpW6qWULokPRZx1BJIqa9bHrzGB8ZpYfDWJmSgKfq74mMRFqPosB0RgQGet6biP95nRTCCy/jMkmBSTpbFKYCQ4wnAeAeV4yCGBlCqOLmVkwHRBEKJqaSCcGZf3mRuPXaZc25O6s0rvI0iugAHaIqctA5aqBb1EQuoihBz+gVvVmp9WK9Wx+z1oKVz+yjP7A+fwD6wpCI</latexit><latexit sha1_base64="qHNFwkqCRIlGgevia9PYpppd4ec=">AAAB8nicbVBNS8NAEN3Ur1q/qh69LBahgpSkCuqtKILHCsYW2hA22027dLOJuxOhhP4NLx5UvPprvPlv3LY5aOuDgcd7M8zMCxLBNdj2t1VYWl5ZXSuulzY2t7Z3yrt7DzpOFWUujUWs2gHRTHDJXOAgWDtRjESBYK1geD3xW09MaR7LexglzItIX/KQUwJG6mY3Y79effRPT+DYL1fsmj0FXiROTiooR9Mvf3V7MU0jJoEKonXHsRPwMqKAU8HGpW6qWULokPRZx1BJIqa9bHrzGB8ZpYfDWJmSgKfq74mMRFqPosB0RgQGet6biP95nRTCCy/jMkmBSTpbFKYCQ4wnAeAeV4yCGBlCqOLmVkwHRBEKJqaSCcGZf3mRuPXaZc25O6s0rvI0iugAHaIqctA5aqBb1EQuoihBz+gVvVmp9WK9Wx+z1oKVz+yjP7A+fwD6wpCI</latexit><latexit sha1_base64="qHNFwkqCRIlGgevia9PYpppd4ec=">AAAB8nicbVBNS8NAEN3Ur1q/qh69LBahgpSkCuqtKILHCsYW2hA22027dLOJuxOhhP4NLx5UvPprvPlv3LY5aOuDgcd7M8zMCxLBNdj2t1VYWl5ZXSuulzY2t7Z3yrt7DzpOFWUujUWs2gHRTHDJXOAgWDtRjESBYK1geD3xW09MaR7LexglzItIX/KQUwJG6mY3Y79effRPT+DYL1fsmj0FXiROTiooR9Mvf3V7MU0jJoEKonXHsRPwMqKAU8HGpW6qWULokPRZx1BJIqa9bHrzGB8ZpYfDWJmSgKfq74mMRFqPosB0RgQGet6biP95nRTCCy/jMkmBSTpbFKYCQ4wnAeAeV4yCGBlCqOLmVkwHRBEKJqaSCcGZf3mRuPXaZc25O6s0rvI0iugAHaIqctA5aqBb1EQuoihBz+gVvVmp9WK9Wx+z1oKVz+yjP7A+fwD6wpCI</latexit><latexit sha1_base64="qHNFwkqCRIlGgevia9PYpppd4ec=">AAAB8nicbVBNS8NAEN3Ur1q/qh69LBahgpSkCuqtKILHCsYW2hA22027dLOJuxOhhP4NLx5UvPprvPlv3LY5aOuDgcd7M8zMCxLBNdj2t1VYWl5ZXSuulzY2t7Z3yrt7DzpOFWUujUWs2gHRTHDJXOAgWDtRjESBYK1geD3xW09MaR7LexglzItIX/KQUwJG6mY3Y79effRPT+DYL1fsmj0FXiROTiooR9Mvf3V7MU0jJoEKonXHsRPwMqKAU8HGpW6qWULokPRZx1BJIqa9bHrzGB8ZpYfDWJmSgKfq74mMRFqPosB0RgQGet6biP95nRTCCy/jMkmBSTpbFKYCQ4wnAeAeV4yCGBlCqOLmVkwHRBEKJqaSCcGZf3mRuPXaZc25O6s0rvI0iugAHaIqctA5aqBb1EQuoihBz+gVvVmp9WK9Wx+z1oKVz+yjP7A+fwD6wpCI</latexit>

ET (q3, q
0
3; t)

<latexit sha1_base64="zOUkKHsH5fiXrKrgFVfCEH073eI=">AAAB93icbVBNS8NAEJ3Ur1o/GvXoZbGIFaQkKqh4KYrgsUJjC20Im+22Xbr5cHcj1NBf4sWDilf/ijf/jds2B219MPB4b4aZeX7MmVSW9W3kFhaXllfyq4W19Y3Norm1fS+jRBDqkIhHouljSTkLqaOY4rQZC4oDn9OGP7ge+41HKiSLwroaxtQNcC9kXUaw0pJnFm+8evnBOznSdXCpDj2zZFWsCdA8sTNSggw1z/xqdyKSBDRUhGMpW7YVKzfFQjHC6ajQTiSNMRngHm1pGuKASjedHD5C+1rpoG4kdIUKTdTfEykOpBwGvu4MsOrLWW8s/ue1EtU9d1MWxomiIZku6iYcqQiNU0AdJihRfKgJJoLpWxHpY4GJ0lkVdAj27MvzxDmuXFTsu9NS9SpLIw+7sAdlsOEMqnALNXCAQALP8ApvxpPxYrwbH9PWnJHN7MAfGJ8/wlKRZg==</latexit><latexit sha1_base64="zOUkKHsH5fiXrKrgFVfCEH073eI=">AAAB93icbVBNS8NAEJ3Ur1o/GvXoZbGIFaQkKqh4KYrgsUJjC20Im+22Xbr5cHcj1NBf4sWDilf/ijf/jds2B219MPB4b4aZeX7MmVSW9W3kFhaXllfyq4W19Y3Norm1fS+jRBDqkIhHouljSTkLqaOY4rQZC4oDn9OGP7ge+41HKiSLwroaxtQNcC9kXUaw0pJnFm+8evnBOznSdXCpDj2zZFWsCdA8sTNSggw1z/xqdyKSBDRUhGMpW7YVKzfFQjHC6ajQTiSNMRngHm1pGuKASjedHD5C+1rpoG4kdIUKTdTfEykOpBwGvu4MsOrLWW8s/ue1EtU9d1MWxomiIZku6iYcqQiNU0AdJihRfKgJJoLpWxHpY4GJ0lkVdAj27MvzxDmuXFTsu9NS9SpLIw+7sAdlsOEMqnALNXCAQALP8ApvxpPxYrwbH9PWnJHN7MAfGJ8/wlKRZg==</latexit><latexit sha1_base64="zOUkKHsH5fiXrKrgFVfCEH073eI=">AAAB93icbVBNS8NAEJ3Ur1o/GvXoZbGIFaQkKqh4KYrgsUJjC20Im+22Xbr5cHcj1NBf4sWDilf/ijf/jds2B219MPB4b4aZeX7MmVSW9W3kFhaXllfyq4W19Y3Norm1fS+jRBDqkIhHouljSTkLqaOY4rQZC4oDn9OGP7ge+41HKiSLwroaxtQNcC9kXUaw0pJnFm+8evnBOznSdXCpDj2zZFWsCdA8sTNSggw1z/xqdyKSBDRUhGMpW7YVKzfFQjHC6ajQTiSNMRngHm1pGuKASjedHD5C+1rpoG4kdIUKTdTfEykOpBwGvu4MsOrLWW8s/ue1EtU9d1MWxomiIZku6iYcqQiNU0AdJihRfKgJJoLpWxHpY4GJ0lkVdAj27MvzxDmuXFTsu9NS9SpLIw+7sAdlsOEMqnALNXCAQALP8ApvxpPxYrwbH9PWnJHN7MAfGJ8/wlKRZg==</latexit><latexit sha1_base64="zOUkKHsH5fiXrKrgFVfCEH073eI=">AAAB93icbVBNS8NAEJ3Ur1o/GvXoZbGIFaQkKqh4KYrgsUJjC20Im+22Xbr5cHcj1NBf4sWDilf/ijf/jds2B219MPB4b4aZeX7MmVSW9W3kFhaXllfyq4W19Y3Norm1fS+jRBDqkIhHouljSTkLqaOY4rQZC4oDn9OGP7ge+41HKiSLwroaxtQNcC9kXUaw0pJnFm+8evnBOznSdXCpDj2zZFWsCdA8sTNSggw1z/xqdyKSBDRUhGMpW7YVKzfFQjHC6ajQTiSNMRngHm1pGuKASjedHD5C+1rpoG4kdIUKTdTfEykOpBwGvu4MsOrLWW8s/ue1EtU9d1MWxomiIZku6iYcqQiNU0AdJihRfKgJJoLpWxHpY4GJ0lkVdAj27MvzxDmuXFTsu9NS9SpLIw+7sAdlsOEMqnALNXCAQALP8ApvxpPxYrwbH9PWnJHN7MAfGJ8/wlKRZg==</latexit>

Michelson interferometer 
(combined with magnifying input optics)

Image at fixed optical 
path difference (OPD)

PATH 1
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E(q3, t) =
R
E0(⌫)ei(2⇡q3⌫�!t)d⌫

A. A. Michelson 
1852-1931



Fourier Transform Interferometry (in biological imaging)

!5

FTI device
Fixed mirror

2D Imaging 
Sensor
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Moving mirror

Biological Sample

e1
<latexit sha1_base64="xFp39qkwBC9+1kaRt7V46kF/P2A="></latexit><latexit sha1_base64="xFp39qkwBC9+1kaRt7V46kF/P2A="></latexit><latexit sha1_base64="xFp39qkwBC9+1kaRt7V46kF/P2A="></latexit><latexit sha1_base64="xFp39qkwBC9+1kaRt7V46kF/P2A="></latexit>

e2
<latexit sha1_base64="AKZUVz1zdNDXXOPTS2wWwJ50IEw="></latexit><latexit sha1_base64="AKZUVz1zdNDXXOPTS2wWwJ50IEw="></latexit><latexit sha1_base64="AKZUVz1zdNDXXOPTS2wWwJ50IEw="></latexit><latexit sha1_base64="AKZUVz1zdNDXXOPTS2wWwJ50IEw="></latexit>

e3
<latexit sha1_base64="2P6MjJDQPF7KUBTwZOYIBNrqWNk="></latexit><latexit sha1_base64="2P6MjJDQPF7KUBTwZOYIBNrqWNk="></latexit><latexit sha1_base64="2P6MjJDQPF7KUBTwZOYIBNrqWNk="></latexit><latexit sha1_base64="2P6MjJDQPF7KUBTwZOYIBNrqWNk="></latexit>

e1
<latexit sha1_base64="xFp39qkwBC9+1kaRt7V46kF/P2A="></latexit><latexit sha1_base64="xFp39qkwBC9+1kaRt7V46kF/P2A="></latexit><latexit sha1_base64="xFp39qkwBC9+1kaRt7V46kF/P2A="></latexit><latexit sha1_base64="xFp39qkwBC9+1kaRt7V46kF/P2A="></latexit>

e2
<latexit sha1_base64="AKZUVz1zdNDXXOPTS2wWwJ50IEw="></latexit><latexit sha1_base64="AKZUVz1zdNDXXOPTS2wWwJ50IEw="></latexit><latexit sha1_base64="AKZUVz1zdNDXXOPTS2wWwJ50IEw="></latexit><latexit sha1_base64="AKZUVz1zdNDXXOPTS2wWwJ50IEw="></latexit>

e1
<latexit sha1_base64="xFp39qkwBC9+1kaRt7V46kF/P2A="></latexit><latexit sha1_base64="xFp39qkwBC9+1kaRt7V46kF/P2A="></latexit><latexit sha1_base64="xFp39qkwBC9+1kaRt7V46kF/P2A="></latexit><latexit sha1_base64="xFp39qkwBC9+1kaRt7V46kF/P2A="></latexit>

e2
<latexit sha1_base64="AKZUVz1zdNDXXOPTS2wWwJ50IEw="></latexit><latexit sha1_base64="AKZUVz1zdNDXXOPTS2wWwJ50IEw="></latexit><latexit sha1_base64="AKZUVz1zdNDXXOPTS2wWwJ50IEw="></latexit><latexit sha1_base64="AKZUVz1zdNDXXOPTS2wWwJ50IEw="></latexit>

Y(⇠, q1, q2) := I(⇠; q1, q2)
<latexit sha1_base64="zcvVCHBuarzEIY84qOxeROa7U1Q=">AAACEnicbVDLSsNAFJ3UV62vqEs3g0WoIiUpgi+EohvdVTC20oQwmU7boZOHMxOxhP6DG3/FjQsVt67c+TdO2gjaeuDC4Zx7mTnHixgV0jC+tNzU9MzsXH6+sLC4tLyir65dizDmmFg4ZCFveEgQRgNiSSoZaUScIN9jpO71zlK/fke4oGFwJfsRcXzUCWibYiSV5Oo7to9kFyMGb0r2Pd29dU01lW14dAIvUuUY/kiuXjTKxhBwkpgZKYIMNVf/tFshjn0SSMyQEE3TiKSTIC4pZmRQsGNBIoR7qEOaigbIJ8JJhpkGcEspLdgOuZpAwqH6+yJBvhB931ObaQIx7qXif14zlu0DJ6FBFEsS4NFD7ZhBGcK0INiinGDJ+oogzKn6K8RdxBGWqsaCKsEcjzxJrEr5sGxe7hWrp1kbebABNkEJmGAfVME5qAELYPAAnsALeNUetWftTXsfrea07GYd/IH28Q1OxJrT</latexit><latexit sha1_base64="zcvVCHBuarzEIY84qOxeROa7U1Q=">AAACEnicbVDLSsNAFJ3UV62vqEs3g0WoIiUpgi+EohvdVTC20oQwmU7boZOHMxOxhP6DG3/FjQsVt67c+TdO2gjaeuDC4Zx7mTnHixgV0jC+tNzU9MzsXH6+sLC4tLyir65dizDmmFg4ZCFveEgQRgNiSSoZaUScIN9jpO71zlK/fke4oGFwJfsRcXzUCWibYiSV5Oo7to9kFyMGb0r2Pd29dU01lW14dAIvUuUY/kiuXjTKxhBwkpgZKYIMNVf/tFshjn0SSMyQEE3TiKSTIC4pZmRQsGNBIoR7qEOaigbIJ8JJhpkGcEspLdgOuZpAwqH6+yJBvhB931ObaQIx7qXif14zlu0DJ6FBFEsS4NFD7ZhBGcK0INiinGDJ+oogzKn6K8RdxBGWqsaCKsEcjzxJrEr5sGxe7hWrp1kbebABNkEJmGAfVME5qAELYPAAnsALeNUetWftTXsfrea07GYd/IH28Q1OxJrT</latexit><latexit sha1_base64="zcvVCHBuarzEIY84qOxeROa7U1Q=">AAACEnicbVDLSsNAFJ3UV62vqEs3g0WoIiUpgi+EohvdVTC20oQwmU7boZOHMxOxhP6DG3/FjQsVt67c+TdO2gjaeuDC4Zx7mTnHixgV0jC+tNzU9MzsXH6+sLC4tLyir65dizDmmFg4ZCFveEgQRgNiSSoZaUScIN9jpO71zlK/fke4oGFwJfsRcXzUCWibYiSV5Oo7to9kFyMGb0r2Pd29dU01lW14dAIvUuUY/kiuXjTKxhBwkpgZKYIMNVf/tFshjn0SSMyQEE3TiKSTIC4pZmRQsGNBIoR7qEOaigbIJ8JJhpkGcEspLdgOuZpAwqH6+yJBvhB931ObaQIx7qXif14zlu0DJ6FBFEsS4NFD7ZhBGcK0INiinGDJ+oogzKn6K8RdxBGWqsaCKsEcjzxJrEr5sGxe7hWrp1kbebABNkEJmGAfVME5qAELYPAAnsALeNUetWftTXsfrea07GYd/IH28Q1OxJrT</latexit><latexit sha1_base64="zcvVCHBuarzEIY84qOxeROa7U1Q=">AAACEnicbVDLSsNAFJ3UV62vqEs3g0WoIiUpgi+EohvdVTC20oQwmU7boZOHMxOxhP6DG3/FjQsVt67c+TdO2gjaeuDC4Zx7mTnHixgV0jC+tNzU9MzsXH6+sLC4tLyir65dizDmmFg4ZCFveEgQRgNiSSoZaUScIN9jpO71zlK/fke4oGFwJfsRcXzUCWibYiSV5Oo7to9kFyMGb0r2Pd29dU01lW14dAIvUuUY/kiuXjTKxhBwkpgZKYIMNVf/tFshjn0SSMyQEE3TiKSTIC4pZmRQsGNBIoR7qEOaigbIJ8JJhpkGcEspLdgOuZpAwqH6+yJBvhB931ObaQIx7qXif14zlu0DJ6FBFEsS4NFD7ZhBGcK0INiinGDJ+oogzKn6K8RdxBGWqsaCKsEcjzxJrEr5sGxe7hWrp1kbebABNkEJmGAfVME5qAELYPAAnsALeNUetWftTXsfrea07GYd/IH28Q1OxJrT</latexit>

Ẽ(q3, t)
<latexit sha1_base64="dY4ezkt9yBab8q3Wfe3hYIcSv30=">AAAB+HicbVBNS8NAEN3Ur1q/oh69LBahgpREBfVWFMFjBWMLbQibzaZduvlwd1Ioof/EiwcVr/4Ub/4bt20O2vpg4PHeDDPz/FRwBZb1bZSWlldW18rrlY3Nre0dc3fvUSWZpMyhiUhk2yeKCR4zBzgI1k4lI5EvWMsf3Ez81pBJxZP4AUYpcyPSi3nIKQEteabZBS4Clt+Oa0/e2Qkce2bVqltT4EViF6SKCjQ986sbJDSLWAxUEKU6tpWCmxMJnAo2rnQzxVJCB6THOprGJGLKzaeXj/GRVgIcJlJXDHiq/p7ISaTUKPJ1Z0Sgr+a9ifif18kgvHRzHqcZsJjOFoWZwJDgSQw44JJRECNNCJVc34ppn0hCQYdV0SHY8y8vEue0flW378+rjesijTI6QIeohmx0gRroDjWRgygaomf0it6M3Hgx3o2PWWvJKGb20R8Ynz/vSZK+</latexit><latexit sha1_base64="dY4ezkt9yBab8q3Wfe3hYIcSv30=">AAAB+HicbVBNS8NAEN3Ur1q/oh69LBahgpREBfVWFMFjBWMLbQibzaZduvlwd1Ioof/EiwcVr/4Ub/4bt20O2vpg4PHeDDPz/FRwBZb1bZSWlldW18rrlY3Nre0dc3fvUSWZpMyhiUhk2yeKCR4zBzgI1k4lI5EvWMsf3Ez81pBJxZP4AUYpcyPSi3nIKQEteabZBS4Clt+Oa0/e2Qkce2bVqltT4EViF6SKCjQ986sbJDSLWAxUEKU6tpWCmxMJnAo2rnQzxVJCB6THOprGJGLKzaeXj/GRVgIcJlJXDHiq/p7ISaTUKPJ1Z0Sgr+a9ifif18kgvHRzHqcZsJjOFoWZwJDgSQw44JJRECNNCJVc34ppn0hCQYdV0SHY8y8vEue0flW378+rjesijTI6QIeohmx0gRroDjWRgygaomf0it6M3Hgx3o2PWWvJKGb20R8Ynz/vSZK+</latexit><latexit sha1_base64="dY4ezkt9yBab8q3Wfe3hYIcSv30=">AAAB+HicbVBNS8NAEN3Ur1q/oh69LBahgpREBfVWFMFjBWMLbQibzaZduvlwd1Ioof/EiwcVr/4Ub/4bt20O2vpg4PHeDDPz/FRwBZb1bZSWlldW18rrlY3Nre0dc3fvUSWZpMyhiUhk2yeKCR4zBzgI1k4lI5EvWMsf3Ez81pBJxZP4AUYpcyPSi3nIKQEteabZBS4Clt+Oa0/e2Qkce2bVqltT4EViF6SKCjQ986sbJDSLWAxUEKU6tpWCmxMJnAo2rnQzxVJCB6THOprGJGLKzaeXj/GRVgIcJlJXDHiq/p7ISaTUKPJ1Z0Sgr+a9ifif18kgvHRzHqcZsJjOFoWZwJDgSQw44JJRECNNCJVc34ppn0hCQYdV0SHY8y8vEue0flW378+rjesijTI6QIeohmx0gRroDjWRgygaomf0it6M3Hgx3o2PWWvJKGb20R8Ynz/vSZK+</latexit><latexit sha1_base64="dY4ezkt9yBab8q3Wfe3hYIcSv30=">AAAB+HicbVBNS8NAEN3Ur1q/oh69LBahgpREBfVWFMFjBWMLbQibzaZduvlwd1Ioof/EiwcVr/4Ub/4bt20O2vpg4PHeDDPz/FRwBZb1bZSWlldW18rrlY3Nre0dc3fvUSWZpMyhiUhk2yeKCR4zBzgI1k4lI5EvWMsf3Ez81pBJxZP4AUYpcyPSi3nIKQEteabZBS4Clt+Oa0/e2Qkce2bVqltT4EViF6SKCjQ986sbJDSLWAxUEKU6tpWCmxMJnAo2rnQzxVJCB6THOprGJGLKzaeXj/GRVgIcJlJXDHiq/p7ISaTUKPJ1Z0Sgr+a9ifif18kgvHRzHqcZsJjOFoWZwJDgSQw44JJRECNNCJVc34ppn0hCQYdV0SHY8y8vEue0flW378+rjesijTI6QIeohmx0gRroDjWRgygaomf0it6M3Hgx3o2PWWvJKGb20R8Ynz/vSZK+</latexit>

