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Abstract

Geographic and Environmental Interpretation of Photographs

Ling Xie

The geographic and environmental interpretation of photographs is of increasing in-

terest due to the growing availability of large scale datasets annotated with location

information. An automatic interpretation system can assist humans in undertanding

landscapes of large areas, provide cues for the scenicness of a location, or pre-filter the

unrelated images for further processing, such as object and event recognition. My work

mainly focuses on two problems: estimating atmospheric visibility from static images

and estimating the “scenicness” of the scene depicted in an image and generating a cor-

responding map.

For the problem of using images to estimate atmospheric visibility, I construct the

analytic mapping from image feature space, which consists of spatial contrast between

pixels or frequency energy, to the optical measure of atmospheric visibility. Also, I explore

a manifold learning algorithm from machine learning to obtain a more reliable estimator

by constructing a graph of images based on their temporal order, since the direct mapping

is very challenging.

To automatically estimate the scenicness of an image, I perform experiments using

global image features. A set of manually labeled images are used to learn a regressor for

predicting the labels of novel images. I also investigate two extensions: first, I propose

a novel composite visual-geographic location kernel which considers both the visual sim-

v



ilarity and geographic proximaty of images; and second, I improve the accuracy of the

learned regressor by incorporating unlabeled images in a graph Laplacian semi-supervised

learning framework. I also investigate a novel composite visual-geographic graph Lapla-

cian regularization term. I demonstrate the approach by using ground-level images to

label how scenic a location is.

Prof. Shawn Newsam1

Dissertation Committee Chair
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Chapter 1

Introduction

This work focuses on the geographic and environmental interpretation of photographs.

The Merriam-Webster dictionary defines the terms geography as “a science that deals

with the description, distribution, and interaction of the diverse physical, biological, and

cultural features of the earth’s surface”, and environment as “the complex of physical,

chemical, and biotic factors (as climate, soil, and living things) that act upon an organism

or an ecological community and ultimately determine its form and survival”.

My work investigates automatic means for extracting geographic and environmental

knowledge from large collections of readily available, non-specialized photographs. In

particular, I focus on the following two problems:

1. Estimating atmospheric visibility from large collections of images from static cam-

eras;

2. Estimating the “scenicness” of the scene depicted in an image;

The approaches I investigate for solving these problems can be divided into:
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Chapter 1. Introduction

1. Visual feature selection and comparison to explore their correlation with scientific

measures of atmospheric visibility.

2. Exploiting the temporal distribution of the photos to improve the visibility estima-

tion.

3. Exploiting the spatial distribution of images to improve the scenicness estimation.
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Chapter 2

Motivation

The geographic and environmental interpretation of photographs is of increasing in-

terest due to the growing availability of large scale datasets annotated with location

information. For example, the online photo sharing website, Flickr, has over 100 million

geo-located photos, of which 2.6 million were added in the last month. An automatic in-

terpretation system can assist humans in undertanding landscapes of large areas, provide

cues for scene rating, or pre-filter images for further processing, such as object and event

recognition.

2.1 Estimating atmospheric visibility

Due to their low cost, general-purpose cameras are being used to monitor a variety

of phenomenon. Examples include surveillance, real-time traffic reporting, tracking the

progress of construction projects, entertainment, and monitoring environmental condi-

tions, such as the weather. My work focuses on an important application from this last

category, that of estimating atmospheric visibility. In particular, I investigate the use of

3



Chapter 2. Motivation

image features automatically extracted from digital cameras as surrogates for traditional

measures of atmospheric visibility from transmissometers.

Even if general-purpose cameras are not able to measure visibility as accurately as

specialized equipment, they represent an attractive alternate since they are considerably

less expensive and easier to deploy (a transmissometer requires a precisely calibrated

transmitter and receiver separated by several kilometers and costs over $10,000).

The images acquired from visibility cameras are currently used for qualitative analysis

only. I explore automated techniques for deriving quantitative measures of visibility based

on image contrast and acuity. A ground truth dataset is used to assess the effects of

parameter settings. My findings are an important step towards using low-cost general-

purpose cameras for quantitative visibility monitoring.