E(q3, t)
<latexit sha1_base64="5IpqSv1yae9jiZDO40sB1YkY+to=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BItQQUqignoriuCxgrHFNpTNdtsu3Wzi7kQoof/CiwcVr/4cb/4bt20O2vpg4PHeDDPzglhwjY7zbeUWFpeWV/KrhbX1jc2t4vbOvY4SRZlHIxGpRkA0E1wyDzkK1ogVI2EgWD0YXI39+hNTmkfyDocx80PSk7zLKUEjPaTXo/Jj++QID9vFklNxJrDniZuREmSotYtfrU5Ek5BJpIJo3XSdGP2UKORUsFGhlWgWEzogPdY0VJKQaT+dXDyyD4zSsbuRMiXRnqi/J1ISaj0MA9MZEuzrWW8s/uc1E+ye+ymXcYJM0umibiJsjOzx+3aHK0ZRDA0hVHFzq037RBGKJqSCCcGdfXmeeMeVi4p7e1qqXmZp5GEP9qEMLpxBFW6gBh5QkPAMr/BmaevFerc+pq05K5vZhT+wPn8AzsSP4w==</latexit><latexit sha1_base64="5IpqSv1yae9jiZDO40sB1YkY+to=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BItQQUqignoriuCxgrHFNpTNdtsu3Wzi7kQoof/CiwcVr/4cb/4bt20O2vpg4PHeDDPzglhwjY7zbeUWFpeWV/KrhbX1jc2t4vbOvY4SRZlHIxGpRkA0E1wyDzkK1ogVI2EgWD0YXI39+hNTmkfyDocx80PSk7zLKUEjPaTXo/Jj++QID9vFklNxJrDniZuREmSotYtfrU5Ek5BJpIJo3XSdGP2UKORUsFGhlWgWEzogPdY0VJKQaT+dXDyyD4zSsbuRMiXRnqi/J1ISaj0MA9MZEuzrWW8s/uc1E+ye+ymXcYJM0umibiJsjOzx+3aHK0ZRDA0hVHFzq037RBGKJqSCCcGdfXmeeMeVi4p7e1qqXmZp5GEP9qEMLpxBFW6gBh5QkPAMr/BmaevFerc+pq05K5vZhT+wPn8AzsSP4w==</latexit><latexit sha1_base64="5IpqSv1yae9jiZDO40sB1YkY+to=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BItQQUqignoriuCxgrHFNpTNdtsu3Wzi7kQoof/CiwcVr/4cb/4bt20O2vpg4PHeDDPzglhwjY7zbeUWFpeWV/KrhbX1jc2t4vbOvY4SRZlHIxGpRkA0E1wyDzkK1ogVI2EgWD0YXI39+hNTmkfyDocx80PSk7zLKUEjPaTXo/Jj++QID9vFklNxJrDniZuREmSotYtfrU5Ek5BJpIJo3XSdGP2UKORUsFGhlWgWEzogPdY0VJKQaT+dXDyyD4zSsbuRMiXRnqi/J1ISaj0MA9MZEuzrWW8s/uc1E+ye+ymXcYJM0umibiJsjOzx+3aHK0ZRDA0hVHFzq037RBGKJqSCCcGdfXmeeMeVi4p7e1qqXmZp5GEP9qEMLpxBFW6gBh5QkPAMr/BmaevFerc+pq05K5vZhT+wPn8AzsSP4w==</latexit><latexit sha1_base64="5IpqSv1yae9jiZDO40sB1YkY+to=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BItQQUqignoriuCxgrHFNpTNdtsu3Wzi7kQoof/CiwcVr/4cb/4bt20O2vpg4PHeDDPzglhwjY7zbeUWFpeWV/KrhbX1jc2t4vbOvY4SRZlHIxGpRkA0E1wyDzkK1ogVI2EgWD0YXI39+hNTmkfyDocx80PSk7zLKUEjPaTXo/Jj++QID9vFklNxJrDniZuREmSotYtfrU5Ek5BJpIJo3XSdGP2UKORUsFGhlWgWEzogPdY0VJKQaT+dXDyyD4zSsbuRMiXRnqi/J1ISaj0MA9MZEuzrWW8s/uc1E+ye+ymXcYJM0umibiJsjOzx+3aHK0ZRDA0hVHFzq037RBGKJqSCCcGdfXmeeMeVi4p7e1qqXmZp5GEP9qEMLpxBFW6gBh5QkPAMr/BmaevFerc+pq05K5vZhT+wPn8AzsSP4w==</latexit>

H
<latexit sha1_base64="A7p9ZQO4KIjga3njgVovEHbGQTE=">AAAB8HicbVBNS8NAFHypX7V+VT16WSyCp5KIoN6KXnqsYLTYhrLZbtqlm03YfRFK6b/w4kHFqz/Hm//GTZuDtg4sDDPvsfMmTKUw6LrfTmlldW19o7xZ2dre2d2r7h/cmyTTjPsskYluh9RwKRT3UaDk7VRzGoeSP4Sjm9x/eOLaiETd4TjlQUwHSkSCUbTSYzemOGRUkmavWnPr7gxkmXgFqUGBVq/61e0nLIu5QiapMR3PTTGYUI2CST6tdDPDU8pGdMA7lioacxNMZomn5MQqfRIl2j6FZKb+3pjQ2JhxHNrJPKFZ9HLxP6+TYXQZTIRKM+SKzT+KMkkwIfn5pC80ZyjHllCmhc1K2JBqytCWVLEleIsnLxP/rH5V927Pa43roo0yHMExnIIHF9CAJrTABwYKnuEV3hzjvDjvzsd8tOQUO4fwB87nD3VgkFA=</latexit><latexit sha1_base64="A7p9ZQO4KIjga3njgVovEHbGQTE=">AAAB8HicbVBNS8NAFHypX7V+VT16WSyCp5KIoN6KXnqsYLTYhrLZbtqlm03YfRFK6b/w4kHFqz/Hm//GTZuDtg4sDDPvsfMmTKUw6LrfTmlldW19o7xZ2dre2d2r7h/cmyTTjPsskYluh9RwKRT3UaDk7VRzGoeSP4Sjm9x/eOLaiETd4TjlQUwHSkSCUbTSYzemOGRUkmavWnPr7gxkmXgFqUGBVq/61e0nLIu5QiapMR3PTTGYUI2CST6tdDPDU8pGdMA7lioacxNMZomn5MQqfRIl2j6FZKb+3pjQ2JhxHNrJPKFZ9HLxP6+TYXQZTIRKM+SKzT+KMkkwIfn5pC80ZyjHllCmhc1K2JBqytCWVLEleIsnLxP/rH5V927Pa43roo0yHMExnIIHF9CAJrTABwYKnuEV3hzjvDjvzsd8tOQUO4fwB87nD3VgkFA=</latexit><latexit sha1_base64="A7p9ZQO4KIjga3njgVovEHbGQTE=">AAAB8HicbVBNS8NAFHypX7V+VT16WSyCp5KIoN6KXnqsYLTYhrLZbtqlm03YfRFK6b/w4kHFqz/Hm//GTZuDtg4sDDPvsfMmTKUw6LrfTmlldW19o7xZ2dre2d2r7h/cmyTTjPsskYluh9RwKRT3UaDk7VRzGoeSP4Sjm9x/eOLaiETd4TjlQUwHSkSCUbTSYzemOGRUkmavWnPr7gxkmXgFqUGBVq/61e0nLIu5QiapMR3PTTGYUI2CST6tdDPDU8pGdMA7lioacxNMZomn5MQqfRIl2j6FZKb+3pjQ2JhxHNrJPKFZ9HLxP6+TYXQZTIRKM+SKzT+KMkkwIfn5pC80ZyjHllCmhc1K2JBqytCWVLEleIsnLxP/rH5V927Pa43roo0yHMExnIIHF9CAJrTABwYKnuEV3hzjvDjvzsd8tOQUO4fwB87nD3VgkFA=</latexit><latexit sha1_base64="A7p9ZQO4KIjga3njgVovEHbGQTE=">AAAB8HicbVBNS8NAFHypX7V+VT16WSyCp5KIoN6KXnqsYLTYhrLZbtqlm03YfRFK6b/w4kHFqz/Hm//GTZuDtg4sDDPvsfMmTKUw6LrfTmlldW19o7xZ2dre2d2r7h/cmyTTjPsskYluh9RwKRT3UaDk7VRzGoeSP4Sjm9x/eOLaiETd4TjlQUwHSkSCUbTSYzemOGRUkmavWnPr7gxkmXgFqUGBVq/61e0nLIu5QiapMR3PTTGYUI2CST6tdDPDU8pGdMA7lioacxNMZomn5MQqfRIl2j6FZKb+3pjQ2JhxHNrJPKFZ9HLxP6+TYXQZTIRKM+SKzT+KMkkwIfn5pC80ZyjHllCmhc1K2JBqytCWVLEleIsnLxP/rH5V927Pa43roo0yHMExnIIHF9CAJrTABwYKnuEV3hzjvDjvzsd8tOQUO4fwB87nD3VgkFA=</latexit>

Light source

E1(q3, t)
<latexit sha1_base64="GIElA2bNwxZBsFBgEzD1VLFQWM0=">AAAB8nicbVDLSgNBEOz1GeMr6tHLYBAiSNhVQb0FRfAYwZhAsiyzk9lkyOzDmV4hLPkNLx5UvPo13vwbJ8keNLGgoajqprvLT6TQaNvf1sLi0vLKamGtuL6xubVd2tl90HGqGG+wWMaq5VPNpYh4AwVK3koUp6EvedMfXI/95hNXWsTRPQ4T7oa0F4lAMIpG6mQ3I8+pPHqnx3jklcp21Z6AzBMnJ2XIUfdKX51uzNKQR8gk1brt2Am6GVUomOSjYifVPKFsQHu8bWhEQ67dbHLziBwapUuCWJmKkEzU3xMZDbUehr7pDCn29aw3Fv/z2ikGF24moiRFHrHpoiCVBGMyDoB0heIM5dAQypQwtxLWp4oyNDEVTQjO7MvzpHFSvaw6d2fl2lWeRgH24QAq4MA51OAW6tAABgk8wyu8Wan1Yr1bH9PWBSuf2YM/sD5/APk4kIc=</latexit><latexit sha1_base64="GIElA2bNwxZBsFBgEzD1VLFQWM0=">AAAB8nicbVDLSgNBEOz1GeMr6tHLYBAiSNhVQb0FRfAYwZhAsiyzk9lkyOzDmV4hLPkNLx5UvPo13vwbJ8keNLGgoajqprvLT6TQaNvf1sLi0vLKamGtuL6xubVd2tl90HGqGG+wWMaq5VPNpYh4AwVK3koUp6EvedMfXI/95hNXWsTRPQ4T7oa0F4lAMIpG6mQ3I8+pPHqnx3jklcp21Z6AzBMnJ2XIUfdKX51uzNKQR8gk1brt2Am6GVUomOSjYifVPKFsQHu8bWhEQ67dbHLziBwapUuCWJmKkEzU3xMZDbUehr7pDCn29aw3Fv/z2ikGF24moiRFHrHpoiCVBGMyDoB0heIM5dAQypQwtxLWp4oyNDEVTQjO7MvzpHFSvaw6d2fl2lWeRgH24QAq4MA51OAW6tAABgk8wyu8Wan1Yr1bH9PWBSuf2YM/sD5/APk4kIc=</latexit><latexit sha1_base64="GIElA2bNwxZBsFBgEzD1VLFQWM0=">AAAB8nicbVDLSgNBEOz1GeMr6tHLYBAiSNhVQb0FRfAYwZhAsiyzk9lkyOzDmV4hLPkNLx5UvPo13vwbJ8keNLGgoajqprvLT6TQaNvf1sLi0vLKamGtuL6xubVd2tl90HGqGG+wWMaq5VPNpYh4AwVK3koUp6EvedMfXI/95hNXWsTRPQ4T7oa0F4lAMIpG6mQ3I8+pPHqnx3jklcp21Z6AzBMnJ2XIUfdKX51uzNKQR8gk1brt2Am6GVUomOSjYifVPKFsQHu8bWhEQ67dbHLziBwapUuCWJmKkEzU3xMZDbUehr7pDCn29aw3Fv/z2ikGF24moiRFHrHpoiCVBGMyDoB0heIM5dAQypQwtxLWp4oyNDEVTQjO7MvzpHFSvaw6d2fl2lWeRgH24QAq4MA51OAW6tAABgk8wyu8Wan1Yr1bH9PWBSuf2YM/sD5/APk4kIc=</latexit><latexit sha1_base64="GIElA2bNwxZBsFBgEzD1VLFQWM0=">AAAB8nicbVDLSgNBEOz1GeMr6tHLYBAiSNhVQb0FRfAYwZhAsiyzk9lkyOzDmV4hLPkNLx5UvPo13vwbJ8keNLGgoajqprvLT6TQaNvf1sLi0vLKamGtuL6xubVd2tl90HGqGG+wWMaq5VPNpYh4AwVK3koUp6EvedMfXI/95hNXWsTRPQ4T7oa0F4lAMIpG6mQ3I8+pPHqnx3jklcp21Z6AzBMnJ2XIUfdKX51uzNKQR8gk1brt2Am6GVUomOSjYifVPKFsQHu8bWhEQ67dbHLziBwapUuCWJmKkEzU3xMZDbUehr7pDCn29aw3Fv/z2ikGF24moiRFHrHpoiCVBGMyDoB0heIM5dAQypQwtxLWp4oyNDEVTQjO7MvzpHFSvaw6d2fl2lWeRgH24QAq4MA51OAW6tAABgk8wyu8Wan1Yr1bH9PWBSuf2YM/sD5/APk4kIc=</latexit>

E2(q3, t)
<latexit sha1_base64="qHNFwkqCRIlGgevia9PYpppd4ec=">AAAB8nicbVBNS8NAEN3Ur1q/qh69LBahgpSkCuqtKILHCsYW2hA22027dLOJuxOhhP4NLx5UvPprvPlv3LY5aOuDgcd7M8zMCxLBNdj2t1VYWl5ZXSuulzY2t7Z3yrt7DzpOFWUujUWs2gHRTHDJXOAgWDtRjESBYK1geD3xW09MaR7LexglzItIX/KQUwJG6mY3Y79effRPT+DYL1fsmj0FXiROTiooR9Mvf3V7MU0jJoEKonXHsRPwMqKAU8HGpW6qWULokPRZx1BJIqa9bHrzGB8ZpYfDWJmSgKfq74mMRFqPosB0RgQGet6biP95nRTCCy/jMkmBSTpbFKYCQ4wnAeAeV4yCGBlCqOLmVkwHRBEKJqaSCcGZf3mRuPXaZc25O6s0rvI0iugAHaIqctA5aqBb1EQuoihBz+gVvVmp9WK9Wx+z1oKVz+yjP7A+fwD6wpCI</latexit><latexit sha1_base64="qHNFwkqCRIlGgevia9PYpppd4ec=">AAAB8nicbVBNS8NAEN3Ur1q/qh69LBahgpSkCuqtKILHCsYW2hA22027dLOJuxOhhP4NLx5UvPprvPlv3LY5aOuDgcd7M8zMCxLBNdj2t1VYWl5ZXSuulzY2t7Z3yrt7DzpOFWUujUWs2gHRTHDJXOAgWDtRjESBYK1geD3xW09MaR7LexglzItIX/KQUwJG6mY3Y79effRPT+DYL1fsmj0FXiROTiooR9Mvf3V7MU0jJoEKonXHsRPwMqKAU8HGpW6qWULokPRZx1BJIqa9bHrzGB8ZpYfDWJmSgKfq74mMRFqPosB0RgQGet6biP95nRTCCy/jMkmBSTpbFKYCQ4wnAeAeV4yCGBlCqOLmVkwHRBEKJqaSCcGZf3mRuPXaZc25O6s0rvI0iugAHaIqctA5aqBb1EQuoihBz+gVvVmp9WK9Wx+z1oKVz+yjP7A+fwD6wpCI</latexit><latexit sha1_base64="qHNFwkqCRIlGgevia9PYpppd4ec=">AAAB8nicbVBNS8NAEN3Ur1q/qh69LBahgpSkCuqtKILHCsYW2hA22027dLOJuxOhhP4NLx5UvPprvPlv3LY5aOuDgcd7M8zMCxLBNdj2t1VYWl5ZXSuulzY2t7Z3yrt7DzpOFWUujUWs2gHRTHDJXOAgWDtRjESBYK1geD3xW09MaR7LexglzItIX/KQUwJG6mY3Y79effRPT+DYL1fsmj0FXiROTiooR9Mvf3V7MU0jJoEKonXHsRPwMqKAU8HGpW6qWULokPRZx1BJIqa9bHrzGB8ZpYfDWJmSgKfq74mMRFqPosB0RgQGet6biP95nRTCCy/jMkmBSTpbFKYCQ4wnAeAeV4yCGBlCqOLmVkwHRBEKJqaSCcGZf3mRuPXaZc25O6s0rvI0iugAHaIqctA5aqBb1EQuoihBz+gVvVmp9WK9Wx+z1oKVz+yjP7A+fwD6wpCI</latexit><latexit sha1_base64="qHNFwkqCRIlGgevia9PYpppd4ec=">AAAB8nicbVBNS8NAEN3Ur1q/qh69LBahgpSkCuqtKILHCsYW2hA22027dLOJuxOhhP4NLx5UvPprvPlv3LY5aOuDgcd7M8zMCxLBNdj2t1VYWl5ZXSuulzY2t7Z3yrt7DzpOFWUujUWs2gHRTHDJXOAgWDtRjESBYK1geD3xW09MaR7LexglzItIX/KQUwJG6mY3Y79effRPT+DYL1fsmj0FXiROTiooR9Mvf3V7MU0jJoEKonXHsRPwMqKAU8HGpW6qWULokPRZx1BJIqa9bHrzGB8ZpYfDWJmSgKfq74mMRFqPosB0RgQGet6biP95nRTCCy/jMkmBSTpbFKYCQ4wnAeAeV4yCGBlCqOLmVkwHRBEKJqaSCcGZf3mRuPXaZc25O6s0rvI0iugAHaIqctA5aqBb1EQuoihBz+gVvVmp9WK9Wx+z1oKVz+yjP7A+fwD6wpCI</latexit>

F�1
<latexit sha1_base64="eOAjqjdGAGULPp5XlaERzPRmMv4=">AAAB93icbVBNS8NAFHypX7V+NOrRy2IRvFgSEdRbURCPFYwttLFstpt26WYTdjdCDf0lXjyoePWvePPfuGlz0NaBhWHmPd7sBAlnSjvOt1VaWl5ZXSuvVzY2t7ar9s7uvYpTSahHYh7LdoAV5UxQTzPNaTuRFEcBp61gdJX7rUcqFYvFnR4n1I/wQLCQEayN1LOr3QjrIcEcXT9kx+6kZ9ecujMFWiRuQWpQoNmzv7r9mKQRFZpwrFTHdRLtZ1hqRjidVLqpogkmIzygHUMFjqjys2nwCTo0Sh+FsTRPaDRVf29kOFJqHAVmMo+p5r1c/M/rpDo89zMmklRTQWaHwpQjHaO8BdRnkhLNx4ZgIpnJisgQS0y06apiSnDnv7xIvJP6Rd29Pa01Los2yrAPB3AELpxBA26gCR4QSOEZXuHNerJerHfrYzZasoqdPfgD6/MHS6WSZQ==</latexit><latexit sha1_base64="eOAjqjdGAGULPp5XlaERzPRmMv4=">AAAB93icbVBNS8NAFHypX7V+NOrRy2IRvFgSEdRbURCPFYwttLFstpt26WYTdjdCDf0lXjyoePWvePPfuGlz0NaBhWHmPd7sBAlnSjvOt1VaWl5ZXSuvVzY2t7ar9s7uvYpTSahHYh7LdoAV5UxQTzPNaTuRFEcBp61gdJX7rUcqFYvFnR4n1I/wQLCQEayN1LOr3QjrIcEcXT9kx+6kZ9ecujMFWiRuQWpQoNmzv7r9mKQRFZpwrFTHdRLtZ1hqRjidVLqpogkmIzygHUMFjqjys2nwCTo0Sh+FsTRPaDRVf29kOFJqHAVmMo+p5r1c/M/rpDo89zMmklRTQWaHwpQjHaO8BdRnkhLNx4ZgIpnJisgQS0y06apiSnDnv7xIvJP6Rd29Pa01Los2yrAPB3AELpxBA26gCR4QSOEZXuHNerJerHfrYzZasoqdPfgD6/MHS6WSZQ==</latexit><latexit sha1_base64="eOAjqjdGAGULPp5XlaERzPRmMv4=">AAAB93icbVBNS8NAFHypX7V+NOrRy2IRvFgSEdRbURCPFYwttLFstpt26WYTdjdCDf0lXjyoePWvePPfuGlz0NaBhWHmPd7sBAlnSjvOt1VaWl5ZXSuvVzY2t7ar9s7uvYpTSahHYh7LdoAV5UxQTzPNaTuRFEcBp61gdJX7rUcqFYvFnR4n1I/wQLCQEayN1LOr3QjrIcEcXT9kx+6kZ9ecujMFWiRuQWpQoNmzv7r9mKQRFZpwrFTHdRLtZ1hqRjidVLqpogkmIzygHUMFjqjys2nwCTo0Sh+FsTRPaDRVf29kOFJqHAVmMo+p5r1c/M/rpDo89zMmklRTQWaHwpQjHaO8BdRnkhLNx4ZgIpnJisgQS0y06apiSnDnv7xIvJP6Rd29Pa01Los2yrAPB3AELpxBA26gCR4QSOEZXuHNerJerHfrYzZasoqdPfgD6/MHS6WSZQ==</latexit><latexit sha1_base64="eOAjqjdGAGULPp5XlaERzPRmMv4=">AAAB93icbVBNS8NAFHypX7V+NOrRy2IRvFgSEdRbURCPFYwttLFstpt26WYTdjdCDf0lXjyoePWvePPfuGlz0NaBhWHmPd7sBAlnSjvOt1VaWl5ZXSuvVzY2t7ar9s7uvYpTSahHYh7LdoAV5UxQTzPNaTuRFEcBp61gdJX7rUcqFYvFnR4n1I/wQLCQEayN1LOr3QjrIcEcXT9kx+6kZ9ecujMFWiRuQWpQoNmzv7r9mKQRFZpwrFTHdRLtZ1hqRjidVLqpogkmIzygHUMFjqjys2nwCTo0Sh+FsTRPaDRVf29kOFJqHAVmMo+p5r1c/M/rpDo89zMmklRTQWaHwpQjHaO8BdRnkhLNx4ZgIpnJisgQS0y06apiSnDnv7xIvJP6Rd29Pa01Los2yrAPB3AELpxBA26gCR4QSOEZXuHNerJerHfrYzZasoqdPfgD6/MHS6WSZQ==</latexit>

F
<latexit sha1_base64="c+ZxYuZifFz6H50HGtpRf9EVQHM=">AAAB8HicbVBNS8NAFHypX7V+VT16WSyCp5KIoN6KgnisYGyxDWWz3bZLN5uw+yKU0H/hxYOKV3+ON/+NmzYHrQ4sDDPvsfMmTKQw6LpfTmlpeWV1rbxe2djc2t6p7u7dmzjVjPsslrFuh9RwKRT3UaDk7URzGoWSt8LxVe63Hrk2IlZ3OEl4ENGhEgPBKFrpoRtRHDEqyXWvWnPr7gzkL/EKUoMCzV71s9uPWRpxhUxSYzqem2CQUY2CST6tdFPDE8rGdMg7lioacRNks8RTcmSVPhnE2j6FZKb+3MhoZMwkCu1kntAsern4n9dJcXAeZEIlKXLF5h8NUkkwJvn5pC80ZygnllCmhc1K2IhqytCWVLEleIsn/yX+Sf2i7t2e1hqXRRtlOIBDOAYPzqABN9AEHxgoeIIXeHWM8+y8Oe/z0ZJT7OzDLzgf33JakE4=</latexit><latexit sha1_base64="c+ZxYuZifFz6H50HGtpRf9EVQHM=">AAAB8HicbVBNS8NAFHypX7V+VT16WSyCp5KIoN6KgnisYGyxDWWz3bZLN5uw+yKU0H/hxYOKV3+ON/+NmzYHrQ4sDDPvsfMmTKQw6LpfTmlpeWV1rbxe2djc2t6p7u7dmzjVjPsslrFuh9RwKRT3UaDk7URzGoWSt8LxVe63Hrk2IlZ3OEl4ENGhEgPBKFrpoRtRHDEqyXWvWnPr7gzkL/EKUoMCzV71s9uPWRpxhUxSYzqem2CQUY2CST6tdFPDE8rGdMg7lioacRNks8RTcmSVPhnE2j6FZKb+3MhoZMwkCu1kntAsern4n9dJcXAeZEIlKXLF5h8NUkkwJvn5pC80ZygnllCmhc1K2IhqytCWVLEleIsn/yX+Sf2i7t2e1hqXRRtlOIBDOAYPzqABN9AEHxgoeIIXeHWM8+y8Oe/z0ZJT7OzDLzgf33JakE4=</latexit><latexit sha1_base64="c+ZxYuZifFz6H50HGtpRf9EVQHM=">AAAB8HicbVBNS8NAFHypX7V+VT16WSyCp5KIoN6KgnisYGyxDWWz3bZLN5uw+yKU0H/hxYOKV3+ON/+NmzYHrQ4sDDPvsfMmTKQw6LpfTmlpeWV1rbxe2djc2t6p7u7dmzjVjPsslrFuh9RwKRT3UaDk7URzGoWSt8LxVe63Hrk2IlZ3OEl4ENGhEgPBKFrpoRtRHDEqyXWvWnPr7gzkL/EKUoMCzV71s9uPWRpxhUxSYzqem2CQUY2CST6tdFPDE8rGdMg7lioacRNks8RTcmSVPhnE2j6FZKb+3MhoZMwkCu1kntAsern4n9dJcXAeZEIlKXLF5h8NUkkwJvn5pC80ZygnllCmhc1K2IhqytCWVLEleIsn/yX+Sf2i7t2e1hqXRRtlOIBDOAYPzqABN9AEHxgoeIIXeHWM8+y8Oe/z0ZJT7OzDLzgf33JakE4=</latexit><latexit sha1_base64="c+ZxYuZifFz6H50HGtpRf9EVQHM=">AAAB8HicbVBNS8NAFHypX7V+VT16WSyCp5KIoN6KgnisYGyxDWWz3bZLN5uw+yKU0H/hxYOKV3+ON/+NmzYHrQ4sDDPvsfMmTKQw6LpfTmlpeWV1rbxe2djc2t6p7u7dmzjVjPsslrFuh9RwKRT3UaDk7URzGoWSt8LxVe63Hrk2IlZ3OEl4ENGhEgPBKFrpoRtRHDEqyXWvWnPr7gzkL/EKUoMCzV71s9uPWRpxhUxSYzqem2CQUY2CST6tdFPDE8rGdMg7lioacRNks8RTcmSVPhnE2j6FZKb+3MhoZMwkCu1kntAsern4n9dJcXAeZEIlKXLF5h8NUkkwJvn5pC80ZygnllCmhc1K2IhqytCWVLEleIsn/yX+Sf2i7t2e1hqXRRtlOIBDOAYPzqABN9AEHxgoeIIXeHWM8+y8Oe/z0ZJT7OzDLzgf33JakE4=</latexit>

0�⇠max
<latexit sha1_base64="LeV+21EKI7Y9cOyITahCHkdTKdo=">AAAB8XicbVBNS8NAEN3Ur1q/qh69LBbBiyURQb0VvXisYGyhCWWz3bRLd7NhdyItoT/DiwcVr/4bb/4bt20O2vpg4PHeDDPzolRwA6777ZRWVtfWN8qbla3tnd296v7Bo1GZpsynSijdjohhgifMBw6CtVPNiIwEa0XD26nfemLacJU8wDhloST9hMecErBS5ywY8W4eSDKadKs1t+7OgJeJV5AaKtDsVr+CnqKZZAlQQYzpeG4KYU40cCrYpBJkhqWEDkmfdSxNiGQmzGcnT/CJVXo4VtpWAnim/p7IiTRmLCPbKQkMzKI3Ff/zOhnEV2HOkzQDltD5ojgTGBSe/o97XDMKYmwJoZrbWzEdEE0o2JQqNgRv8eVl4p/Xr+ve/UWtcVOkUUZH6BidIg9doga6Q03kI4oUekav6M0B58V5dz7mrSWnmDlEf+B8/gDGsJEf</latexit><latexit sha1_base64="LeV+21EKI7Y9cOyITahCHkdTKdo=">AAAB8XicbVBNS8NAEN3Ur1q/qh69LBbBiyURQb0VvXisYGyhCWWz3bRLd7NhdyItoT/DiwcVr/4bb/4bt20O2vpg4PHeDDPzolRwA6777ZRWVtfWN8qbla3tnd296v7Bo1GZpsynSijdjohhgifMBw6CtVPNiIwEa0XD26nfemLacJU8wDhloST9hMecErBS5ywY8W4eSDKadKs1t+7OgJeJV5AaKtDsVr+CnqKZZAlQQYzpeG4KYU40cCrYpBJkhqWEDkmfdSxNiGQmzGcnT/CJVXo4VtpWAnim/p7IiTRmLCPbKQkMzKI3Ff/zOhnEV2HOkzQDltD5ojgTGBSe/o97XDMKYmwJoZrbWzEdEE0o2JQqNgRv8eVl4p/Xr+ve/UWtcVOkUUZH6BidIg9doga6Q03kI4oUekav6M0B58V5dz7mrSWnmDlEf+B8/gDGsJEf</latexit><latexit sha1_base64="LeV+21EKI7Y9cOyITahCHkdTKdo=">AAAB8XicbVBNS8NAEN3Ur1q/qh69LBbBiyURQb0VvXisYGyhCWWz3bRLd7NhdyItoT/DiwcVr/4bb/4bt20O2vpg4PHeDDPzolRwA6777ZRWVtfWN8qbla3tnd296v7Bo1GZpsynSijdjohhgifMBw6CtVPNiIwEa0XD26nfemLacJU8wDhloST9hMecErBS5ywY8W4eSDKadKs1t+7OgJeJV5AaKtDsVr+CnqKZZAlQQYzpeG4KYU40cCrYpBJkhqWEDkmfdSxNiGQmzGcnT/CJVXo4VtpWAnim/p7IiTRmLCPbKQkMzKI3Ff/zOhnEV2HOkzQDltD5ojgTGBSe/o97XDMKYmwJoZrbWzEdEE0o2JQqNgRv8eVl4p/Xr+ve/UWtcVOkUUZH6BidIg9doga6Q03kI4oUekav6M0B58V5dz7mrSWnmDlEf+B8/gDGsJEf</latexit><latexit sha1_base64="LeV+21EKI7Y9cOyITahCHkdTKdo=">AAAB8XicbVBNS8NAEN3Ur1q/qh69LBbBiyURQb0VvXisYGyhCWWz3bRLd7NhdyItoT/DiwcVr/4bb/4bt20O2vpg4PHeDDPzolRwA6777ZRWVtfWN8qbla3tnd296v7Bo1GZpsynSijdjohhgifMBw6CtVPNiIwEa0XD26nfemLacJU8wDhloST9hMecErBS5ywY8W4eSDKadKs1t+7OgJeJV5AaKtDsVr+CnqKZZAlQQYzpeG4KYU40cCrYpBJkhqWEDkmfdSxNiGQmzGcnT/CJVXo4VtpWAnim/p7IiTRmLCPbKQkMzKI3Ff/zOhnEV2HOkzQDltD5ojgTGBSe/o97XDMKYmwJoZrbWzEdEE0o2JQqNgRv8eVl4p/Xr+ve/UWtcVOkUUZH6BidIg9doga6Q03kI4oUekav6M0B58V5dz7mrSWnmDlEf+B8/gDGsJEf</latexit>

⇠max

, <latexit sha1_base64="Fde3I1S7l2LSHflQ/wLNC1ajzIk=">AAAB93icbVBNS8NAEN34WetHox69LBbBU0lEUG9FLx48VDC20Iay2W7apZvdsDtRaugv8eJBxat/xZv/xm2bg7Y+GHi8N8PMvCgV3IDnfTtLyyura+uljfLm1vZOxd3duzcq05QFVAmlWxExTHDJAuAgWCvVjCSRYM1oeDXxmw9MG67kHYxSFiakL3nMKQErdd1K54bFoHl/AERr9dh1q17NmwIvEr8gVVSg0XW/Oj1Fs4RJoIIY0/a9FMKcaOBUsHG5kxmWEjokfda2VJKEmTCfHj7GR1bp4VhpWxLwVP09kZPEmFES2c6EwMDMexPxP6+dQXwe5lymGTBJZ4viTGBQeJIC7nHNKIiRJYRqbm/FdEA0oWCzKtsQ/PmXF0lwUruo+ben1fplkUYJHaBDdIx8dIbq6Bo1UIAoytAzekVvzpPz4rw7H7PWJaeY2Ud/4Hz+AKCok0U=</latexit><latexit sha1_base64="Fde3I1S7l2LSHflQ/wLNC1ajzIk=">AAAB93icbVBNS8NAEN34WetHox69LBbBU0lEUG9FLx48VDC20Iay2W7apZvdsDtRaugv8eJBxat/xZv/xm2bg7Y+GHi8N8PMvCgV3IDnfTtLyyura+uljfLm1vZOxd3duzcq05QFVAmlWxExTHDJAuAgWCvVjCSRYM1oeDXxmw9MG67kHYxSFiakL3nMKQErdd1K54bFoHl/AERr9dh1q17NmwIvEr8gVVSg0XW/Oj1Fs4RJoIIY0/a9FMKcaOBUsHG5kxmWEjokfda2VJKEmTCfHj7GR1bp4VhpWxLwVP09kZPEmFES2c6EwMDMexPxP6+dQXwe5lymGTBJZ4viTGBQeJIC7nHNKIiRJYRqbm/FdEA0oWCzKtsQ/PmXF0lwUruo+ben1fplkUYJHaBDdIx8dIbq6Bo1UIAoytAzekVvzpPz4rw7H7PWJaeY2Ud/4Hz+AKCok0U=</latexit><latexit sha1_base64="Fde3I1S7l2LSHflQ/wLNC1ajzIk=">AAAB93icbVBNS8NAEN34WetHox69LBbBU0lEUG9FLx48VDC20Iay2W7apZvdsDtRaugv8eJBxat/xZv/xm2bg7Y+GHi8N8PMvCgV3IDnfTtLyyura+uljfLm1vZOxd3duzcq05QFVAmlWxExTHDJAuAgWCvVjCSRYM1oeDXxmw9MG67kHYxSFiakL3nMKQErdd1K54bFoHl/AERr9dh1q17NmwIvEr8gVVSg0XW/Oj1Fs4RJoIIY0/a9FMKcaOBUsHG5kxmWEjokfda2VJKEmTCfHj7GR1bp4VhpWxLwVP09kZPEmFES2c6EwMDMexPxP6+dQXwe5lymGTBJZ4viTGBQeJIC7nHNKIiRJYRqbm/FdEA0oWCzKtsQ/PmXF0lwUruo+ben1fplkUYJHaBDdIx8dIbq6Bo1UIAoytAzekVvzpPz4rw7H7PWJaeY2Ud/4Hz+AKCok0U=</latexit><latexit sha1_base64="Fde3I1S7l2LSHflQ/wLNC1ajzIk=">AAAB93icbVBNS8NAEN34WetHox69LBbBU0lEUG9FLx48VDC20Iay2W7apZvdsDtRaugv8eJBxat/xZv/xm2bg7Y+GHi8N8PMvCgV3IDnfTtLyyura+uljfLm1vZOxd3duzcq05QFVAmlWxExTHDJAuAgWCvVjCSRYM1oeDXxmw9MG67kHYxSFiakL3nMKQErdd1K54bFoHl/AERr9dh1q17NmwIvEr8gVVSg0XW/Oj1Fs4RJoIIY0/a9FMKcaOBUsHG5kxmWEjokfda2VJKEmTCfHj7GR1bp4VhpWxLwVP09kZPEmFES2c6EwMDMexPxP6+dQXwe5lymGTBJZ4viTGBQeJIC7nHNKIiRJYRqbm/FdEA0oWCzKtsQ/PmXF0lwUruo+ben1fplkUYJHaBDdIx8dIbq6Bo1UIAoytAzekVvzpPz4rw7H7PWJaeY2Ud/4Hz+AKCok0U=</latexit>

X (⌫, q1, q2) := |E0(⌫; q1, q2)|2
<latexit sha1_base64="MlbNGAE8+IbpXqjmiuNBBAhk2gM=">AAACG3icbVBLSwMxGMzWV62vVY9egkWoIGW3Cr4QiiJ4rODaQluXbJq2odnsmmSFsu0P8eJf8eJBxZPgwX9jtl1QqwMJw8z3kcx4IaNSWdankZmanpmdy87nFhaXllfM1bVrGUQCEwcHLBA1D0nCKCeOooqRWigI8j1Gql7vLPGrd0RIGvAr1Q9J00cdTtsUI6Ul19xt+Eh1MWKwVmjwaAfeunZylbbh0QkcnLtWIh9/y4ObkmvmraI1AvxL7JTkQYqKa743WgGOfMIVZkjKum2FqhkjoShmZJhrRJKECPdQh9Q15cgnshmPwg3hllZasB0IfbiCI/XnRox8Kfu+pyeTKHLSS8T/vHqk2gfNmPIwUoTj8UPtiEEVwKQp2KKCYMX6miAsqP4rxF0kEFa6z5wuwZ6M/Jc4peJh0b7cy5dP0zayYANsggKwwT4ogwtQAQ7A4B48gmfwYjwYT8ar8TYezRjpzjr4BePjC802naM=</latexit><latexit sha1_base64="MlbNGAE8+IbpXqjmiuNBBAhk2gM=">AAACG3icbVBLSwMxGMzWV62vVY9egkWoIGW3Cr4QiiJ4rODaQluXbJq2odnsmmSFsu0P8eJf8eJBxZPgwX9jtl1QqwMJw8z3kcx4IaNSWdankZmanpmdy87nFhaXllfM1bVrGUQCEwcHLBA1D0nCKCeOooqRWigI8j1Gql7vLPGrd0RIGvAr1Q9J00cdTtsUI6Ul19xt+Eh1MWKwVmjwaAfeunZylbbh0QkcnLtWIh9/y4ObkmvmraI1AvxL7JTkQYqKa743WgGOfMIVZkjKum2FqhkjoShmZJhrRJKECPdQh9Q15cgnshmPwg3hllZasB0IfbiCI/XnRox8Kfu+pyeTKHLSS8T/vHqk2gfNmPIwUoTj8UPtiEEVwKQp2KKCYMX6miAsqP4rxF0kEFa6z5wuwZ6M/Jc4peJh0b7cy5dP0zayYANsggKwwT4ogwtQAQ7A4B48gmfwYjwYT8ar8TYezRjpzjr4BePjC802naM=</latexit><latexit sha1_base64="MlbNGAE8+IbpXqjmiuNBBAhk2gM=">AAACG3icbVBLSwMxGMzWV62vVY9egkWoIGW3Cr4QiiJ4rODaQluXbJq2odnsmmSFsu0P8eJf8eJBxZPgwX9jtl1QqwMJw8z3kcx4IaNSWdankZmanpmdy87nFhaXllfM1bVrGUQCEwcHLBA1D0nCKCeOooqRWigI8j1Gql7vLPGrd0RIGvAr1Q9J00cdTtsUI6Ul19xt+Eh1MWKwVmjwaAfeunZylbbh0QkcnLtWIh9/y4ObkmvmraI1AvxL7JTkQYqKa743WgGOfMIVZkjKum2FqhkjoShmZJhrRJKECPdQh9Q15cgnshmPwg3hllZasB0IfbiCI/XnRox8Kfu+pyeTKHLSS8T/vHqk2gfNmPIwUoTj8UPtiEEVwKQp2KKCYMX6miAsqP4rxF0kEFa6z5wuwZ6M/Jc4peJh0b7cy5dP0zayYANsggKwwT4ogwtQAQ7A4B48gmfwYjwYT8ar8TYezRjpzjr4BePjC802naM=</latexit><latexit sha1_base64="MlbNGAE8+IbpXqjmiuNBBAhk2gM=">AAACG3icbVBLSwMxGMzWV62vVY9egkWoIGW3Cr4QiiJ4rODaQluXbJq2odnsmmSFsu0P8eJf8eJBxZPgwX9jtl1QqwMJw8z3kcx4IaNSWdankZmanpmdy87nFhaXllfM1bVrGUQCEwcHLBA1D0nCKCeOooqRWigI8j1Gql7vLPGrd0RIGvAr1Q9J00cdTtsUI6Ul19xt+Eh1MWKwVmjwaAfeunZylbbh0QkcnLtWIh9/y4ObkmvmraI1AvxL7JTkQYqKa743WgGOfMIVZkjKum2FqhkjoShmZJhrRJKECPdQh9Q15cgnshmPwg3hllZasB0IfbiCI/XnRox8Kfu+pyeTKHLSS8T/vHqk2gfNmPIwUoTj8UPtiEEVwKQp2KKCYMX6miAsqP4rxF0kEFa6z5wuwZ6M/Jc4peJh0b7cy5dP0zayYANsggKwwT4ogwtQAQ7A4B48gmfwYjwYT8ar8TYezRjpzjr4BePjC802naM=</latexit>

Time slot

in
te

ns
ity

Constant illumination

�⇠max
<latexit sha1_base64="LeV+21EKI7Y9cOyITahCHkdTKdo=">AAAB8XicbVBNS8NAEN3Ur1q/qh69LBbBiyURQb0VvXisYGyhCWWz3bRLd7NhdyItoT/DiwcVr/4bb/4bt20O2vpg4PHeDDPzolRwA6777ZRWVtfWN8qbla3tnd296v7Bo1GZpsynSijdjohhgifMBw6CtVPNiIwEa0XD26nfemLacJU8wDhloST9hMecErBS5ywY8W4eSDKadKs1t+7OgJeJV5AaKtDsVr+CnqKZZAlQQYzpeG4KYU40cCrYpBJkhqWEDkmfdSxNiGQmzGcnT/CJVXo4VtpWAnim/p7IiTRmLCPbKQkMzKI3Ff/zOhnEV2HOkzQDltD5ojgTGBSe/o97XDMKYmwJoZrbWzEdEE0o2JQqNgRv8eVl4p/Xr+ve/UWtcVOkUUZH6BidIg9doga6Q03kI4oUekav6M0B58V5dz7mrSWnmDlEf+B8/gDGsJEf</latexit><latexit sha1_base64="LeV+21EKI7Y9cOyITahCHkdTKdo=">AAAB8XicbVBNS8NAEN3Ur1q/qh69LBbBiyURQb0VvXisYGyhCWWz3bRLd7NhdyItoT/DiwcVr/4bb/4bt20O2vpg4PHeDDPzolRwA6777ZRWVtfWN8qbla3tnd296v7Bo1GZpsynSijdjohhgifMBw6CtVPNiIwEa0XD26nfemLacJU8wDhloST9hMecErBS5ywY8W4eSDKadKs1t+7OgJeJV5AaKtDsVr+CnqKZZAlQQYzpeG4KYU40cCrYpBJkhqWEDkmfdSxNiGQmzGcnT/CJVXo4VtpWAnim/p7IiTRmLCPbKQkMzKI3Ff/zOhnEV2HOkzQDltD5ojgTGBSe/o97XDMKYmwJoZrbWzEdEE0o2JQqNgRv8eVl4p/Xr+ve/UWtcVOkUUZH6BidIg9doga6Q03kI4oUekav6M0B58V5dz7mrSWnmDlEf+B8/gDGsJEf</latexit><latexit sha1_base64="LeV+21EKI7Y9cOyITahCHkdTKdo=">AAAB8XicbVBNS8NAEN3Ur1q/qh69LBbBiyURQb0VvXisYGyhCWWz3bRLd7NhdyItoT/DiwcVr/4bb/4bt20O2vpg4PHeDDPzolRwA6777ZRWVtfWN8qbla3tnd296v7Bo1GZpsynSijdjohhgifMBw6CtVPNiIwEa0XD26nfemLacJU8wDhloST9hMecErBS5ywY8W4eSDKadKs1t+7OgJeJV5AaKtDsVr+CnqKZZAlQQYzpeG4KYU40cCrYpBJkhqWEDkmfdSxNiGQmzGcnT/CJVXo4VtpWAnim/p7IiTRmLCPbKQkMzKI3Ff/zOhnEV2HOkzQDltD5ojgTGBSe/o97XDMKYmwJoZrbWzEdEE0o2JQqNgRv8eVl4p/Xr+ve/UWtcVOkUUZH6BidIg9doga6Q03kI4oUekav6M0B58V5dz7mrSWnmDlEf+B8/gDGsJEf</latexit><latexit sha1_base64="LeV+21EKI7Y9cOyITahCHkdTKdo=">AAAB8XicbVBNS8NAEN3Ur1q/qh69LBbBiyURQb0VvXisYGyhCWWz3bRLd7NhdyItoT/DiwcVr/4bb/4bt20O2vpg4PHeDDPzolRwA6777ZRWVtfWN8qbla3tnd296v7Bo1GZpsynSijdjohhgifMBw6CtVPNiIwEa0XD26nfemLacJU8wDhloST9hMecErBS5ywY8W4eSDKadKs1t+7OgJeJV5AaKtDsVr+CnqKZZAlQQYzpeG4KYU40cCrYpBJkhqWEDkmfdSxNiGQmzGcnT/CJVXo4VtpWAnim/p7IiTRmLCPbKQkMzKI3Ff/zOhnEV2HOkzQDltD5ojgTGBSe/o97XDMKYmwJoZrbWzEdEE0o2JQqNgRv8eVl4p/Xr+ve/UWtcVOkUUZH6BidIg9doga6Q03kI4oUekav6M0B58V5dz7mrSWnmDlEf+B8/gDGsJEf</latexit>

ET (q3, q
0
3; t)