2.2 Scene recognition

Scene recognition is an important image understanding problem. The scene is defined

as the physical setting of the environment where the image is taken, such as outdoor,

indoor, beach, mountain, forest, office or urban landscape [1]. Scene interpretation has

a wide range of applications. Scene recognition can provide a general understanding

of the environment where the image was taken. It can also be utilized as pre-filter or

context prior for further recognition tasks such as object recognition. However, scene

interpretation remains a significant challenge to the computer vision research community

due to interclass variability, illumination effects and scale changes.

4



Chapter 2. Motivation

In general, a scene is modeled hierarchically. A traditional modeling approach is,

on the lower level, scene images are modeled as the statistical distribution of pixels, or

regions of interest, and on the upper level, a scene is modeled as the incorporation of

different objects. But, recently, scene images have been modeled at the higher level as

the compostion of intermediate semantics. For instance, in [2], manually labeled semantic

concepts, e.g openness and naturalness, are analyzed as cues to understanding natural

scenes.

My work performs geographic discovery, specifically scenicness estimation, in large

collections of georeferenced community contributed photo collections but differs from

previous work in two significant ways: 1) I use a combined visual-geographic location

kernel to learn and apply a regression model, and 2) I use semi-supervised learning based

on a combined visual-geographic graph Laplacian.

5



Chapter 3

Related Work

3.1 Atmospheric Visibility

While there is a large body of work on the related problem of improving the fidelity

of images taken under hazy conditions, not much effort has investigated using the images

to measure atmospheric visibility. Caimi et al. [3] review the theoretical foundations of

estimating visibility using image features such as contrast, and describe a Digital Camera

Visibility Sensor system, but they do not apply their technique to real data. Kim and

Kim [4] investigate the correlation between hue, saturation, and intensity, and visual

range in traditional slide photographs. They conclude that atmospheric haze does not

significantly affect the hue of the sky but strongly affects the saturation of the sky, but

they do not use the image features for estimating visibility. Baumer et al. [5] use an

image gradient based approach to estimate visual range using digital cameras but their

technique requires the automatic detection of a large number of targets, some only a

few pixels in size. This detection step is sensitive to parameter settings and would not

be robust to camera movement. Also, for ranges over 10 km, they only compare their

6



Chapter 3. Related Work

estimates with human observations which have limited granularity. Luo et al. [6] use

Fourier analysis as well as image gradient to estimate visibility but they also only compare

their estimates with human observations. Raina et al. [7] do compare their estimates

with measurements taken using a transmissometer-like device but their approach requires

the manual extraction of visual targets. The work by Molenar et al. [8] is closest to my

technique in that it is fully automated and the results are compared with transmissometer

readings. However, their technique uses a single distant, and thus small, mountain peak

to estimate contrast and thus is very sensitive to camera movement.

A related but different problem is that of using visibility analysis for extracting geo-

metric (such as depth) and radiometric (such as color) information for a scene. An optical

scattering model is proposed by Shree et al. in [9], which views the process of information

carried from the scene point to observer as a mechanism of visual information coding,

and decomposes the signal arriving at the optical receiver into airlight and attenuation

components, both of which contain information about spatial distance and air condition.

They also propose a dichromatic atmospheric scattering model describing the dependence

of atmospheric scattering on wavelength. But this model requires a clear day image for

calibration, which is sometimes hard to collect. In [10], they introduce a general chro-

matic framework to extract information from images taken under different poor weather

conditions. This framework derives geometric constraints on scene color changes and uses

those constraints to recover scene colors as appearing on a clear day, in order to avoid the

requirement of a clear day image. However this approach needs the weather conditions to

change between image acquisitions, which can take too long to make dehazing practical,

7



Chapter 3. Related Work

and it also needs the scattering to be invariant to wavelength. In [11] and [12], they

apply polarization filters and physics theory respectively to relax the constraints on the

scattering model.

Another work which investigates temporal variation in image sequences is [13]. Here,

PCA is used to extract the most significant variations for further image annotation and

recognition.