<latexit sha1_base64="zOUkKHsH5fiXrKrgFVfCEH073eI=">AAAB93icbVBNS8NAEJ3Ur1o/GvXoZbGIFaQkKqh4KYrgsUJjC20Im+22Xbr5cHcj1NBf4sWDilf/ijf/jds2B219MPB4b4aZeX7MmVSW9W3kFhaXllfyq4W19Y3Norm1fS+jRBDqkIhHouljSTkLqaOY4rQZC4oDn9OGP7ge+41HKiSLwroaxtQNcC9kXUaw0pJnFm+8evnBOznSdXCpDj2zZFWsCdA8sTNSggw1z/xqdyKSBDRUhGMpW7YVKzfFQjHC6ajQTiSNMRngHm1pGuKASjedHD5C+1rpoG4kdIUKTdTfEykOpBwGvu4MsOrLWW8s/ue1EtU9d1MWxomiIZku6iYcqQiNU0AdJihRfKgJJoLpWxHpY4GJ0lkVdAj27MvzxDmuXFTsu9NS9SpLIw+7sAdlsOEMqnALNXCAQALP8ApvxpPxYrwbH9PWnJHN7MAfGJ8/wlKRZg==</latexit><latexit sha1_base64="zOUkKHsH5fiXrKrgFVfCEH073eI=">AAAB93icbVBNS8NAEJ3Ur1o/GvXoZbGIFaQkKqh4KYrgsUJjC20Im+22Xbr5cHcj1NBf4sWDilf/ijf/jds2B219MPB4b4aZeX7MmVSW9W3kFhaXllfyq4W19Y3Norm1fS+jRBDqkIhHouljSTkLqaOY4rQZC4oDn9OGP7ge+41HKiSLwroaxtQNcC9kXUaw0pJnFm+8evnBOznSdXCpDj2zZFWsCdA8sTNSggw1z/xqdyKSBDRUhGMpW7YVKzfFQjHC6ajQTiSNMRngHm1pGuKASjedHD5C+1rpoG4kdIUKTdTfEykOpBwGvu4MsOrLWW8s/ue1EtU9d1MWxomiIZku6iYcqQiNU0AdJihRfKgJJoLpWxHpY4GJ0lkVdAj27MvzxDmuXFTsu9NS9SpLIw+7sAdlsOEMqnALNXCAQALP8ApvxpPxYrwbH9PWnJHN7MAfGJ8/wlKRZg==</latexit><latexit sha1_base64="zOUkKHsH5fiXrKrgFVfCEH073eI=">AAAB93icbVBNS8NAEJ3Ur1o/GvXoZbGIFaQkKqh4KYrgsUJjC20Im+22Xbr5cHcj1NBf4sWDilf/ijf/jds2B219MPB4b4aZeX7MmVSW9W3kFhaXllfyq4W19Y3Norm1fS+jRBDqkIhHouljSTkLqaOY4rQZC4oDn9OGP7ge+41HKiSLwroaxtQNcC9kXUaw0pJnFm+8evnBOznSdXCpDj2zZFWsCdA8sTNSggw1z/xqdyKSBDRUhGMpW7YVKzfFQjHC6ajQTiSNMRngHm1pGuKASjedHD5C+1rpoG4kdIUKTdTfEykOpBwGvu4MsOrLWW8s/ue1EtU9d1MWxomiIZku6iYcqQiNU0AdJihRfKgJJoLpWxHpY4GJ0lkVdAj27MvzxDmuXFTsu9NS9SpLIw+7sAdlsOEMqnALNXCAQALP8ApvxpPxYrwbH9PWnJHN7MAfGJ8/wlKRZg==</latexit><latexit sha1_base64="zOUkKHsH5fiXrKrgFVfCEH073eI=">AAAB93icbVBNS8NAEJ3Ur1o/GvXoZbGIFaQkKqh4KYrgsUJjC20Im+22Xbr5cHcj1NBf4sWDilf/ijf/jds2B219MPB4b4aZeX7MmVSW9W3kFhaXllfyq4W19Y3Norm1fS+jRBDqkIhHouljSTkLqaOY4rQZC4oDn9OGP7ge+41HKiSLwroaxtQNcC9kXUaw0pJnFm+8evnBOznSdXCpDj2zZFWsCdA8sTNSggw1z/xqdyKSBDRUhGMpW7YVKzfFQjHC6ajQTiSNMRngHm1pGuKASjedHD5C+1rpoG4kdIUKTdTfEykOpBwGvu4MsOrLWW8s/ue1EtU9d1MWxomiIZku6iYcqQiNU0AdJihRfKgJJoLpWxHpY4GJ0lkVdAj27MvzxDmuXFTsu9NS9SpLIw+7sAdlsOEMqnALNXCAQALP8ApvxpPxYrwbH9PWnJHN7MAfGJ8/wlKRZg==</latexit>

Michelson interferometer 
(combined with magnifying input optics)

⇠max

⇠

⇠

⇠ ⌫

I(⇠; q1, q2) =
R +1
�1 |E0(|⌫|; q1, q2)|2e�i2⇡⌫⇠ d⌫

<latexit sha1_base64="y6XhaNH2+Zcaj0+GljjiXr3gk0Y="></latexit><latexit sha1_base64="y6XhaNH2+Zcaj0+GljjiXr3gk0Y="></latexit><latexit sha1_base64="y6XhaNH2+Zcaj0+GljjiXr3gk0Y="></latexit><latexit sha1_base64="y6XhaNH2+Zcaj0+GljjiXr3gk0Y="></latexit>

I(⇠; ·, ·)
<latexit sha1_base64="x8ake1SJRHDz8QfA3QqTjNwY0b4="></latexit><latexit sha1_base64="x8ake1SJRHDz8QfA3QqTjNwY0b4="></latexit><latexit sha1_base64="x8ake1SJRHDz8QfA3QqTjNwY0b4="></latexit><latexit sha1_base64="x8ake1SJRHDz8QfA3QqTjNwY0b4="></latexit>

(interferometry)

(OPD domain)



‣ FTI discrete sensing model 
(essentially, 1-D Fourier sensing at Nyquist, on each pixel)

!6

Y = FX +N
<latexit sha1_base64="tPZCL39HD5LZEVZboa/JG2tqIFY="></latexit><latexit sha1_base64="tPZCL39HD5LZEVZboa/JG2tqIFY="></latexit><latexit sha1_base64="tPZCL39HD5LZEVZboa/JG2tqIFY="></latexit><latexit sha1_base64="tPZCL39HD5LZEVZboa/JG2tqIFY="></latexit>

· · ·<latexit sha1_base64="786Rytq6IK/KXu31j8hzLiz6+LM="></latexit><latexit sha1_base64="786Rytq6IK/KXu31j8hzLiz6+LM="></latexit><latexit sha1_base64="786Rytq6IK/KXu31j8hzLiz6+LM="></latexit><latexit sha1_base64="786Rytq6IK/KXu31j8hzLiz6+LM="></latexit>

Nsp pixels
<latexit sha1_base64="nxLVGzLs6Bgza82cyHFixiD1hVc="></latexit><latexit sha1_base64="nxLVGzLs6Bgza82cyHFixiD1hVc="></latexit><latexit sha1_base64="nxLVGzLs6Bgza82cyHFixiD1hVc="></latexit><latexit sha1_base64="nxLVGzLs6Bgza82cyHFixiD1hVc="></latexit>

N⇠ bands
<latexit sha1_base64="Ic9chqPIdEs07gpbq4xdgl3FaKc="></latexit><latexit sha1_base64="Ic9chqPIdEs07gpbq4xdgl3FaKc="></latexit><latexit sha1_base64="Ic9chqPIdEs07gpbq4xdgl3FaKc="></latexit><latexit sha1_base64="Ic9chqPIdEs07gpbq4xdgl3FaKc="></latexit>

N⇠
<latexit sha1_base64="UNkoPpYHN+F8zCb0qgZw+5dq6uk="></latexit><latexit sha1_base64="UNkoPpYHN+F8zCb0qgZw+5dq6uk="></latexit><latexit sha1_base64="UNkoPpYHN+F8zCb0qgZw+5dq6uk="></latexit><latexit sha1_base64="UNkoPpYHN+F8zCb0qgZw+5dq6uk="></latexit>

N⇠
<latexit sha1_base64="UNkoPpYHN+F8zCb0qgZw+5dq6uk="></latexit><latexit sha1_base64="UNkoPpYHN+F8zCb0qgZw+5dq6uk="></latexit><latexit sha1_base64="UNkoPpYHN+F8zCb0qgZw+5dq6uk="></latexit><latexit sha1_base64="UNkoPpYHN+F8zCb0qgZw+5dq6uk="></latexit>

No spatial mixing!

N⇠ ⇥Nsp
<latexit sha1_base64="0tCL9/di6gd+xL/McoGxMbIrXag="></latexit><latexit sha1_base64="0tCL9/di6gd+xL/McoGxMbIrXag="></latexit><latexit sha1_base64="0tCL9/di6gd+xL/McoGxMbIrXag="></latexit><latexit sha1_base64="0tCL9/di6gd+xL/McoGxMbIrXag="></latexit>

noise

HS volume1D Fourier

· · ·<latexit sha1_base64="786Rytq6IK/KXu31j8hzLiz6+LM="></latexit><latexit sha1_base64="786Rytq6IK/KXu31j8hzLiz6+LM="></latexit><latexit sha1_base64="786Rytq6IK/KXu31j8hzLiz6+LM="></latexit><latexit sha1_base64="786Rytq6IK/KXu31j8hzLiz6+LM="></latexit>

Y = FX +N
<latexit sha1_base64="tPZCL39HD5LZEVZboa/JG2tqIFY="></latexit><latexit sha1_base64="tPZCL39HD5LZEVZboa/JG2tqIFY="></latexit><latexit sha1_base64="tPZCL39HD5LZEVZboa/JG2tqIFY="></latexit><latexit sha1_base64="tPZCL39HD5LZEVZboa/JG2tqIFY="></latexit>

Y = FX +N
<latexit sha1_base64="tPZCL39HD5LZEVZboa/JG2tqIFY="></latexit><latexit sha1_base64="tPZCL39HD5LZEVZboa/JG2tqIFY="></latexit><latexit sha1_base64="tPZCL39HD5LZEVZboa/JG2tqIFY="></latexit><latexit sha1_base64="tPZCL39HD5LZEVZboa/JG2tqIFY="></latexit>

observations

Interferometric signals

Fourier Transform Interferometry



Fourier Transform Interferometry
‣ Classical reconstruction: Fourier inversion
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Time
Dye (fluorophore)

Cell
Light source 
(e.g., laser)

(related to OPD discretization: O(100-1000) bands!)

X̂ = F�1Y
<latexit sha1_base64="EH/SgYdiebZHki77RvxuYlP8R4s="></latexit><latexit sha1_base64="EH/SgYdiebZHki77RvxuYlP8R4s="></latexit><latexit sha1_base64="EH/SgYdiebZHki77RvxuYlP8R4s="></latexit><latexit sha1_base64="EH/SgYdiebZHki77RvxuYlP8R4s="></latexit>



Fourier Transform Interferometry
‣ Classical reconstruction: Fourier inversion 

‣ Solution: OPD subsampling 

‣ How? Using compressive sensing theory

!8

(related to OPD discretization: O(100-1000) bands!)

(access to higher resolution)

X̂ = F�1Y
<latexit sha1_base64="EH/SgYdiebZHki77RvxuYlP8R4s="></latexit><latexit sha1_base64="EH/SgYdiebZHki77RvxuYlP8R4s="></latexit><latexit sha1_base64="EH/SgYdiebZHki77RvxuYlP8R4s="></latexit><latexit sha1_base64="EH/SgYdiebZHki77RvxuYlP8R4s="></latexit>



Compressive FTI
Two possible system modifications
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Coded Illumination (CI-FTI):

Structured Illumination (SI-FTI):

Coded aperture

in
te

ns
ity

Coded intensity

FTI device

FTI device

Biological Sample

Biological Sample

M⇠ < N⇠ OPD slots
<latexit sha1_base64="69lUW2NRWCCEHpWC4LqmWqe6TS8="></latexit><latexit sha1_base64="69lUW2NRWCCEHpWC4LqmWqe6TS8="></latexit><latexit sha1_base64="69lUW2NRWCCEHpWC4LqmWqe6TS8="></latexit><latexit sha1_base64="69lUW2NRWCCEHpWC4LqmWqe6TS8="></latexit>

M < N := NspN⇠ unmasked pixels
<latexit sha1_base64="5s/Eb47TyB9NXcG2kz7R5JEgLQM="></latexit><latexit sha1_base64="5s/Eb47TyB9NXcG2kz7R5JEgLQM="></latexit><latexit sha1_base64="5s/Eb47TyB9NXcG2kz7R5JEgLQM="></latexit><latexit sha1_base64="5s/Eb47TyB9NXcG2kz7R5JEgLQM="></latexit>

= number of measurements

Number of measurements = M⇠Nsp



Compressive FTI
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Coded Illumination (CI-FTI):

Structured Illumination (SI-FTI):

⇢ <latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

⇠
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

⇠
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

�t
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Unconstrained

|E|2
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

in
te

ns
ity

in
te

ns
ity

Constant BI = M⇠�t|E0|2
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

|E0|2 = N⇠

M⇠
|E|2

<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Constrained

Two possible intensity modes
Total intensity  

is constant

|E0|2 = N⇠Nsp

M |E|2
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Unconstrained Constrained

|E|2
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Input intensity  
is constant



Uniform Density Sampling (UDS) in CS
‣ Reconstruction in CS theory:
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If A 2 CM⇥N is RIP(� <
p
2� 1,⌃2K), i.e., kAxk2 '� kxk2 for all x 2 ⌃2K ,

Then, for y = Ax+ n, knk 6 ✏, and x̂ = argminu kuk1 s.t. kAu� yk 6 ✏,

kx� x̂k = O(K�1/2kx� xKk1 + ✏).

Combines both 
the sensing matrix 

and the sparsity basis
y = �( x) = Ax

<latexit sha1_base64="mdMpSrHq3iB1UFtwHqX477tBMCI="></latexit>

(use the restricted isometry property — RIP)



Uniform Density Sampling (UDS) in CS
‣ Reconstruction in CS theory: 

‣ Partial random ONB sensing:

!12

If A 2 CM⇥N is RIP(� <
p
2� 1,⌃2K), i.e., kAxk2 '� kxk2 for all x 2 ⌃2K ,

Then, for y = Ax+ n, knk 6 ✏, and x̂ = argminu kuk1 s.t. kAu� yk 6 ✏,

kx� x̂k = O(K�1/2kx� xKk1 + ✏).

A =
q

N
MR⌦ U⇤ 2 CM⇥N

<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Fourier WaveletUDS
e.g.,

M > C��2µ2K ln3(K) ln(N)
<latexit sha1_base64="szpn6UWDvwuaEb3Ml3bOKetTcGU="></latexit>

)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

A is RIP(�,⌃k)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

w.h.p.

[Candès, Romberg, Rauhut, Foucart, …]

with U , ONB, ⌦ = {⌦1, · · · ,⌦M}, ⌦i ⇠iid U({1, · · · , N}).
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

(sampling without  
replacement)

uniform

(use the restricted isometry property — RIP)

RIP?



Uniform Density Sampling (UDS) in CS
‣ Reconstruction in CS theory: 

‣ Partial random ONB sensing: 

‣ Issue: 
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A =
q

N
MR⌦ U⇤ 2 CM⇥N

<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Fourier WaveletUDS
e.g.,

M > C��2µ2K ln3(K) ln(N)
<latexit sha1_base64="szpn6UWDvwuaEb3Ml3bOKetTcGU="></latexit>

)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

A is RIP(�,⌃k)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

w.h.p.

µ = µ(U⇤ ) :=
p
N maxij |(U⇤ )ij | '

p
N for Fourier/Wavelet

<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

) M > CN !
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit> No compressive FTI !?

[Candès, Romberg, Rauhut, Foucart, …]

with U , ONB, ⌦ = {⌦1, · · · ,⌦M}, ⌦i ⇠iid U({1, · · · , N}).
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

(sampling without  
replacement)

uniform

If A 2 CM⇥N is RIP(� <
p
2� 1,⌃2K), i.e., kAxk2 '� kxk2 for all x 2 ⌃2K ,

Then, for y = Ax+ n, knk 6 ✏, and x̂ = argminu kuk1 s.t. kAu� yk 6 ✏,

kx� x̂k = O(K�1/2kx� xKk1 + ✏).

(use the restricted isometry property — RIP)

RIP?



Variable Density Sampling (VDS) in CS
‣ VDS:
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with U , ONB, ⌦ = {⌦1, · · · ,⌦M}, ⌦j ⇠iid �, with

P(� = i) = p(i), i 2 {1, · · · , N}).

Fourier WaveletVDS

p(i)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

de
ns

ity

e.g.,

A = R⌦ U⇤ 2 CM⇥N
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

(sampling without  
replacement)



Variable Density Sampling (VDS) in CS
‣ VDS: 

‣ RIP? 
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)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

w.h.p.

with U , ONB, ⌦ = {⌦1, · · · ,⌦M}, ⌦j ⇠iid �, with

P(� = i) = p(i), i 2 {1, · · · , N}).

M > C��2kk2K ln3(K) ln(N)
<latexit sha1_base64="FLsv7r7yv/qqy3ROxvgqWHoH7RQ="></latexit>

Given  = (1, · · · ,N )>, with i > µi = µi(U
⇤ ) :=

p
N maxj |(U⇤ )ij |,

<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

if p(i) / 2
i (with

P
i p(i) = 1), then

<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Fourier WaveletVDS

p(i)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

de
ns

ity

e.g.,

1p
M
DA is RIP(�,⌃k)

<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

with D = diag
�q

1
p(⌦1)

, · · · ,
q

1
p(⌦M )

�
.

<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

⇢
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

local coherence

A = R⌦ U⇤ 2 CM⇥N
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

[Kramer & Ward, 14]

(sampling without  
replacement)

(note: in avg, D accounts for multiplicities)

So, new game:  
reduce   a  !kk2

<latexit sha1_base64="v6oQKhBkq1bpYcU9pyvFZ1IPRUE="></latexit>



Variable Density Sampling (VDS) in CS
‣ Reconstruction in VDS?

!16

x̂ = argminu k ⇤uk1 s.t. k 1p
M
D(R⌦U

⇤u� y)k 6 ✏
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Assuming y = R⌦U
⇤x+ n with k 1p

M
Dnk 6 ✏, and

⇢ <latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

⇢
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

sensing

sensing

kx� x̂k = O(k�1/2k ⇤x� ( ⇤x)kk1 + ✏)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

If 1p
M
DA is RIP(� < 1/3,⌃5k), then

<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

(& special care for noise power estimation)



Instantiation on Compressive FTI    (theory)

!17

Coded Illumination (CI-FTI): Structured Illumination (SI-FTI):

⇢
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Nsp

⇢

<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

N⇠

⇢
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Nsp

⇢

<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

N⇠

(globally) K-sparse
in  1D ⌦ 2D

(locally) K⇠-sparse
in  1D

Sparsity model: Sparsity model:

Sensing model: Sensing model:

p.29 fig.6 The graph is misleading. It should be clearly acknowledged in the caption that the
unconstrained light exposure has less exposure than the constrained case, by a factor M�N .
Moreover, in the text, you should mention that even for M�N = 1, because of repetitions,
not all elements are sampled, which is why ME does not reach Nyquist at M�N = 1. By
the way, since you say you use the number of distinct pixels for M in SI-FTI, how do you
manage to reach 1?

Thanks for your comment. The following sentences are added to the text.
“Note that for a fixed measurement ratio, the amount of light exposure in the unconstrained

exposure scenario is less than the one in constrained exposure scenario, by a factor M�Nhs.”
“We recall that since there are repeated indices in subsampled sets ⌦⇠ and ⌦, even for M�Nhs = 1,
we cannot sample all the distinct elements. As a consequence, ME reconstructions does not reach
Nyquist quality at M�Nhs = 1.”

Regarding the last question, except in Sec. 8.3, we do not assume distinct sampled OPD
points or pixels.

p.29 second paragraph greater diversity. NO! SI-FTI does better than CI-FTI because you
apply a spatial model, and hence regularisation. In CI-FTI, each spatial pixel is evaluated
individually. That’s why you “keep the structure” but have a bad SNR. If you used (since
it is uniform intensity) the same prior as in SI-FTI, based on 3D (1D ⊗ 2D) wavelets and
rebuilt in the same way, you would get the essentially the same results. You would also be
very close if you used wavelet denoising in the end, though it would be a little di↵erent.

Reviewer’s comment is legitimate. We try here to address it both theoretically and numerically.
We first recall that the sensing matrix in CI-FTI and SI-FTI can be seen, respectively, as

U ci
=

�
�
�
�
�
�
�
�
�

F ∗⌦⇠ 0 � 0
0 F ∗⌦⇠ � 0
⋮ ⋮ � ⋮

0 0 � F ∗⌦⇠

�
�
�
�
�
�
�
�
�

, U si
=

�
�
�
�
�
�
�
�
�
�

F ∗⌦1
0 � 0

0 F ∗⌦2
� 0

⋮ ⋮ � ⋮

0 0 � F ∗⌦Np

�
�
�
�
�
�
�
�
�
�

,

where each block is assigned to a di↵erent pixel. In CI-FTI, once the subsampling set is
generated, it remains fixed for all the pixels, while in SI-FI, every pixel is assigned to a di↵erent
subsampling set. Thus, in this sense, SI-FTI enjoys “greater diversity of the compressive sensing
matrix”. We still think this explanation is in line with reviewer’s opinion, since “diversity of
the compressive sensing matrix” is the result of spatial subsampling model, which is implicit in
the SI-FTI acquisition model.

Moreover, in CI-FTI system, let us assume a 3D (2D × 1D) wavelet sparsity basis as  =
 2D ⊗ 1D. Then, the resulting matrix that needs to be a RIP matrix is A = U ci (up to
a scaling factor 1�

√
M). However, to the best of our knowledge, except where U ci is a block

diagonal matrix made by the repetition of the same sub-Gaussian random matrix (see Eftekhari
et al.2), it is not known if A can satisfy the RIP over sparse coe�cient vectors. Therefore, we
cannot theoretically claim that using a 3D wavelet sparsity prior for CI-FTI will provide the
same results as in SI-FTI.

The question is still worth to ask on a numerical side. We have thus tested reviewer’s
remark in simulation environment and corresponding modifications have been applied on the
manuscript, Sec. 8.2. Given CI-FTI measurements, we solve the reconstruction problem in
Eq. 6.4, with D = INp ⊗

�
M⇠D

⇠ and M =M⇠Np. Interestingly, Fig. 6 shows that, at least in
our setting,

2
A. Eftekhari et al., The Restricted Isometry Property for Random Block Diagonal Matrices, 2014.

4

p.29 fig.6 The graph is misleading. It should be clearly acknowledged in the caption that the
unconstrained light exposure has less exposure than the constrained case, by a factor M�N .
Moreover, in the text, you should mention that even for M�N = 1, because of repetitions,
not all elements are sampled, which is why ME does not reach Nyquist at M�N = 1. By
the way, since you say you use the number of distinct pixels for M in SI-FTI, how do you
manage to reach 1?

Thanks for your comment. The following sentences are added to the text.
“Note that for a fixed measurement ratio, the amount of light exposure in the unconstrained

exposure scenario is less than the one in constrained exposure scenario, by a factor M�Nhs.”
“We recall that since there are repeated indices in subsampled sets ⌦⇠ and ⌦, even for M�Nhs = 1,
we cannot sample all the distinct elements. As a consequence, ME reconstructions does not reach
Nyquist quality at M�Nhs = 1.”

Regarding the last question, except in Sec. 8.3, we do not assume distinct sampled OPD
points or pixels.

p.29 second paragraph greater diversity. NO! SI-FTI does better than CI-FTI because you
apply a spatial model, and hence regularisation. In CI-FTI, each spatial pixel is evaluated
individually. That’s why you “keep the structure” but have a bad SNR. If you used (since
it is uniform intensity) the same prior as in SI-FTI, based on 3D (1D ⊗ 2D) wavelets and
rebuilt in the same way, you would get the essentially the same results. You would also be
very close if you used wavelet denoising in the end, though it would be a little di↵erent.

Reviewer’s comment is legitimate. We try here to address it both theoretically and numerically.
We first recall that the sensing matrix in CI-FTI and SI-FTI can be seen, respectively, as

U ci
=

�
�
�
�
�
�
�
�
�

F ∗⌦⇠ 0 � 0
0 F ∗⌦⇠ � 0
⋮ ⋮ � ⋮

0 0 � F ∗⌦⇠

�
�
�
�
�
�
�
�
�

, U si
=

�
�
�
�
�
�
�
�
�
�

F ∗⌦1
0 � 0

0 F ∗⌦2
� 0

⋮ ⋮ � ⋮

0 0 � F ∗⌦Np

�
�
�
�
�
�
�
�
�
�

,

where each block is assigned to a di↵erent pixel. In CI-FTI, once the subsampling set is
generated, it remains fixed for all the pixels, while in SI-FI, every pixel is assigned to a di↵erent
subsampling set. Thus, in this sense, SI-FTI enjoys “greater diversity of the compressive sensing
matrix”. We still think this explanation is in line with reviewer’s opinion, since “diversity of
the compressive sensing matrix” is the result of spatial subsampling model, which is implicit in
the SI-FTI acquisition model.

Moreover, in CI-FTI system, let us assume a 3D (2D × 1D) wavelet sparsity basis as  =
 2D ⊗ 1D. Then, the resulting matrix that needs to be a RIP matrix is A = U ci (up to
a scaling factor 1�

√
M). However, to the best of our knowledge, except where U ci is a block

diagonal matrix made by the repetition of the same sub-Gaussian random matrix (see Eftekhari
et al.2), it is not known if A can satisfy the RIP over sparse coe�cient vectors. Therefore, we
cannot theoretically claim that using a 3D wavelet sparsity prior for CI-FTI will provide the
same results as in SI-FTI.

The question is still worth to ask on a numerical side. We have thus tested reviewer’s
remark in simulation environment and corresponding modifications have been applied on the
manuscript, Sec. 8.2. Given CI-FTI measurements, we solve the reconstruction problem in
Eq. 6.4, with D = INp ⊗

�
M⇠D

⇠ and M =M⇠Np. Interestingly, Fig. 6 shows that, at least in
our setting,

2
A. Eftekhari et al., The Restricted Isometry Property for Random Block Diagonal Matrices, 2014.
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Moreover, in the text, you should mention that even for M�N = 1, because of repetitions,
not all elements are sampled, which is why ME does not reach Nyquist at M�N = 1. By
the way, since you say you use the number of distinct pixels for M in SI-FTI, how do you
manage to reach 1?

Thanks for your comment. The following sentences are added to the text.
“Note that for a fixed measurement ratio, the amount of light exposure in the unconstrained

exposure scenario is less than the one in constrained exposure scenario, by a factor M�Nhs.”
“We recall that since there are repeated indices in subsampled sets ⌦⇠ and ⌦, even for M�Nhs = 1,
we cannot sample all the distinct elements. As a consequence, ME reconstructions does not reach
Nyquist quality at M�Nhs = 1.”

Regarding the last question, except in Sec. 8.3, we do not assume distinct sampled OPD
points or pixels.

p.29 second paragraph greater diversity. NO! SI-FTI does better than CI-FTI because you
apply a spatial model, and hence regularisation. In CI-FTI, each spatial pixel is evaluated
individually. That’s why you “keep the structure” but have a bad SNR. If you used (since
it is uniform intensity) the same prior as in SI-FTI, based on 3D (1D ⊗ 2D) wavelets and
rebuilt in the same way, you would get the essentially the same results. You would also be
very close if you used wavelet denoising in the end, though it would be a little di↵erent.
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where each block is assigned to a di↵erent pixel. In CI-FTI, once the subsampling set is
generated, it remains fixed for all the pixels, while in SI-FI, every pixel is assigned to a di↵erent
subsampling set. Thus, in this sense, SI-FTI enjoys “greater diversity of the compressive sensing
matrix”. We still think this explanation is in line with reviewer’s opinion, since “diversity of
the compressive sensing matrix” is the result of spatial subsampling model, which is implicit in
the SI-FTI acquisition model.

Moreover, in CI-FTI system, let us assume a 3D (2D × 1D) wavelet sparsity basis as  =
 2D ⊗ 1D. Then, the resulting matrix that needs to be a RIP matrix is A = U ci (up to
a scaling factor 1�

√
M). However, to the best of our knowledge, except where U ci is a block

diagonal matrix made by the repetition of the same sub-Gaussian random matrix (see Eftekhari
et al.2), it is not known if A can satisfy the RIP over sparse coe�cient vectors. Therefore, we
cannot theoretically claim that using a 3D wavelet sparsity prior for CI-FTI will provide the
same results as in SI-FTI.

The question is still worth to ask on a numerical side. We have thus tested reviewer’s
remark in simulation environment and corresponding modifications have been applied on the
manuscript, Sec. 8.2. Given CI-FTI measurements, we solve the reconstruction problem in
Eq. 6.4, with D = INp ⊗

�
M⇠D

⇠ and M =M⇠Np. Interestingly, Fig. 6 shows that, at least in
our setting,
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where each block is assigned to a di↵erent pixel. In CI-FTI, once the subsampling set is
generated, it remains fixed for all the pixels, while in SI-FI, every pixel is assigned to a di↵erent
subsampling set. Thus, in this sense, SI-FTI enjoys “greater diversity of the compressive sensing
matrix”. We still think this explanation is in line with reviewer’s opinion, since “diversity of
the compressive sensing matrix” is the result of spatial subsampling model, which is implicit in
the SI-FTI acquisition model.

Moreover, in CI-FTI system, let us assume a 3D (2D × 1D) wavelet sparsity basis as  =
 2D ⊗ 1D. Then, the resulting matrix that needs to be a RIP matrix is A = U ci (up to
a scaling factor 1�
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M). However, to the best of our knowledge, except where U ci is a block

diagonal matrix made by the repetition of the same sub-Gaussian random matrix (see Eftekhari
et al.2), it is not known if A can satisfy the RIP over sparse coe�cient vectors. Therefore, we
cannot theoretically claim that using a 3D wavelet sparsity prior for CI-FTI will provide the
same results as in SI-FTI.

The question is still worth to ask on a numerical side. We have thus tested reviewer’s
remark in simulation environment and corresponding modifications have been applied on the
manuscript, Sec. 8.2. Given CI-FTI measurements, we solve the reconstruction problem in
Eq. 6.4, with D = INp ⊗
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⇠ and M =M⇠Np. Interestingly, Fig. 6 shows that, at least in
our setting,
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Figure 6: The reconstruction performance of CI/SI-FTI systems solved by `1 minimization (CS) and ME problem
with the constrained/unconstrained light exposure budget. Note that for a fixed measurement ratio, the amount of
light exposure in the unconstrained exposure scenario is less than the one in constrained exposure scenario, by a
factor M/Nhs.

This sensing context is repeated over 10 random realizations of the noise, and the sets ⌦⇠ or
⌦. Fig. 6 depicts the reconstruction SNR in dB as a function of the number of measurements.
The HS volumes are reconstructed by solving two types of problems: (i) the CS-based `1 mini-
mization problem (24) or (34); and (ii) the Minimal Energy (ME) problem [10], i.e., a standard
reconstruction method that amounts to applying the pseudo-inverse of the sensing operator on the
noisy measurements.

In both cases, ME reconstructions (the blue curves) do not reach CS reconstruction qualities,
even though they benefit of the VDS strategy. The poor performances of the ME solutions advocate
the necessity of promoting sparsity prior in the reconstruction problem. The increased RSNR
quality of SI-FTI over CI-FTI is induced by both the 3D wavelet sparsity model and the greater
diversity of the compressive sensing matrix in SI-FTI where spatial information of the HS volume
is captured at each OPD index in JN⇠K; in CI-FTI, this spatial information is observed only on the
M ⇠ selected OPD indices. We recall that since there are repeated indices in subsampled sets ⌦⇠

and ⌦, even for M/Nhs = 1, we cannot sample all the distinct elements. As a consequence, ME
reconstructions does not reach Nyquist quality at M/Nhs = 1.

We now question whether the superior performance of SI-FTI is the consequence of the sensing
diversity or of the selected 3D wavelet sparsity model. For this, deviating from what is guaranteed
by CS literature (see Sec. 5.2), we test the recovery of HS data from CI-FTI measurements using the
recovery scheme (34) regularized by the same prior as in SI-FTI, i.e., with the 3D wavelet sparsity
basis  =  2D ⌦ 1D. We thus solve this optimization with the changes D ! INp ⌦

p
M⇠D

⇠,
M ! M⇠Np, and ysi

! yci, and assuming that the level of the noise is una↵ected between the CI-
FTI and the SI-FTI sensing schemes. The results are displayed in Fig. 6-left (the black curves). We
observe that this 3D wavelet sparsity model increases the RSNR, up to 4.5 dB, when M/Nhs is close
to 1. This improvement, however, does not reach the RSNR of SI-FTI displayed in Fig. 6-right.
We thus conclude that the SI-FTI scheme benefit more from the diversity of its measurements than
from its regularization compared to CI-FTI. In practice, HS data in CI-FTI should be reconstructed
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100 % chance of successful recovery from M/Nhs > 0.2 and M/Nhs > 0.5 for SI-FTI and CI-FTI,
respectively; while for UDS strategy (↵ = 0) we observe that this cannot be achieved even when
M/Nhs = 1. Hereafter, the rest of our experiments are restricted to the case ↵ = 1.
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Figure 4: Phase transition comparison of proposed VDS (↵ = 1) against UDS (↵ = 0) and other VDS strategies in
the frameworks of CI-FTI and SI-FTI.

Ground truth RGB l = 72 l = 79 l = 96

1 64 128 196 256
0

100

Wavenumber index (l)

In
te
ns
it
y

R-PE (R-phycoerythrin)
Acridine orange
TetraSpeck blue dye

Figure 5: A synthetic biological RGB image (left); three spectral bands of the generated ground truth HS volume
(middle); the known spectral signatures of three fluorochromes (right).

8.2 Reconstruction performances on a synthetic biological HS volume

We now test the performance of the proposed compressive FTI frameworks in a more realistic
context including measurement noise. We consider sensing scenarios with both constrained and
unconstrained light exposure.

As illustrated in Fig. 5, we simulate a biological HS volume of size (N⇠, Np) = (512, 642) by
mixing the coe�cients of three spectral bands of a synthetic biological RGB image (selected from
the benchmark images [70]) with the known spectra of three common fluorochromes.

The Nyquist measurements are formed as ynyq = �⇤x + nnyq where nnyq
l,k ⇠i.i.d. N (0, �nyq)

and �nyq is fixed such that 10 log(kxk
2/knnyq

k
2) ⇡ 20 dB. In the unconstrained-exposure context,

CI-FTI and SI-FTI observations are formed according to (23) and (32), where the sets ⌦⇠ and
⌦ are randomly generated from the pmfs (27) and (36), respectively, and the variance of each
component of the associated additive Gaussian measurement noises is also set to �2

nyq. In the
context of constrained-exposure simulations, the values of ground truth HS volume are multiplied
by N⇠/M⇠ and N⇠/M̄ for CI-FTI and SI-FTI, respectively, according to the linear intensity scaling
assumption explained in (42) and (47) (Sec. 7).
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8.2 Reconstruction performances on a synthetic biological HS volume

We now test the performance of the proposed compressive FTI frameworks in a more realistic
context including measurement noise. We consider sensing scenarios with both constrained and
unconstrained light exposure.

As illustrated in Fig. 5, we simulate a biological HS volume of size (N⇠, Np) = (512, 642) by
mixing the coe�cients of three spectral bands of a synthetic biological RGB image (selected from
the benchmark images [70]) with the known spectra of three common fluorochromes.

The Nyquist measurements are formed as ynyq = �⇤x + nnyq where nnyq
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⌦ are randomly generated from the pmfs (27) and (36), respectively, and the variance of each
component of the associated additive Gaussian measurement noises is also set to �2

nyq. In the
context of constrained-exposure simulations, the values of ground truth HS volume are multiplied
by N⇠/M⇠ and N⇠/M̄ for CI-FTI and SI-FTI, respectively, according to the linear intensity scaling
assumption explained in (42) and (47) (Sec. 7).
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Figure 6: The reconstruction performance of CI/SI-FTI systems solved by `1 minimization (CS) and ME problem
with the constrained/unconstrained light exposure budget. Note that for a fixed measurement ratio, the amount of
light exposure in the unconstrained exposure scenario is less than the one in constrained exposure scenario, by a
factor M/Nhs.

This sensing context is repeated over 10 random realizations of the noise, and the sets ⌦⇠ or
⌦. Fig. 6 depicts the reconstruction SNR in dB as a function of the number of measurements.
The HS volumes are reconstructed by solving two types of problems: (i) the CS-based `1 mini-
mization problem (24) or (34); and (ii) the Minimal Energy (ME) problem [10], i.e., a standard
reconstruction method that amounts to applying the pseudo-inverse of the sensing operator on the
noisy measurements.

In both cases, ME reconstructions (the blue curves) do not reach CS reconstruction qualities,
even though they benefit of the VDS strategy. The poor performances of the ME solutions advocate
the necessity of promoting sparsity prior in the reconstruction problem. The increased RSNR
quality of SI-FTI over CI-FTI is induced by both the 3D wavelet sparsity model and the greater
diversity of the compressive sensing matrix in SI-FTI where spatial information of the HS volume
is captured at each OPD index in JN⇠K; in CI-FTI, this spatial information is observed only on the
M ⇠ selected OPD indices. We recall that since there are repeated indices in subsampled sets ⌦⇠

and ⌦, even for M/Nhs = 1, we cannot sample all the distinct elements. As a consequence, ME
reconstructions does not reach Nyquist quality at M/Nhs = 1.

We now question whether the superior performance of SI-FTI is the consequence of the sensing
diversity or of the selected 3D wavelet sparsity model. For this, deviating from what is guaranteed
by CS literature (see Sec. 5.2), we test the recovery of HS data from CI-FTI measurements using the
recovery scheme (34) regularized by the same prior as in SI-FTI, i.e., with the 3D wavelet sparsity
basis  =  2D ⌦ 1D. We thus solve this optimization with the changes D ! INp ⌦

p
M⇠D

⇠,
M ! M⇠Np, and ysi

! yci, and assuming that the level of the noise is una↵ected between the CI-
FTI and the SI-FTI sensing schemes. The results are displayed in Fig. 6-left (the black curves). We
observe that this 3D wavelet sparsity model increases the RSNR, up to 4.5 dB, when M/Nhs is close
to 1. This improvement, however, does not reach the RSNR of SI-FTI displayed in Fig. 6-right.
We thus conclude that the SI-FTI scheme benefit more from the diversity of its measurements than
from its regularization compared to CI-FTI. In practice, HS data in CI-FTI should be reconstructed

30

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0

5

10

15

20

25

30
(a) CI-FTI

Fig.7(a)

Fig.7(b)

Fig. 7(c)

⇡ 6.5 dB

Measurement ratio (M/Nhs)

R
S
N
R

(
d
B
)

CS, Uncon. Exp.,  = INp ⌦ 1D CS, Uncon. Exp.,  =  2D ⌦ 1D ME, Uncon. Exp.

CS, Con. Exp.,  = INp ⌦ 1D CS, Con. Exp.,  =  2D ⌦ 1D ME, Con. Exp.

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0

5

10

15

20

25

30
(b) SI-FTI

Fig.7(d)

Fig.7(e)

Fig. 7(f)

⇡ 5 dB

⇡ 16 dB

Measurement ratio (M/Nhs)

R
S
N
R

(
d
B
)

Figure 6: The reconstruction performance of CI/SI-FTI systems solved by `1 minimization (CS) and ME problem
with the constrained/unconstrained light exposure budget. Note that for a fixed measurement ratio, the amount of
light exposure in the unconstrained exposure scenario is less than the one in constrained exposure scenario, by a
factor M/Nhs.

This sensing context is repeated over 10 random realizations of the noise, and the sets ⌦⇠ or
⌦. Fig. 6 depicts the reconstruction SNR in dB as a function of the number of measurements.
The HS volumes are reconstructed by solving two types of problems: (i) the CS-based `1 mini-
mization problem (24) or (34); and (ii) the Minimal Energy (ME) problem [10], i.e., a standard
reconstruction method that amounts to applying the pseudo-inverse of the sensing operator on the
noisy measurements.

In both cases, ME reconstructions (the blue curves) do not reach CS reconstruction qualities,
even though they benefit of the VDS strategy. The poor performances of the ME solutions advocate
the necessity of promoting sparsity prior in the reconstruction problem. The increased RSNR
quality of SI-FTI over CI-FTI is induced by both the 3D wavelet sparsity model and the greater
diversity of the compressive sensing matrix in SI-FTI where spatial information of the HS volume
is captured at each OPD index in JN⇠K; in CI-FTI, this spatial information is observed only on the
M ⇠ selected OPD indices. We recall that since there are repeated indices in subsampled sets ⌦⇠

and ⌦, even for M/Nhs = 1, we cannot sample all the distinct elements. As a consequence, ME
reconstructions does not reach Nyquist quality at M/Nhs = 1.

We now question whether the superior performance of SI-FTI is the consequence of the sensing
diversity or of the selected 3D wavelet sparsity model. For this, deviating from what is guaranteed
by CS literature (see Sec. 5.2), we test the recovery of HS data from CI-FTI measurements using the
recovery scheme (34) regularized by the same prior as in SI-FTI, i.e., with the 3D wavelet sparsity
basis  =  2D ⌦ 1D. We thus solve this optimization with the changes D ! INp ⌦

p
M⇠D

⇠,
M ! M⇠Np, and ysi

! yci, and assuming that the level of the noise is una↵ected between the CI-
FTI and the SI-FTI sensing schemes. The results are displayed in Fig. 6-left (the black curves). We
observe that this 3D wavelet sparsity model increases the RSNR, up to 4.5 dB, when M/Nhs is close
to 1. This improvement, however, does not reach the RSNR of SI-FTI displayed in Fig. 6-right.
We thus conclude that the SI-FTI scheme benefit more from the diversity of its measurements than
from its regularization compared to CI-FTI. In practice, HS data in CI-FTI should be reconstructed
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Figure 6: The reconstruction performance of CI/SI-FTI systems solved by `1 minimization (CS) and ME problem
with the constrained/unconstrained light exposure budget. Note that for a fixed measurement ratio, the amount of
light exposure in the unconstrained exposure scenario is less than the one in constrained exposure scenario, by a
factor M/Nhs.

This sensing context is repeated over 10 random realizations of the noise, and the sets ⌦⇠ or
⌦. Fig. 6 depicts the reconstruction SNR in dB as a function of the number of measurements.
The HS volumes are reconstructed by solving two types of problems: (i) the CS-based `1 mini-
mization problem (24) or (34); and (ii) the Minimal Energy (ME) problem [10], i.e., a standard
reconstruction method that amounts to applying the pseudo-inverse of the sensing operator on the
noisy measurements.

In both cases, ME reconstructions (the blue curves) do not reach CS reconstruction qualities,
even though they benefit of the VDS strategy. The poor performances of the ME solutions advocate
the necessity of promoting sparsity prior in the reconstruction problem. The increased RSNR
quality of SI-FTI over CI-FTI is induced by both the 3D wavelet sparsity model and the greater
diversity of the compressive sensing matrix in SI-FTI where spatial information of the HS volume
is captured at each OPD index in JN⇠K; in CI-FTI, this spatial information is observed only on the
M ⇠ selected OPD indices. We recall that since there are repeated indices in subsampled sets ⌦⇠

and ⌦, even for M/Nhs = 1, we cannot sample all the distinct elements. As a consequence, ME
reconstructions does not reach Nyquist quality at M/Nhs = 1.

We now question whether the superior performance of SI-FTI is the consequence of the sensing
diversity or of the selected 3D wavelet sparsity model. For this, deviating from what is guaranteed
by CS literature (see Sec. 5.2), we test the recovery of HS data from CI-FTI measurements using the
recovery scheme (34) regularized by the same prior as in SI-FTI, i.e., with the 3D wavelet sparsity
basis  =  2D ⌦ 1D. We thus solve this optimization with the changes D ! INp ⌦

p
M⇠D

⇠,
M ! M⇠Np, and ysi

! yci, and assuming that the level of the noise is una↵ected between the CI-
FTI and the SI-FTI sensing schemes. The results are displayed in Fig. 6-left (the black curves). We
observe that this 3D wavelet sparsity model increases the RSNR, up to 4.5 dB, when M/Nhs is close
to 1. This improvement, however, does not reach the RSNR of SI-FTI displayed in Fig. 6-right.
We thus conclude that the SI-FTI scheme benefit more from the diversity of its measurements than
from its regularization compared to CI-FTI. In practice, HS data in CI-FTI should be reconstructed
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Figure 6: The reconstruction performance of CI/SI-FTI systems solved by `1 minimization (CS) and ME problem
with the constrained/unconstrained light exposure budget. Note that for a fixed measurement ratio, the amount of
light exposure in the unconstrained exposure scenario is less than the one in constrained exposure scenario, by a
factor M/Nhs.

This sensing context is repeated over 10 random realizations of the noise, and the sets ⌦⇠ or
⌦. Fig. 6 depicts the reconstruction SNR in dB as a function of the number of measurements.
The HS volumes are reconstructed by solving two types of problems: (i) the CS-based `1 mini-
mization problem (24) or (34); and (ii) the Minimal Energy (ME) problem [10], i.e., a standard
reconstruction method that amounts to applying the pseudo-inverse of the sensing operator on the
noisy measurements.

In both cases, ME reconstructions (the blue curves) do not reach CS reconstruction qualities,
even though they benefit of the VDS strategy. The poor performances of the ME solutions advocate
the necessity of promoting sparsity prior in the reconstruction problem. The increased RSNR
quality of SI-FTI over CI-FTI is induced by both the 3D wavelet sparsity model and the greater
diversity of the compressive sensing matrix in SI-FTI where spatial information of the HS volume
is captured at each OPD index in JN⇠K; in CI-FTI, this spatial information is observed only on the
M ⇠ selected OPD indices. We recall that since there are repeated indices in subsampled sets ⌦⇠

and ⌦, even for M/Nhs = 1, we cannot sample all the distinct elements. As a consequence, ME
reconstructions does not reach Nyquist quality at M/Nhs = 1.

We now question whether the superior performance of SI-FTI is the consequence of the sensing
diversity or of the selected 3D wavelet sparsity model. For this, deviating from what is guaranteed
by CS literature (see Sec. 5.2), we test the recovery of HS data from CI-FTI measurements using the
recovery scheme (34) regularized by the same prior as in SI-FTI, i.e., with the 3D wavelet sparsity
basis  =  2D ⌦ 1D. We thus solve this optimization with the changes D ! INp ⌦

p
M⇠D

⇠,
M ! M⇠Np, and ysi

! yci, and assuming that the level of the noise is una↵ected between the CI-
FTI and the SI-FTI sensing schemes. The results are displayed in Fig. 6-left (the black curves). We
observe that this 3D wavelet sparsity model increases the RSNR, up to 4.5 dB, when M/Nhs is close
to 1. This improvement, however, does not reach the RSNR of SI-FTI displayed in Fig. 6-right.
We thus conclude that the SI-FTI scheme benefit more from the diversity of its measurements than
from its regularization compared to CI-FTI. In practice, HS data in CI-FTI should be reconstructed
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100 % chance of successful recovery from M/Nhs > 0.2 and M/Nhs > 0.5 for SI-FTI and CI-FTI,
respectively; while for UDS strategy (↵ = 0) we observe that this cannot be achieved even when
M/Nhs = 1. Hereafter, the rest of our experiments are restricted to the case ↵ = 1.
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Figure 4: Phase transition comparison of proposed VDS (↵ = 1) against UDS (↵ = 0) and other VDS strategies in
the frameworks of CI-FTI and SI-FTI.
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Figure 5: A synthetic biological RGB image (left); three spectral bands of the generated ground truth HS volume
(middle); the known spectral signatures of three fluorochromes (right).

8.2 Reconstruction performances on a synthetic biological HS volume

We now test the performance of the proposed compressive FTI frameworks in a more realistic
context including measurement noise. We consider sensing scenarios with both constrained and
unconstrained light exposure.

As illustrated in Fig. 5, we simulate a biological HS volume of size (N⇠, Np) = (512, 642) by
mixing the coe�cients of three spectral bands of a synthetic biological RGB image (selected from
the benchmark images [70]) with the known spectra of three common fluorochromes.

The Nyquist measurements are formed as ynyq = �⇤x + nnyq where nnyq
l,k ⇠i.i.d. N (0, �nyq)

and �nyq is fixed such that 10 log(kxk
2/knnyq

k
2) ⇡ 20 dB. In the unconstrained-exposure context,

CI-FTI and SI-FTI observations are formed according to (23) and (32), where the sets ⌦⇠ and
⌦ are randomly generated from the pmfs (27) and (36), respectively, and the variance of each
component of the associated additive Gaussian measurement noises is also set to �2

nyq. In the
context of constrained-exposure simulations, the values of ground truth HS volume are multiplied
by N⇠/M⇠ and N⇠/M̄ for CI-FTI and SI-FTI, respectively, according to the linear intensity scaling
assumption explained in (42) and (47) (Sec. 7).
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M/Nhs = 1. Hereafter, the rest of our experiments are restricted to the case ↵ = 1.
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Figure 5: A synthetic biological RGB image (left); three spectral bands of the generated ground truth HS volume
(middle); the known spectral signatures of three fluorochromes (right).

8.2 Reconstruction performances on a synthetic biological HS volume

We now test the performance of the proposed compressive FTI frameworks in a more realistic
context including measurement noise. We consider sensing scenarios with both constrained and
unconstrained light exposure.

As illustrated in Fig. 5, we simulate a biological HS volume of size (N⇠, Np) = (512, 642) by
mixing the coe�cients of three spectral bands of a synthetic biological RGB image (selected from
the benchmark images [70]) with the known spectra of three common fluorochromes.

The Nyquist measurements are formed as ynyq = �⇤x + nnyq where nnyq
l,k ⇠i.i.d. N (0, �nyq)

and �nyq is fixed such that 10 log(kxk
2/knnyq

k
2) ⇡ 20 dB. In the unconstrained-exposure context,

CI-FTI and SI-FTI observations are formed according to (23) and (32), where the sets ⌦⇠ and
⌦ are randomly generated from the pmfs (27) and (36), respectively, and the variance of each
component of the associated additive Gaussian measurement noises is also set to �2

nyq. In the
context of constrained-exposure simulations, the values of ground truth HS volume are multiplied
by N⇠/M⇠ and N⇠/M̄ for CI-FTI and SI-FTI, respectively, according to the linear intensity scaling
assumption explained in (42) and (47) (Sec. 7).
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Figure 6: The reconstruction performance of CI/SI-FTI systems solved by `1 minimization (CS) and ME problem
with the constrained/unconstrained light exposure budget. Note that for a fixed measurement ratio, the amount of
light exposure in the unconstrained exposure scenario is less than the one in constrained exposure scenario, by a
factor M/Nhs.

This sensing context is repeated over 10 random realizations of the noise, and the sets ⌦⇠ or
⌦. Fig. 6 depicts the reconstruction SNR in dB as a function of the number of measurements.
The HS volumes are reconstructed by solving two types of problems: (i) the CS-based `1 mini-
mization problem (24) or (34); and (ii) the Minimal Energy (ME) problem [10], i.e., a standard
reconstruction method that amounts to applying the pseudo-inverse of the sensing operator on the
noisy measurements.

In both cases, ME reconstructions (the blue curves) do not reach CS reconstruction qualities,
even though they benefit of the VDS strategy. The poor performances of the ME solutions advocate
the necessity of promoting sparsity prior in the reconstruction problem. The increased RSNR
quality of SI-FTI over CI-FTI is induced by both the 3D wavelet sparsity model and the greater
diversity of the compressive sensing matrix in SI-FTI where spatial information of the HS volume
is captured at each OPD index in JN⇠K; in CI-FTI, this spatial information is observed only on the
M ⇠ selected OPD indices. We recall that since there are repeated indices in subsampled sets ⌦⇠

and ⌦, even for M/Nhs = 1, we cannot sample all the distinct elements. As a consequence, ME
reconstructions does not reach Nyquist quality at M/Nhs = 1.

We now question whether the superior performance of SI-FTI is the consequence of the sensing
diversity or of the selected 3D wavelet sparsity model. For this, deviating from what is guaranteed
by CS literature (see Sec. 5.2), we test the recovery of HS data from CI-FTI measurements using the
recovery scheme (34) regularized by the same prior as in SI-FTI, i.e., with the 3D wavelet sparsity
basis  =  2D ⌦ 1D. We thus solve this optimization with the changes D ! INp ⌦

p
M⇠D

⇠,
M ! M⇠Np, and ysi

! yci, and assuming that the level of the noise is una↵ected between the CI-
FTI and the SI-FTI sensing schemes. The results are displayed in Fig. 6-left (the black curves). We
observe that this 3D wavelet sparsity model increases the RSNR, up to 4.5 dB, when M/Nhs is close
to 1. This improvement, however, does not reach the RSNR of SI-FTI displayed in Fig. 6-right.
We thus conclude that the SI-FTI scheme benefit more from the diversity of its measurements than
from its regularization compared to CI-FTI. In practice, HS data in CI-FTI should be reconstructed
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Figure 6: The reconstruction performance of CI/SI-FTI systems solved by `1 minimization (CS) and ME problem
with the constrained/unconstrained light exposure budget. Note that for a fixed measurement ratio, the amount of
light exposure in the unconstrained exposure scenario is less than the one in constrained exposure scenario, by a
factor M/Nhs.

This sensing context is repeated over 10 random realizations of the noise, and the sets ⌦⇠ or
⌦. Fig. 6 depicts the reconstruction SNR in dB as a function of the number of measurements.
The HS volumes are reconstructed by solving two types of problems: (i) the CS-based `1 mini-
mization problem (24) or (34); and (ii) the Minimal Energy (ME) problem [10], i.e., a standard
reconstruction method that amounts to applying the pseudo-inverse of the sensing operator on the
noisy measurements.

In both cases, ME reconstructions (the blue curves) do not reach CS reconstruction qualities,
even though they benefit of the VDS strategy. The poor performances of the ME solutions advocate
the necessity of promoting sparsity prior in the reconstruction problem. The increased RSNR
quality of SI-FTI over CI-FTI is induced by both the 3D wavelet sparsity model and the greater
diversity of the compressive sensing matrix in SI-FTI where spatial information of the HS volume
is captured at each OPD index in JN⇠K; in CI-FTI, this spatial information is observed only on the
M ⇠ selected OPD indices. We recall that since there are repeated indices in subsampled sets ⌦⇠

and ⌦, even for M/Nhs = 1, we cannot sample all the distinct elements. As a consequence, ME
reconstructions does not reach Nyquist quality at M/Nhs = 1.

We now question whether the superior performance of SI-FTI is the consequence of the sensing
diversity or of the selected 3D wavelet sparsity model. For this, deviating from what is guaranteed
by CS literature (see Sec. 5.2), we test the recovery of HS data from CI-FTI measurements using the
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Figure 9: The reconstruction quality of CI-FTI sys-
tem with constrained-exposure budget. For each curve,
the (relative) light exposure budget is constrained to
IrefN⇠; and thus M⇠(I, Iref)/N⇠ = Iref/I for I 2
{Iref , Iref + 25, · · · , 700} mA. Subsampling the OPD
axis at higher light intensity results always in superior
reconstruction.
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Figure 10: The spectra of the reconstructed HS vol-
umes, associated with four marked instances in Fig. 9,
at the center spatial location. Performing the proposed
VDS strategy, even at the maximum compression ratio,
significantly improves the quality of the reconstructed
spectrum, especially in terms of denoising.
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Figure 11: The spatial maps of the reconstructed HS volumes at l = 70 (equivalent to 594 nm wavelength).

measurements) and P4 (35%) are significantly larger than in the spectra of P1 (8 %) and P3 (14%),
respectively. In Fig. 11, as expected from the low light condition (e.g., at 100 mA and 200 mA),
the spatial map quality is significantly degraded due to noise (Fig. 11-c and Fig. 11-e). Lower
subsampling rates allows for improved spatial map qualities (Fig. 11-b and Fig. 11-d) associated
with an increased light intensity of 700 mA where the MNR peaks. Note that the parallel frontiers
of the biological cells in Fig. 11 are an e↵ect of the 3D specimen transparency (also observed in the
panchromatic microscope).

We conclude this section by mentioning that an SI-FTI framework could have also been sim-
ulated from the recorded data, i.e., by randomly subsampling spatiotemporally the volume of
recorded (Nyquist) interferograms. However, such a simulation would be too ideal with respect to an
actual SI-FTI implementation integrating a spatial light modulator (SLM), e.g., a semi-transparent
Liquid Crystal Display (LCD), Liquid Crystal on Silicon (LCoS) [72], or Digital Micro-mirror De-
vices (DMD), as used in the single-pixel camera [35]. While their inclusion in a compressive imaging
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the spatial map quality is significantly degraded due to noise (Fig. 11-c and Fig. 11-e). Lower
subsampling rates allows for improved spatial map qualities (Fig. 11-b and Fig. 11-d) associated
with an increased light intensity of 700 mA where the MNR peaks. Note that the parallel frontiers
of the biological cells in Fig. 11 are an e↵ect of the 3D specimen transparency (also observed in the
panchromatic microscope).
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measurements) and P4 (35%) are significantly larger than in the spectra of P1 (8 %) and P3 (14%),
respectively. In Fig. 11, as expected from the low light condition (e.g., at 100 mA and 200 mA),
the spatial map quality is significantly degraded due to noise (Fig. 11-c and Fig. 11-e). Lower
subsampling rates allows for improved spatial map qualities (Fig. 11-b and Fig. 11-d) associated
with an increased light intensity of 700 mA where the MNR peaks. Note that the parallel frontiers
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measurements) and P4 (35%) are significantly larger than in the spectra of P1 (8 %) and P3 (14%),
respectively. In Fig. 11, as expected from the low light condition (e.g., at 100 mA and 200 mA),
the spatial map quality is significantly degraded due to noise (Fig. 11-c and Fig. 11-e). Lower
subsampling rates allows for improved spatial map qualities (Fig. 11-b and Fig. 11-d) associated
with an increased light intensity of 700 mA where the MNR peaks. Note that the parallel frontiers
of the biological cells in Fig. 11 are an e↵ect of the 3D specimen transparency (also observed in the
panchromatic microscope).
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with an increased light intensity of 700 mA where the MNR peaks. Note that the parallel frontiers
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the sensing protocol. Our techniques are subsequently applied
to image several relevant samples, including fluorescent beads,
cultured cells and tissues. By extending our implementation, we
further demonstrate the possibility of hyperspectral acquisition
with up to 128 different spectral channels. A final contribution is
a careful study of various noise trade-offs for CFM. We conclude
the paper with a discussion of prospective CFM developments.

Compressed Sensing Framework
We wish to image a two-dimensional sample x ¼ fx½i#g, a distri-
bution of fluorescent probes, in which x½i# is the value of x at
the pixel/location i (thus one can view pixel intensities x½i# as
the coefficients of the image x in a basis of localized functions,
namely, the Dirac basis). We represent this object in a basis W of
our choosing and write

x ¼
∑

p

c½p#wp ¼ Wc;

where the wp’s are (orthogonal) basis functions and the c½p#’s are
the coefficients of x in the expansion. We say that the signal is
K-sparse if at most K of these coefficients are nonzero. An em-
pirical fact is that most images of interest are well approximated
by K-sparse expansions with K much less than the number of pix-
els N, and this is the reason why data compression is effective;
one can store and transmit quantizations of the large coefficients,
ignore the small ones, and suffer little distortion.

In our imaging setup, we measure correlations between the im-
age of interest x and sensing waveforms ϕk taken from another
basis Φ; that is, we measure

yk ¼ hx; ϕki ¼
∑

i

x½i#ϕk½i#: [1]

Here, ϕk is an illumination or intensity pattern so that yk is ob-
tained by collecting all the fluorescence corresponding to those
pixels that have been illuminated on a single-point detector.
Wide-field and point-like excitation are two extreme cases, cor-
responding respectively to a uniform sensing waveform (ϕk½i# ¼ 1
for all i) and to a spike or Dirac waveform.

In its simplest form, CS theory asserts that if the signal x is
sparse in the representation W, then only few measurements
of the form [1] are sufficient for perfect recovery provided the
sensing and representation waveforms, respectively ϕk and wp,
are incoherent (4, 15). Two systems are said to be incoherent if
any element in one of the two cannot be expressed as a sparse
linear combination of elements taken from the other. Formally,
the coherence between two orthobases W and Φ of RN is mea-
sured by the parameter μðW;ΦÞ ranging between 1 and N:

μðW;ΦÞ ¼ Nmax
p;k

jhwp; ϕkij2: [2]

The Fourier and Dirac bases are in this sense maximally inco-
herent (we need many spikes to synthesize a sinusoid and vice
versa) and μ ¼ 1. On the opposite, two identical bases are maxi-
mally coherent and, in this case, μ ¼ N. Hence, incoherence ex-
presses the idea of the level of dissimilarity between any two
representations of a signal. With this notion in mind, one per-
ceives how each incoherent measurement—a projection on an
element of the basis Φ—conveys a little bit of information about
all the entries of the coefficient vector c. An important result in
CS theory states that K-sparse signals can be recovered exactly
from comparably few measurements in an incoherent system.
Further, recovery is achieved by solving a tractable optimization
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that
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where C is a constant on the order of unity. This result empha-
sizes both the role of the coherence and the potential gain for
large images due to the logarithmic dependence in the pixel size.
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dom samples.

We have discussed sparse signals above for ease of exposition.
However, the theory extends to approximately sparse signals and
to noisy data. For instance, if the signal is well approximated by a
K-sparse signal (some would say that it is compressible), then the
reconstruction error is shown to be small. Further, the recovery is
not sensitive to noise in the sense that the error degrades grace-
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the sensing protocol. Our techniques are subsequently applied
to image several relevant samples, including fluorescent beads,
cultured cells and tissues. By extending our implementation, we
further demonstrate the possibility of hyperspectral acquisition
with up to 128 different spectral channels. A final contribution is
a careful study of various noise trade-offs for CFM. We conclude
the paper with a discussion of prospective CFM developments.

Compressed Sensing Framework
We wish to image a two-dimensional sample x ¼ fx½i#g, a distri-
bution of fluorescent probes, in which x½i# is the value of x at
the pixel/location i (thus one can view pixel intensities x½i# as
the coefficients of the image x in a basis of localized functions,
namely, the Dirac basis). We represent this object in a basis W of
our choosing and write

x ¼
∑

p

c½p#wp ¼ Wc;

where the wp’s are (orthogonal) basis functions and the c½p#’s are
the coefficients of x in the expansion. We say that the signal is
K-sparse if at most K of these coefficients are nonzero. An em-
pirical fact is that most images of interest are well approximated
by K-sparse expansions with K much less than the number of pix-
els N, and this is the reason why data compression is effective;
one can store and transmit quantizations of the large coefficients,
ignore the small ones, and suffer little distortion.

In our imaging setup, we measure correlations between the im-
age of interest x and sensing waveforms ϕk taken from another
basis Φ; that is, we measure

yk ¼ hx; ϕki ¼
∑

i

x½i#ϕk½i#: [1]

Here, ϕk is an illumination or intensity pattern so that yk is ob-
tained by collecting all the fluorescence corresponding to those
pixels that have been illuminated on a single-point detector.
Wide-field and point-like excitation are two extreme cases, cor-
responding respectively to a uniform sensing waveform (ϕk½i# ¼ 1
for all i) and to a spike or Dirac waveform.

In its simplest form, CS theory asserts that if the signal x is
sparse in the representation W, then only few measurements
of the form [1] are sufficient for perfect recovery provided the
sensing and representation waveforms, respectively ϕk and wp,
are incoherent (4, 15). Two systems are said to be incoherent if
any element in one of the two cannot be expressed as a sparse
linear combination of elements taken from the other. Formally,
the coherence between two orthobases W and Φ of RN is mea-
sured by the parameter μðW;ΦÞ ranging between 1 and N:

μðW;ΦÞ ¼ Nmax
p;k

jhwp; ϕkij2: [2]

The Fourier and Dirac bases are in this sense maximally inco-
herent (we need many spikes to synthesize a sinusoid and vice
versa) and μ ¼ 1. On the opposite, two identical bases are maxi-
mally coherent and, in this case, μ ¼ N. Hence, incoherence ex-
presses the idea of the level of dissimilarity between any two
representations of a signal. With this notion in mind, one per-
ceives how each incoherent measurement—a projection on an
element of the basis Φ—conveys a little bit of information about
all the entries of the coefficient vector c. An important result in
CS theory states that K-sparse signals can be recovered exactly
from comparably few measurements in an incoherent system.
Further, recovery is achieved by solving a tractable optimization
program—a linear program. One solves

min
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‖c‖ℓ1
subject to yk ¼ hϕk;Wci; for all k ¼ 1…M: [3]

When M measurements are chosen uniformly at random from
the basis Φ, the recovery is exact with very high probability; that
is, the solution sequence ĉ obeys x̂ ¼ ∑p ĉ½p#wp ¼ x, provided
that
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where C is a constant on the order of unity. This result empha-
sizes both the role of the coherence and the potential gain for
large images due to the logarithmic dependence in the pixel size.
For incoherent pairs, we only need on the order of K logN ran-
dom samples.

We have discussed sparse signals above for ease of exposition.
However, the theory extends to approximately sparse signals and
to noisy data. For instance, if the signal is well approximated by a
K-sparse signal (some would say that it is compressible), then the
reconstruction error is shown to be small. Further, the recovery is
not sensitive to noise in the sense that the error degrades grace-
fully as the signal-to-noise ratio decreases. We refer to ref. 16 and
references therein for quantitative statements.
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Experimental Setup. Our setup is based on a standard epifluores-
cence inverted microscope (Nikon Ti-E) as shown in Fig. 1A. To
generate spatially modulated excitation patterns, we incorpo-
rated a Digital Micromirror Device (DMD) in a conjugate image
plane of the excitation path. The DMD is a 1,024-by-768 array of
micromirrors (Texas-Instrument Discovery 4100) of size 13.68 ×
13.68 μm each, and which can be shifted between two positions
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the sensing protocol. Our techniques are subsequently applied
to image several relevant samples, including fluorescent beads,
cultured cells and tissues. By extending our implementation, we
further demonstrate the possibility of hyperspectral acquisition
with up to 128 different spectral channels. A final contribution is
a careful study of various noise trade-offs for CFM. We conclude
the paper with a discussion of prospective CFM developments.

Compressed Sensing Framework
We wish to image a two-dimensional sample x ¼ fx½i#g, a distri-
bution of fluorescent probes, in which x½i# is the value of x at
the pixel/location i (thus one can view pixel intensities x½i# as
the coefficients of the image x in a basis of localized functions,
namely, the Dirac basis). We represent this object in a basis W of
our choosing and write

x ¼
∑

p

c½p#wp ¼ Wc;

where the wp’s are (orthogonal) basis functions and the c½p#’s are
the coefficients of x in the expansion. We say that the signal is
K-sparse if at most K of these coefficients are nonzero. An em-
pirical fact is that most images of interest are well approximated
by K-sparse expansions with K much less than the number of pix-
els N, and this is the reason why data compression is effective;
one can store and transmit quantizations of the large coefficients,
ignore the small ones, and suffer little distortion.

In our imaging setup, we measure correlations between the im-
age of interest x and sensing waveforms ϕk taken from another
basis Φ; that is, we measure

yk ¼ hx; ϕki ¼
∑

i

x½i#ϕk½i#: [1]

Here, ϕk is an illumination or intensity pattern so that yk is ob-
tained by collecting all the fluorescence corresponding to those
pixels that have been illuminated on a single-point detector.
Wide-field and point-like excitation are two extreme cases, cor-
responding respectively to a uniform sensing waveform (ϕk½i# ¼ 1
for all i) and to a spike or Dirac waveform.

In its simplest form, CS theory asserts that if the signal x is
sparse in the representation W, then only few measurements
of the form [1] are sufficient for perfect recovery provided the
sensing and representation waveforms, respectively ϕk and wp,
are incoherent (4, 15). Two systems are said to be incoherent if
any element in one of the two cannot be expressed as a sparse
linear combination of elements taken from the other. Formally,
the coherence between two orthobases W and Φ of RN is mea-
sured by the parameter μðW;ΦÞ ranging between 1 and N:

μðW;ΦÞ ¼ Nmax
p;k

jhwp; ϕkij2: [2]

The Fourier and Dirac bases are in this sense maximally inco-
herent (we need many spikes to synthesize a sinusoid and vice
versa) and μ ¼ 1. On the opposite, two identical bases are maxi-
mally coherent and, in this case, μ ¼ N. Hence, incoherence ex-
presses the idea of the level of dissimilarity between any two
representations of a signal. With this notion in mind, one per-
ceives how each incoherent measurement—a projection on an
element of the basis Φ—conveys a little bit of information about
all the entries of the coefficient vector c. An important result in
CS theory states that K-sparse signals can be recovered exactly
from comparably few measurements in an incoherent system.
Further, recovery is achieved by solving a tractable optimization
program—a linear program. One solves

min
c∈RN

‖c‖ℓ1
subject to yk ¼ hϕk;Wci; for all k ¼ 1…M: [3]

When M measurements are chosen uniformly at random from
the basis Φ, the recovery is exact with very high probability; that
is, the solution sequence ĉ obeys x̂ ¼ ∑p ĉ½p#wp ¼ x, provided
that

M ≥CμðΦ;WÞK logN; [4]

where C is a constant on the order of unity. This result empha-
sizes both the role of the coherence and the potential gain for
large images due to the logarithmic dependence in the pixel size.
For incoherent pairs, we only need on the order of K logN ran-
dom samples.

We have discussed sparse signals above for ease of exposition.
However, the theory extends to approximately sparse signals and
to noisy data. For instance, if the signal is well approximated by a
K-sparse signal (some would say that it is compressible), then the
reconstruction error is shown to be small. Further, the recovery is
not sensitive to noise in the sense that the error degrades grace-
fully as the signal-to-noise ratio decreases. We refer to ref. 16 and
references therein for quantitative statements.

Compressive Fluorescence Microscopy: Implementation
Experimental Setup. Our setup is based on a standard epifluores-
cence inverted microscope (Nikon Ti-E) as shown in Fig. 1A. To
generate spatially modulated excitation patterns, we incorpo-
rated a Digital Micromirror Device (DMD) in a conjugate image
plane of the excitation path. The DMD is a 1,024-by-768 array of
micromirrors (Texas-Instrument Discovery 4100) of size 13.68 ×
13.68 μm each, and which can be shifted between two positions
oriented at þ12° or −12° with respect to the DMD surface. The
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the sensing protocol. Our techniques are subsequently applied
to image several relevant samples, including fluorescent beads,
cultured cells and tissues. By extending our implementation, we
further demonstrate the possibility of hyperspectral acquisition
with up to 128 different spectral channels. A final contribution is
a careful study of various noise trade-offs for CFM. We conclude
the paper with a discussion of prospective CFM developments.

Compressed Sensing Framework
We wish to image a two-dimensional sample x ¼ fx½i#g, a distri-
bution of fluorescent probes, in which x½i# is the value of x at
the pixel/location i (thus one can view pixel intensities x½i# as
the coefficients of the image x in a basis of localized functions,
namely, the Dirac basis). We represent this object in a basis W of
our choosing and write

x ¼
∑

p

c½p#wp ¼ Wc;

where the wp’s are (orthogonal) basis functions and the c½p#’s are
the coefficients of x in the expansion. We say that the signal is
K-sparse if at most K of these coefficients are nonzero. An em-
pirical fact is that most images of interest are well approximated
by K-sparse expansions with K much less than the number of pix-
els N, and this is the reason why data compression is effective;
one can store and transmit quantizations of the large coefficients,
ignore the small ones, and suffer little distortion.

In our imaging setup, we measure correlations between the im-
age of interest x and sensing waveforms ϕk taken from another
basis Φ; that is, we measure

yk ¼ hx; ϕki ¼
∑

i

x½i#ϕk½i#: [1]

Here, ϕk is an illumination or intensity pattern so that yk is ob-
tained by collecting all the fluorescence corresponding to those
pixels that have been illuminated on a single-point detector.
Wide-field and point-like excitation are two extreme cases, cor-
responding respectively to a uniform sensing waveform (ϕk½i# ¼ 1
for all i) and to a spike or Dirac waveform.

In its simplest form, CS theory asserts that if the signal x is
sparse in the representation W, then only few measurements
of the form [1] are sufficient for perfect recovery provided the
sensing and representation waveforms, respectively ϕk and wp,
are incoherent (4, 15). Two systems are said to be incoherent if
any element in one of the two cannot be expressed as a sparse
linear combination of elements taken from the other. Formally,
the coherence between two orthobases W and Φ of RN is mea-
sured by the parameter μðW;ΦÞ ranging between 1 and N:

μðW;ΦÞ ¼ Nmax
p;k

jhwp; ϕkij2: [2]

The Fourier and Dirac bases are in this sense maximally inco-
herent (we need many spikes to synthesize a sinusoid and vice
versa) and μ ¼ 1. On the opposite, two identical bases are maxi-
mally coherent and, in this case, μ ¼ N. Hence, incoherence ex-
presses the idea of the level of dissimilarity between any two
representations of a signal. With this notion in mind, one per-
ceives how each incoherent measurement—a projection on an
element of the basis Φ—conveys a little bit of information about
all the entries of the coefficient vector c. An important result in
CS theory states that K-sparse signals can be recovered exactly
from comparably few measurements in an incoherent system.
Further, recovery is achieved by solving a tractable optimization
program—a linear program. One solves

min
c∈RN

‖c‖ℓ1
subject to yk ¼ hϕk;Wci; for all k ¼ 1…M: [3]

When M measurements are chosen uniformly at random from
the basis Φ, the recovery is exact with very high probability; that
is, the solution sequence ĉ obeys x̂ ¼ ∑p ĉ½p#wp ¼ x, provided
that

M ≥CμðΦ;WÞK logN; [4]

where C is a constant on the order of unity. This result empha-
sizes both the role of the coherence and the potential gain for
large images due to the logarithmic dependence in the pixel size.
For incoherent pairs, we only need on the order of K logN ran-
dom samples.

We have discussed sparse signals above for ease of exposition.
However, the theory extends to approximately sparse signals and
to noisy data. For instance, if the signal is well approximated by a
K-sparse signal (some would say that it is compressible), then the
reconstruction error is shown to be small. Further, the recovery is
not sensitive to noise in the sense that the error degrades grace-
fully as the signal-to-noise ratio decreases. We refer to ref. 16 and
references therein for quantitative statements.

Compressive Fluorescence Microscopy: Implementation
Experimental Setup. Our setup is based on a standard epifluores-
cence inverted microscope (Nikon Ti-E) as shown in Fig. 1A. To
generate spatially modulated excitation patterns, we incorpo-
rated a Digital Micromirror Device (DMD) in a conjugate image
plane of the excitation path. The DMD is a 1,024-by-768 array of
micromirrors (Texas-Instrument Discovery 4100) of size 13.68 ×
13.68 μm each, and which can be shifted between two positions
oriented at þ12° or −12° with respect to the DMD surface. The
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Figure 1: Operating principles of SP-FTI. A continuous HS volume Xc (e.g., observed from a confocal microscope) is spatially
and temporally modulated from space-time coding of the light source.

literature.
In this paper, adopting the stable and robust sampling strategies of Krahmer and Ward [17] for com-

pressive imaging, we optimize SP-FTI sensing by following a Variable Density Sampling (VDS) of both the
OPD domain and the Hadamard transformation of the spatial domain. This di↵ers from a former work [8]
where we considered multilevel sampling. In particular, our sampling strategy relies on the estimation of
tight bounds on the local coherence between the 3D sensing and sparsity bases. The sensing basis is obtained
from the Kronecker product of the Fourier (imposed by the FTI system) and Paley Hadamard (an aspect of
our sensing design) bases and the sparsity basis is achieved by the Kronecker product of the 1D Haar wavelet
and the 2D isotropic Haar wavelet bases. Our analysis in Appendix is versatile and could be extended to
other SP imaging techniques.

The rest of the paper is structured as follows. We first summarize the recovery guarantee associated with
VDS theory in Sec. 2. After describing the principles of SP-FTI, our stable and robust compressive SP-FTI
is proposed in Sec. 4. Numerical simulations are provided in Sec. 5.

Notations: domain dimensions are represented by capital letters, e.g., K,M,N . Vectors, matrices, and
data cubes are denoted by bold symbols. For any matrix (or vector) V 2 CM⇥N , V > and V

⇤ represent
the transposed and the conjugate transpose of V , respectively, and V ⌦W denotes the Kronecker product
of two matrices V and W . The `p-norm of u reads kukp := (

P
i |ui|

p)1/p, for p � 1, with kuk := kuk2.
The identity matrix of dimension N is represented as IN . Finally, we use the asymptotic relations f . g
(or f & g) if f  c g (resp. g  c f) for two functions f and g and some value c > 0 independent of their
parameters.

2 Compressed Sensing with random partial Orthonormal Bases

One interest of CS theory is to recover a signal x 2 CN from a vector of noisy measurements [18]

y = P⌦�
⇤
x+ n, (1)

where ⌦ = {!j}
M
j=1 ⇢ JNK is a multiset of (non-unique) indices selected from a sampling strategy p, i.e.,

these indices are independently and identically distributed (i.i.d.) according to the probability mass function
(pmf) p on JNK such that p(l) = P[!j = l] for any l 2 JNK and j 2 JMK. The restriction operator is denoted
by P⌦ 2 {0, 1}M⇥N with (P⌦x)j = x!j and n models an additive noise. If x is assumed sparse (or well
approximated by a sparse representation) in some basis  , i.e., x =  s, with K := |supp (s)| ⌧ N , then
the following proposition, which is a direct combination of [17, Thm. 5.2] and [16, Prop. 3], provides the
conditions and guarantee under which x can be estimated from the noisy measurements y.
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In this paper, adopting the stable and robust sampling strategies of Krahmer and Ward [17] for com-

pressive imaging, we optimize SP-FTI sensing by following a Variable Density Sampling (VDS) of both the
OPD domain and the Hadamard transformation of the spatial domain. This di↵ers from a former work [8]
where we considered multilevel sampling. In particular, our sampling strategy relies on the estimation of
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literature.
In this paper, adopting the stable and robust sampling strategies of Krahmer and Ward [17] for com-

pressive imaging, we optimize SP-FTI sensing by following a Variable Density Sampling (VDS) of both the
OPD domain and the Hadamard transformation of the spatial domain. This di↵ers from a former work [8]
where we considered multilevel sampling. In particular, our sampling strategy relies on the estimation of
tight bounds on the local coherence between the 3D sensing and sparsity bases. The sensing basis is obtained
from the Kronecker product of the Fourier (imposed by the FTI system) and Paley Hadamard (an aspect of
our sensing design) bases and the sparsity basis is achieved by the Kronecker product of the 1D Haar wavelet
and the 2D isotropic Haar wavelet bases. Our analysis in Appendix is versatile and could be extended to
other SP imaging techniques.

The rest of the paper is structured as follows. We first summarize the recovery guarantee associated with
VDS theory in Sec. 2. After describing the principles of SP-FTI, our stable and robust compressive SP-FTI
is proposed in Sec. 4. Numerical simulations are provided in Sec. 5.

Notations: domain dimensions are represented by capital letters, e.g., K,M,N . Vectors, matrices, and
data cubes are denoted by bold symbols. For any matrix (or vector) V 2 CM⇥N , V > and V

⇤ represent
the transposed and the conjugate transpose of V , respectively, and V ⌦W denotes the Kronecker product
of two matrices V and W . The `p-norm of u reads kukp := (

P
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p)1/p, for p � 1, with kuk := kuk2.
The identity matrix of dimension N is represented as IN . Finally, we use the asymptotic relations f . g
(or f & g) if f  c g (resp. g  c f) for two functions f and g and some value c > 0 independent of their
parameters.

2 Compressed Sensing with random partial Orthonormal Bases

One interest of CS theory is to recover a signal x 2 CN from a vector of noisy measurements [18]

y = P⌦�
⇤
x+ n, (1)

where ⌦ = {!j}
M
j=1 ⇢ JNK is a multiset of (non-unique) indices selected from a sampling strategy p, i.e.,

these indices are independently and identically distributed (i.i.d.) according to the probability mass function
(pmf) p on JNK such that p(l) = P[!j = l] for any l 2 JNK and j 2 JMK. The restriction operator is denoted
by P⌦ 2 {0, 1}M⇥N with (P⌦x)j = x!j and n models an additive noise. If x is assumed sparse (or well
approximated by a sparse representation) in some basis  , i.e., x =  s, with K := |supp (s)| ⌧ N , then
the following proposition, which is a direct combination of [17, Thm. 5.2] and [16, Prop. 3], provides the
conditions and guarantee under which x can be estimated from the noisy measurements y.
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‣ “single-pixelization” of FTI !  

Figure 1: Operating principles of SP-FTI. A continuous HS volume Xc (e.g., observed from a confocal microscope) is spatially
and temporally modulated from space-time coding of the light source.

literature.
In this paper, adopting the stable and robust sampling strategies of Krahmer and Ward [17] for com-

pressive imaging, we optimize SP-FTI sensing by following a Variable Density Sampling (VDS) of both the
OPD domain and the Hadamard transformation of the spatial domain. This di↵ers from a former work [8]
where we considered multilevel sampling. In particular, our sampling strategy relies on the estimation of
tight bounds on the local coherence between the 3D sensing and sparsity bases. The sensing basis is obtained
from the Kronecker product of the Fourier (imposed by the FTI system) and Paley Hadamard (an aspect of
our sensing design) bases and the sparsity basis is achieved by the Kronecker product of the 1D Haar wavelet
and the 2D isotropic Haar wavelet bases. Our analysis in Appendix is versatile and could be extended to
other SP imaging techniques.

The rest of the paper is structured as follows. We first summarize the recovery guarantee associated with
VDS theory in Sec. 2. After describing the principles of SP-FTI, our stable and robust compressive SP-FTI
is proposed in Sec. 4. Numerical simulations are provided in Sec. 5.

Notations: domain dimensions are represented by capital letters, e.g., K,M,N . Vectors, matrices, and
data cubes are denoted by bold symbols. For any matrix (or vector) V 2 CM⇥N , V > and V
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of two matrices V and W . The `p-norm of u reads kukp := (
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The identity matrix of dimension N is represented as IN . Finally, we use the asymptotic relations f . g
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by P⌦ 2 {0, 1}M⇥N with (P⌦x)j = x!j and n models an additive noise. If x is assumed sparse (or well
approximated by a sparse representation) in some basis  , i.e., x =  s, with K := |supp (s)| ⌧ N , then
the following proposition, which is a direct combination of [17, Thm. 5.2] and [16, Prop. 3], provides the
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Variable Density Sampling (VDS) in CS

‣ Crucial question: estimate the local coherence of
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Close encounters of the binary kind ….
‣ Exploit recurrent H&H design in 1-D, i.e., 
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for N = 8.

This proposition will be used in the proof of the following two propositions.

Proposition 4 (Local coherence of Hadamard-Haar systems). Fix integers r and N = 2r. Let
�had 2 R

N⇥N and �2had be the Hadamard matrices associated with the 1-D and 2-D Hadamard
transformations, respectively. Let  dhw 2 R

N⇥N ,  adhw 2 R
N2⇥N2

, and  idhw 2 R
N2⇥N2

be the
DHW, ADHW, and IDHW bases, respectively. Then, the following equalities hold.

(a) µ
loc
k (�⇤

had dhw) = min
�
1, 2�

blog2(k�1)c
2

 
, k 2 JNK,

kµloc(�⇤
had dhw)k2 = log2(N) + 1,

(b) µ
loc
k (�⇤

2had idhw) = min
�
1, 2�blog

2
(max{k1,k2}�1)c 

, k
N⌦ (k1, k2),

kµloc(�⇤
2had idhw)k2 = 3 log2(N) + 1,

(c) µ
loc
k (�⇤

2had adhw) = min
�
1, 2�

blog2(k1�1)c
2

 
·min

�
1, 2�

blog2(k2�1)c
2

 
, k

N⌦ (k1, k2),

kµloc(�⇤
2had adhw)k2 =

�
log2(N) + 1

�2
.

Proof. See Sec. 4.2.

Fig. 2 depicts the structure of the 1-D and 2-D Hadamard-Haar systems. The values of the
local coherence parameters are illustrated in Fig.3. By combining the results of Prop. 4 with the
argument of Prop. 1 we directly obtain the following theorem.

Theorem 1 (Uniform guarantee for Hadamard-Haar systems). Fix N = 2r for some r 2 N. In the
context of three Hadamard-Haar systems below, each pair of sample-complexity bound and sampling

12

(for N = 8)
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Close encounters of the binary kind ….
‣ Exploit recurrent H&H design in 1-D, i.e., 

‣ Coherence factors with Kronecker product, i.e., 
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Close encounters of the binary kind ….
‣ Exploit recurrent H&H design in 1-D, i.e., 

‣ Coherence factors with Kronecker product 
‣ Combining everything: select patterns with pmf
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Close encounters of the binary kind ….
‣ Exploit recurrent H&H design in 1-D, i.e., 

‣ Coherence factors with Kronecker product 
‣ Combining everything: select patterns with pmf 

‣ Sample complexity for K-sparse HS volume:
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Numerical Simulations
‣ Synthetic HS volume:
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Figure 2: Three spatial maps of ground truth HS volume (left); the known spectral signatures of three fluorochromes (right).
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Figure 3: The performance of the proposed SP-FTI system.

5 Numerical results

We conduct several simulations to verify the performance of the proposed compressive SP-FTI on a simulated
biological HS volume of size (N⇠, Np) = (512, 642). We construct it by mixing the coe�cients of three
spectral bands of a synthetic biological RGB image selected from the benchmark images [21], with the
known spectra of three common fluorochromes [22], see Fig. 2 (right). Compressive SP-FTI observations
are formed according to (7), where the multiset ⌦ is randomly generated from the pmf (9) and the variance
of the associated Gaussian noise �2

nyq is fixed w.r.t. to the desired Signal-to-Noise Ratio (SNR) reported in
Fig. 3, with SNR := 10 log(kxk2/(�2

nyqNhs)). This sensing procedure is repeated over 10 random realizations
of the noise and the multiset ⌦. Fig. 3 depicts the average Reconstruction SNR (RSNR) in dB with
RSNR := 10 log(kxk2/kx � x̂k

2). The value of " is computed via the empirical 95th percentile curve of
the weighted noise power kDnk over 100 Monte-Carlo realizations of the Gaussian noise and the index
set ⌦. We recover HS volumes through �(ysp, p,⌦,�sp, sp) using SPGL1 toolbox [23], referred to as CS
reconstruction, and the Minimal Energy (ME) problem, i.e., x̂me := (P⌦�

⇤
sp)

†
y
sp, where † denotes the

pseudo-inverse operator [24].
Poor performance of the ME solution (see dashed lines) highlights the necessity of leveraging HS sparsity

prior. Since ME reconstruction does not consider the noise power, its performance does not change w.r.t.
di↵erent SNR values. On the contrary, the solution of �(ysp, p,⌦,�sp, sp) is robust to the noisy mea-
surements and is stable for compressible HS volumes. An example of the reconstructed HS volume w.r.t.
M/N⇠ ⇡ (M + N⇠)/(Nhs + N⇠) = 0.1 is visualized in Fig. 4. A comparison between these results and the
ground truth values confirms that, even with 10% of the SP-FTI measurements, the spatial and spectral
content of the HS volume is successfully preserved.
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5 Numerical results

We conduct several simulations to verify the performance of the proposed compressive SP-FTI on a simulated
biological HS volume of size (N⇠, Np) = (512, 642). We construct it by mixing the coe�cients of three
spectral bands of a synthetic biological RGB image selected from the benchmark images [21], with the
known spectra of three common fluorochromes [22], see Fig. 2 (right). Compressive SP-FTI observations
are formed according to (7), where the multiset ⌦ is randomly generated from the pmf (9) and the variance
of the associated Gaussian noise �2

nyq is fixed w.r.t. to the desired Signal-to-Noise Ratio (SNR) reported in
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nyqNhs)). This sensing procedure is repeated over 10 random realizations
of the noise and the multiset ⌦. Fig. 3 depicts the average Reconstruction SNR (RSNR) in dB with
RSNR := 10 log(kxk2/kx � x̂k

2). The value of " is computed via the empirical 95th percentile curve of
the weighted noise power kDnk over 100 Monte-Carlo realizations of the Gaussian noise and the index
set ⌦. We recover HS volumes through �(ysp, p,⌦,�sp, sp) using SPGL1 toolbox [23], referred to as CS
reconstruction, and the Minimal Energy (ME) problem, i.e., x̂me := (P⌦�
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di↵erent SNR values. On the contrary, the solution of �(ysp, p,⌦,�sp, sp) is robust to the noisy mea-
surements and is stable for compressible HS volumes. An example of the reconstructed HS volume w.r.t.
M/N⇠ ⇡ (M + N⇠)/(Nhs + N⇠) = 0.1 is visualized in Fig. 4. A comparison between these results and the
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5 Numerical results

We conduct several simulations to verify the performance of the proposed compressive SP-FTI on a simulated
biological HS volume of size (N⇠, Np) = (512, 642). We construct it by mixing the coe�cients of three
spectral bands of a synthetic biological RGB image selected from the benchmark images [21], with the
known spectra of three common fluorochromes [22], see Fig. 2 (right). Compressive SP-FTI observations
are formed according to (7), where the multiset ⌦ is randomly generated from the pmf (9) and the variance
of the associated Gaussian noise �2

nyq is fixed w.r.t. to the desired Signal-to-Noise Ratio (SNR) reported in
Fig. 3, with SNR := 10 log(kxk2/(�2

nyqNhs)). This sensing procedure is repeated over 10 random realizations
of the noise and the multiset ⌦. Fig. 3 depicts the average Reconstruction SNR (RSNR) in dB with
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2). The value of " is computed via the empirical 95th percentile curve of
the weighted noise power kDnk over 100 Monte-Carlo realizations of the Gaussian noise and the index
set ⌦. We recover HS volumes through �(ysp, p,⌦,�sp, sp) using SPGL1 toolbox [23], referred to as CS
reconstruction, and the Minimal Energy (ME) problem, i.e., x̂me := (P⌦�
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prior. Since ME reconstruction does not consider the noise power, its performance does not change w.r.t.
di↵erent SNR values. On the contrary, the solution of �(ysp, p,⌦,�sp, sp) is robust to the noisy mea-
surements and is stable for compressible HS volumes. An example of the reconstructed HS volume w.r.t.
M/N⇠ ⇡ (M + N⇠)/(Nhs + N⇠) = 0.1 is visualized in Fig. 4. A comparison between these results and the
ground truth values confirms that, even with 10% of the SP-FTI measurements, the spatial and spectral
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5 Numerical results

We conduct several simulations to verify the performance of the proposed compressive SP-FTI on a simulated
biological HS volume of size (N⇠, Np) = (512, 642). We construct it by mixing the coe�cients of three
spectral bands of a synthetic biological RGB image selected from the benchmark images [21], with the
known spectra of three common fluorochromes [22], see Fig. 2 (right). Compressive SP-FTI observations
are formed according to (7), where the multiset ⌦ is randomly generated from the pmf (9) and the variance
of the associated Gaussian noise �2

nyq is fixed w.r.t. to the desired Signal-to-Noise Ratio (SNR) reported in
Fig. 3, with SNR := 10 log(kxk2/(�2

nyqNhs)). This sensing procedure is repeated over 10 random realizations
of the noise and the multiset ⌦. Fig. 3 depicts the average Reconstruction SNR (RSNR) in dB with
RSNR := 10 log(kxk2/kx � x̂k

2). The value of " is computed via the empirical 95th percentile curve of
the weighted noise power kDnk over 100 Monte-Carlo realizations of the Gaussian noise and the index
set ⌦. We recover HS volumes through �(ysp, p,⌦,�sp, sp) using SPGL1 toolbox [23], referred to as CS
reconstruction, and the Minimal Energy (ME) problem, i.e., x̂me := (P⌦�
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sp)
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y
sp, where † denotes the

pseudo-inverse operator [24].
Poor performance of the ME solution (see dashed lines) highlights the necessity of leveraging HS sparsity

prior. Since ME reconstruction does not consider the noise power, its performance does not change w.r.t.
di↵erent SNR values. On the contrary, the solution of �(ysp, p,⌦,�sp, sp) is robust to the noisy mea-
surements and is stable for compressible HS volumes. An example of the reconstructed HS volume w.r.t.
M/N⇠ ⇡ (M + N⇠)/(Nhs + N⇠) = 0.1 is visualized in Fig. 4. A comparison between these results and the
ground truth values confirms that, even with 10% of the SP-FTI measurements, the spatial and spectral
content of the HS volume is successfully preserved.
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6 Conclusion

We have proposed a compressive SP-FTI where the light source can be optimally structured (using Hadamard
patterns) in order to minimize the light exposure imposed on the observed object and the number of mea-
surements. Our method is practically plausible without any hardware modification to the initial SP-FTI [7].
The theoretical recovery guarantee of this work supports any application of SP-FTI. However, extending
this work to a biologically friendly SP-FTI, where the total amount of light exposure is assumed fixed will
be the scope of a future work. Tracing the e↵ect of other sparsity bases on our local coherence analysis, e.g.,
the Daubechies wavelets [25], is also postponed to future investigations.

APPENDIX: LOCAL COHERENCE BOUND

We here provide a proof sketch for computing the bound on the local coherence µl(�
⇤
sp sp) for l 2 JNhsK

in (8). We recall the relation l = Np(l⇠ � 1) + lp, where lp = N̄p(ly � 1) + lx between the 1D “l”and the 3D
“(l⇠, lx, ly)” index representations. Noting that �⇤

sp sp = (�⇤
had idhw)⌦ (�⇤

dft dhw), the definition of local
coherence (2) gives

µl(�
⇤ ) = µl⇠(�

⇤
dft dhw) · µlp(�

⇤
had idhw). (12)

We have shown in [16, Prop. 5.3] that µl⇠(�
⇤
dft dhw)  ⇠

l⇠
:=

p
2min{1, |l⇠ � N⇠/2|�1/2

} and k
⇠
k
2 .

log(N⇠). We prove in this work (see below) that

µlp(�
⇤
had idhw) = p

lp
:= min{1, 2�blog2(max{lx,ly}�1)c

},

and k
p
k
2 = 1 + 3 log2(N̄p). Thus, replacing these values in (12) implies (8). Finally, we note kk

2 =
k

⇠
k
2
· k

p
k
2.

Computation of µlp(�
⇤
had idhw): For fixed integers r, N̄p = 2r, and Np = N̄2

p , we first define 1-D

dyadic wavelet levels as T` := {l`�1 + 1, · · · , l`}, ` 2 JrK with l` := 2` for ` 2 JrK and T0 := {1}. In a matrix
form, the 1D DHW basis in RN̄p⇥N̄p can be constructed [25, 26] as

 dhw := W N̄p
=

1p
2


W N̄p/2 ⌦


1
1

�
, IN̄p/2 ⌦


1
�1

��
,

with W 1 = [1]. Define also W
0
1 := [1] and

 0
dhw := W

0
N̄p

=
1p
2


W

0
N̄p/2 ⌦


1
1

�
, IN̄p/2 ⌦


1
1

��
.

Up to a permutation of its columns, the 2D IDHW basis in RNp⇥Np [25] can be constructed as  idhw =
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5 Numerical results

We conduct several simulations to verify the performance of the proposed compressive SP-FTI on a simulated
biological HS volume of size (N⇠, Np) = (512, 642). We construct it by mixing the coe�cients of three
spectral bands of a synthetic biological RGB image selected from the benchmark images [21], with the
known spectra of three common fluorochromes [22], see Fig. 2 (right). Compressive SP-FTI observations
are formed according to (7), where the multiset ⌦ is randomly generated from the pmf (9) and the variance
of the associated Gaussian noise �2

nyq is fixed w.r.t. to the desired Signal-to-Noise Ratio (SNR) reported in
Fig. 3, with SNR := 10 log(kxk2/(�2

nyqNhs)). This sensing procedure is repeated over 10 random realizations
of the noise and the multiset ⌦. Fig. 3 depicts the average Reconstruction SNR (RSNR) in dB with
RSNR := 10 log(kxk2/kx � x̂k

2). The value of " is computed via the empirical 95th percentile curve of
the weighted noise power kDnk over 100 Monte-Carlo realizations of the Gaussian noise and the index
set ⌦. We recover HS volumes through �(ysp, p,⌦,�sp, sp) using SPGL1 toolbox [23], referred to as CS
reconstruction, and the Minimal Energy (ME) problem, i.e., x̂me := (P⌦�

⇤
sp)

†
y
sp, where † denotes the

pseudo-inverse operator [24].
Poor performance of the ME solution (see dashed lines) highlights the necessity of leveraging HS sparsity

prior. Since ME reconstruction does not consider the noise power, its performance does not change w.r.t.
di↵erent SNR values. On the contrary, the solution of �(ysp, p,⌦,�sp, sp) is robust to the noisy mea-
surements and is stable for compressible HS volumes. An example of the reconstructed HS volume w.r.t.
M/N⇠ ⇡ (M + N⇠)/(Nhs + N⇠) = 0.1 is visualized in Fig. 4. A comparison between these results and the
ground truth values confirms that, even with 10% of the SP-FTI measurements, the spatial and spectral
content of the HS volume is successfully preserved.
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5 Numerical results

We conduct several simulations to verify the performance of the proposed compressive SP-FTI on a simulated
biological HS volume of size (N⇠, Np) = (512, 642). We construct it by mixing the coe�cients of three
spectral bands of a synthetic biological RGB image selected from the benchmark images [21], with the
known spectra of three common fluorochromes [22], see Fig. 2 (right). Compressive SP-FTI observations
are formed according to (7), where the multiset ⌦ is randomly generated from the pmf (9) and the variance
of the associated Gaussian noise �2

nyq is fixed w.r.t. to the desired Signal-to-Noise Ratio (SNR) reported in
Fig. 3, with SNR := 10 log(kxk2/(�2

nyqNhs)). This sensing procedure is repeated over 10 random realizations
of the noise and the multiset ⌦. Fig. 3 depicts the average Reconstruction SNR (RSNR) in dB with
RSNR := 10 log(kxk2/kx � x̂k

2). The value of " is computed via the empirical 95th percentile curve of
the weighted noise power kDnk over 100 Monte-Carlo realizations of the Gaussian noise and the index
set ⌦. We recover HS volumes through �(ysp, p,⌦,�sp, sp) using SPGL1 toolbox [23], referred to as CS
reconstruction, and the Minimal Energy (ME) problem, i.e., x̂me := (P⌦�
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sp)
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y
sp, where † denotes the

pseudo-inverse operator [24].
Poor performance of the ME solution (see dashed lines) highlights the necessity of leveraging HS sparsity

prior. Since ME reconstruction does not consider the noise power, its performance does not change w.r.t.
di↵erent SNR values. On the contrary, the solution of �(ysp, p,⌦,�sp, sp) is robust to the noisy mea-
surements and is stable for compressible HS volumes. An example of the reconstructed HS volume w.r.t.
M/N⇠ ⇡ (M + N⇠)/(Nhs + N⇠) = 0.1 is visualized in Fig. 4. A comparison between these results and the
ground truth values confirms that, even with 10% of the SP-FTI measurements, the spatial and spectral
content of the HS volume is successfully preserved.
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5 Numerical results

We conduct several simulations to verify the performance of the proposed compressive SP-FTI on a simulated
biological HS volume of size (N⇠, Np) = (512, 642). We construct it by mixing the coe�cients of three
spectral bands of a synthetic biological RGB image selected from the benchmark images [21], with the
known spectra of three common fluorochromes [22], see Fig. 2 (right). Compressive SP-FTI observations
are formed according to (7), where the multiset ⌦ is randomly generated from the pmf (9) and the variance
of the associated Gaussian noise �2

nyq is fixed w.r.t. to the desired Signal-to-Noise Ratio (SNR) reported in
Fig. 3, with SNR := 10 log(kxk2/(�2

nyqNhs)). This sensing procedure is repeated over 10 random realizations
of the noise and the multiset ⌦. Fig. 3 depicts the average Reconstruction SNR (RSNR) in dB with
RSNR := 10 log(kxk2/kx � x̂k

2). The value of " is computed via the empirical 95th percentile curve of
the weighted noise power kDnk over 100 Monte-Carlo realizations of the Gaussian noise and the index
set ⌦. We recover HS volumes through �(ysp, p,⌦,�sp, sp) using SPGL1 toolbox [23], referred to as CS
reconstruction, and the Minimal Energy (ME) problem, i.e., x̂me := (P⌦�

⇤
sp)
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y
sp, where † denotes the

pseudo-inverse operator [24].
Poor performance of the ME solution (see dashed lines) highlights the necessity of leveraging HS sparsity

prior. Since ME reconstruction does not consider the noise power, its performance does not change w.r.t.
di↵erent SNR values. On the contrary, the solution of �(ysp, p,⌦,�sp, sp) is robust to the noisy mea-
surements and is stable for compressible HS volumes. An example of the reconstructed HS volume w.r.t.
M/N⇠ ⇡ (M + N⇠)/(Nhs + N⇠) = 0.1 is visualized in Fig. 4. A comparison between these results and the
ground truth values confirms that, even with 10% of the SP-FTI measurements, the spatial and spectral
content of the HS volume is successfully preserved.
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5 Numerical results

We conduct several simulations to verify the performance of the proposed compressive SP-FTI on a simulated
biological HS volume of size (N⇠, Np) = (512, 642). We construct it by mixing the coe�cients of three
spectral bands of a synthetic biological RGB image selected from the benchmark images [21], with the
known spectra of three common fluorochromes [22], see Fig. 2 (right). Compressive SP-FTI observations
are formed according to (7), where the multiset ⌦ is randomly generated from the pmf (9) and the variance
of the associated Gaussian noise �2

nyq is fixed w.r.t. to the desired Signal-to-Noise Ratio (SNR) reported in
Fig. 3, with SNR := 10 log(kxk2/(�2

nyqNhs)). This sensing procedure is repeated over 10 random realizations
of the noise and the multiset ⌦. Fig. 3 depicts the average Reconstruction SNR (RSNR) in dB with
RSNR := 10 log(kxk2/kx � x̂k

2). The value of " is computed via the empirical 95th percentile curve of
the weighted noise power kDnk over 100 Monte-Carlo realizations of the Gaussian noise and the index
set ⌦. We recover HS volumes through �(ysp, p,⌦,�sp, sp) using SPGL1 toolbox [23], referred to as CS
reconstruction, and the Minimal Energy (ME) problem, i.e., x̂me := (P⌦�

⇤
sp)
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y
sp, where † denotes the

pseudo-inverse operator [24].
Poor performance of the ME solution (see dashed lines) highlights the necessity of leveraging HS sparsity

prior. Since ME reconstruction does not consider the noise power, its performance does not change w.r.t.
di↵erent SNR values. On the contrary, the solution of �(ysp, p,⌦,�sp, sp) is robust to the noisy mea-
surements and is stable for compressible HS volumes. An example of the reconstructed HS volume w.r.t.
M/N⇠ ⇡ (M + N⇠)/(Nhs + N⇠) = 0.1 is visualized in Fig. 4. A comparison between these results and the
ground truth values confirms that, even with 10% of the SP-FTI measurements, the spatial and spectral
content of the HS volume is successfully preserved.
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6 Conclusion

We have proposed a compressive SP-FTI where the light source can be optimally structured (using Hadamard
patterns) in order to minimize the light exposure imposed on the observed object and the number of mea-
surements. Our method is practically plausible without any hardware modification to the initial SP-FTI [7].
The theoretical recovery guarantee of this work supports any application of SP-FTI. However, extending
this work to a biologically friendly SP-FTI, where the total amount of light exposure is assumed fixed will
be the scope of a future work. Tracing the e↵ect of other sparsity bases on our local coherence analysis, e.g.,
the Daubechies wavelets [25], is also postponed to future investigations.

APPENDIX: LOCAL COHERENCE BOUND

We here provide a proof sketch for computing the bound on the local coherence µl(�
⇤
sp sp) for l 2 JNhsK

in (8). We recall the relation l = Np(l⇠ � 1) + lp, where lp = N̄p(ly � 1) + lx between the 1D “l”and the 3D
“(l⇠, lx, ly)” index representations. Noting that �⇤

sp sp = (�⇤
had idhw)⌦ (�⇤

dft dhw), the definition of local
coherence (2) gives

µl(�
⇤ ) = µl⇠(�

⇤
dft dhw) · µlp(�

⇤
had idhw). (12)

We have shown in [16, Prop. 5.3] that µl⇠(�
⇤
dft dhw)  ⇠

l⇠
:=

p
2min{1, |l⇠ � N⇠/2|�1/2

} and k
⇠
k
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log(N⇠). We prove in this work (see below) that

µlp(�
⇤
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:= min{1, 2�blog2(max{lx,ly}�1)c

},

and k
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Computation of µlp(�
⇤
had idhw): For fixed integers r, N̄p = 2r, and Np = N̄2

p , we first define 1-D

dyadic wavelet levels as T` := {l`�1 + 1, · · · , l`}, ` 2 JrK with l` := 2` for ` 2 JrK and T0 := {1}. In a matrix
form, the 1D DHW basis in RN̄p⇥N̄p can be constructed [25, 26] as
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Up to a permutation of its columns, the 2D IDHW basis in RNp⇥Np [25] can be constructed as  idhw =
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5 Numerical results

We conduct several simulations to verify the performance of the proposed compressive SP-FTI on a simulated
biological HS volume of size (N⇠, Np) = (512, 642). We construct it by mixing the coe�cients of three
spectral bands of a synthetic biological RGB image selected from the benchmark images [21], with the
known spectra of three common fluorochromes [22], see Fig. 2 (right). Compressive SP-FTI observations
are formed according to (7), where the multiset ⌦ is randomly generated from the pmf (9) and the variance
of the associated Gaussian noise �2

nyq is fixed w.r.t. to the desired Signal-to-Noise Ratio (SNR) reported in
Fig. 3, with SNR := 10 log(kxk2/(�2

nyqNhs)). This sensing procedure is repeated over 10 random realizations
of the noise and the multiset ⌦. Fig. 3 depicts the average Reconstruction SNR (RSNR) in dB with
RSNR := 10 log(kxk2/kx � x̂k

2). The value of " is computed via the empirical 95th percentile curve of
the weighted noise power kDnk over 100 Monte-Carlo realizations of the Gaussian noise and the index
set ⌦. We recover HS volumes through �(ysp, p,⌦,�sp, sp) using SPGL1 toolbox [23], referred to as CS
reconstruction, and the Minimal Energy (ME) problem, i.e., x̂me := (P⌦�

⇤
sp)

†
y
sp, where † denotes the

pseudo-inverse operator [24].
Poor performance of the ME solution (see dashed lines) highlights the necessity of leveraging HS sparsity

prior. Since ME reconstruction does not consider the noise power, its performance does not change w.r.t.
di↵erent SNR values. On the contrary, the solution of �(ysp, p,⌦,�sp, sp) is robust to the noisy mea-
surements and is stable for compressible HS volumes. An example of the reconstructed HS volume w.r.t.
M/N⇠ ⇡ (M + N⇠)/(Nhs + N⇠) = 0.1 is visualized in Fig. 4. A comparison between these results and the
ground truth values confirms that, even with 10% of the SP-FTI measurements, the spatial and spectral
content of the HS volume is successfully preserved.
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‣ FTI is another modality where VDS/CS helps 

‣ New answers to constrained intensity sensing 
and new possibility to limit, e.g., photobleaching. 

‣ Promising usefulness of single-pixel FTI  
  with  Hadamard illumination patterns + Haar sparsity basis  

‣ Run this on an actual setup? (for multi-pixel FTI [Moshtaghpour et al., 19]) 
   Gain for biological factor of merit (e.g., light exposure) ?  

‣ Hadamard with other wavelet bases? 
   Is there generalized recurrent relations? 
        (connection with bases constructions in quantum physics) 

‣ Extension to Multilevel Density Sampling [Adcock et al., 17] 
                                 (very recent work on this in [Adcock et al., 19])
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Variable Density Sampling (VDS) in CS
‣ Reconstruction in VDS?
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x̂ = argminu k ⇤uk1 s.t. k 1p
M
D(R⌦U
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Interpretation of D :
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(sampling without  
replacement)

N⇠4

E|{⌦i = 3 : 1 6 i 6 M}| = Mp(3)
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M D2

jj = (E|{⌦i = j : 1 6 i 6 M}|)�1

# “   ” = Binomial r.v. (M trials)

D accounts for the multiplicities of selected OPDs!)
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with this 3D wavelet sparsity basis to reach the highest RSNR when M/Nhs is large. Keeping this
in mind, the next CI-FTI experiments are, however, run with  = INp ⌦ 1D for simplicity.

For constrained-exposure scenarios, we observe that — as opposed to the common belief —
subsampling 40 percent of the FTI measurements yields better HS recovery quality than the one
obtained from maximal number of FTI measurements15. However, this e↵ect vanishes for large
values of M and the RSNR decreases to reach the quality performances at the maximal number of
measurements, which parallels with the behavior of the second error term in (43) and (48). This
phenomenon is due to the fact that the best K-term approximation error in the right-hand-side
of (43) or (48) is dominated by the noise term, which can be reduced by taking less number of
measurements. Besides, ME reconstruction cannot leverage constrained-exposure budget, since the
measurement noise is the same as the one in unconstrained-exposure scenario.

(a) CS, CI-FTI Con. Exp. RSNR = 12.1 dB

Fig. 8(a)
(32,32)

(d) CS, SI-FTI Con. Exp. RSNR = 24.8 dB

Fig. 8(b)
(32,32)

(b) CS, CI-FTI Uncon. Exp. RSNR = 9.11 dB (e) CS, SI-FTI Uncon. Exp. RSNR = 20.5 dB

(c) ME, CI-FTI Con. Exp. RSNR = 4.61 dB (f) ME, SI-FTI Con. Exp. RSNR = 5.05 dB

Figure 7: An example of the reconstructed HS volumes from 20% of the total measurements (or light exposure). The
spectral content at the spatial location indicated by a white square is shown in Fig. 8.

Fig. 7 illustrates three spatial maps associated with the wavenumber indices l 2 {72, 79, 96}

of the reconstructed HS volumes. This figure is one instance of the Monte-Carlo trials in the
experiment of Fig. 6, for M/Nhs = 0.2. It can be seen that, for both systems, the HS volume
recovered with CS-based formulation preserves the spatial configuration of the specimen, although
the RSNR for CI-FTI may not be satisfactory. However, as mentioned in Sec. 1, the main motivation
for studying FTI is to acquire HS volumes with high spectral resolution, i.e., limited by the life-time
of the fluorochromes. Note that the spatial resolution is determined by physical characteristics of
the 2D imaging sensor in Fig. 1. In order to illustrate the ability of the proposed approaches in
preserving the spectral information, Fig. 8 also compares the spectral content of the reconstructed
HS volumes at the center spatial location indicated by a white square. The artifacts in the solution
of ME problem are obvious and they could be su�ciently prominent for causing false detections

15We note that in the case of CI-FTI regularized with 3D wavelet basis, there is still a 1 dB gain (around M/Nhs =
0.5) to use the constrained-exposure scenario over the unconstrained one. However, a deeper analysis of this e↵ect
for this setting goes beyond the scope of this work.
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Figure 8: The spectrum of the reconstructed HS volumes in Fig. 7 at spatial location (q1, q2) = (32, 32).

in the decompositions of a biological HS volume into its spectral constituents. Despite minor
disturbances, the CS-based solution in CI-FTI successfully follows the ground truth spectrum.
However, the solution of SI-FTI almost perfectly matches the ground truth signal.

8.3 Constrained-exposure simulations from actual experimental data

To prove the concept of CI-FTI, we have simulated a CI-FTI setup in a constrained-exposure context
by subsampling the data recorded by an actual (Nyquist) FTI acquisition. We have scanned a thin
layer of a biologic cell (i.e., Convallaria, lily of the valley, cross section of rhizome with concentric
vascular bundles) stained on a glass slide, using a confocal microscope (with a 40⇥ objective)
equipped with an FTI and a LUXEON light source [71], i.e., the HYPE device used in [4]. By
changing the current level of the light source from I0 = 100 mA to I1 = 700 mA (with �I = 25
mA) we acquired 25 sets of Nyquist FTI measurements of size (N⇠, N̄p, N̄p) = (1024, 128, 128),
with OPDmax = 2.537 µm, i.e., each set corresponds to one light intensity level16. This exhaustive
acquisition enables us to simulate constrained-exposure compressive sensing-FTI (see below).

Concerning the level of �nyq of the measurement noise, we have estimated it using an RM
estimator [62] applied on each of the 25 HS data cubes. We observed that, over [I0, I1] with
I1/I0 = 7, �nyq 2 [0.1408, 0.2272], i.e., a linear regression provides �nyq(I) ⇡ a(I/100) + b with
a = 1.44 10�2 and b = 1.26 10�1. This limited variation of � when I varies confirms that the
dependence of the Nyquist noise on the light intensity can be neglected (see Sec. 3.3 and Sec. 7).

The simulated CI-FTI sensing model of this section contains one crucial di↵erence compared
to the subsampling procedure studied in Sec. 5 and tested in the two previous sections. Since the
subsampling set ⌦⇠ contains possible repetition of the same OPD indices (i.e., according to the
pmf (27) that is used to draw M⇠ i.i.d. OPD indices with repetition), a restriction of the (noisy)
Nyquist FTI observations above to ⌦⇠ at each pixel location copies the same realizations of the
noise on repeated indices. This di↵ers from the model (23) where the noise samples vary on possible
multiple instances of the same OPD index.

Consequently, rather than artificially copying the same observations for each repeated index in
⌦⇠, we have adopted the following more realistic experimental sensing scenario. For a given M⇠,

16The light source specifications [71] specifies that the relative luminous flux is proportional to the forward current.
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Variable Density Sampling (VDS) in CS
‣ Reconstruction in VDS? 

‣ Noise estimation?  
๏ Standard (e.g., UDS):  

๏ VDS, beware of D : 
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with ⇢ = ⇢(p), i.e., ⇢ = 0 for UDS, ⇢ = O(lnN) for p(i) / 1/|i|.

e.g., for Fourier/Haar