3.2 Scene Recognition

Scene interpretation has attracted the attention of the computer vision community

for a long time. Indoor/outdoor scene classification is one simple example of scene in-

terpretation. Early work on indoor/outdoor classification was done by Szummer and

Picard in [14] on the MIT indoor/outdoor dataset which consists of a collection of 1343

consumer photographs. Color histogram and texture features are used to discriminate

between indoor and outdoor scenes through K-nearest neighbor classification. Similarly,

the work in [15] and [16] computes the color histogram on both the Ohta and LST color

spaces. But in their experiment the intersection distance is shown to outperform the

Euclidean distance for nearest neighbor classification. In [17], the first order statistics

of color and grayscale histograms are used as features in classification. Wavelet texture

features based on a two level decomposition used in [15] and [16] are shown to be better

than other forms of texture features. In [18] local dominant orientation (LDO) is used to

represent the whole image. The papers of [19] and [20] claim indoor images have more

8



Chapter 3. Related Work

pronounced straight edges than outdoor scenes, so that shape description of the texture

of edges is utilized.

Further study on more complex scene classification problems has been done in re-

cent years, many of which use a common evalution dataset composed of images of 15

scene classes1. Oliva and Torralba [21],[22] extend the idea in [14] to incorporate global

frequency, i.e multiscale oriented Garbor filters, and local constraints together. An inter-

mediate representation is extracted from global and local frequency features for further

scene classification. Li Fei-Fei et al. [23] adapt a latent Dirichlet allocation model (LDA)

from text classification to scene recognition, where the concept of topic is replaced by

objects possibly appearing in images, and develop a series of generative models to solve

scene and object detection and classification tasks. However, the work in [23] ignores the

spatial information, and treats the low-level features as bags of visual words. Sudderth

et al. [24] model the spatial locations of detected features by associating objects with

distributions over parts, which could share features through both LDA and constella-

tion models. Similarly, in [25], the authors extend a hierarchical Dirichlet process to a

nonparametric model, and use a tree structured graphical model to couple the visual

topic assignments at nearby positions and scales. Another latent probabilistic model ex-

ploited in text recognition, probabilistic Latent Semantic Analysis(pLSA), is also used

for scene classification [26],[27],[28]. But different from the implementation of LDA, the

learned semantic features from pLSA, are used as input to a discriminative model, e.g

1http://www-cvr.ai.uiuc.edu/ponce_grp/data/

The 15 classes are: bedroom, suburb, industrial, kitchen, living room, coast, forest, highway, inside city,
mountain, open country, street, tall building, office and store

9



Chapter 3. Related Work

SVM, to complete the classification task. In [1], a co-clustering via maximization of mu-

tual information (MMI) based intermediate concepts discovering algorithm is applied in

scene classification which, unlike pLSA, does rely on hidden variables and independence

assumptions between images and visual words, given the latent variables.

Discriminative models have also shown to be effective for scene classification. Spatial

pyramid matching (SPM) [29] is a spatial extension of the pyramid matching kernel to

pre-compute the kernel of images in a training set using visual words. Unlike a generative

model, SPM is applied directly to the visual words to measure the similarity between

images. The work in [30] uses the kernel trick for codebook matching and a Gaussian

kernel to make assignments of visual words instead of k-nearest neighbor. Jianchao Yang

et al. [31] use sparse coding for the codebook assignments, and achieve much better

results. Instead of using traditional unsupervised clustering, JianxinWu et al. [32] employ

a histogram intersection kernel to learn the codebook. Most recently, Shenghua Gao et

al [33] adapt sparse coding based on a local Laplacian graph to feature quantization, and

achieve close to state of the art results.

3.3 Georeferenced Image Collections

The growing collections of georeferenced community contributed photo collections

such as available at Flickr and Panoramio have attracted increasing attention from the

computer vision research community. One particularly interesting and novel application

of these collections is for geographic discovery. Computer vision and other knowledge

10



Chapter 3. Related Work

discovery methods have been applied to the photo collections to discover what-is-where

on the surface of the earth in the broad sense of the term “what”. Examples of work in

this area include using large collections of georeferenced images to discover spatially vary-

ing (visual) cultural differences among concepts such as “wedding cake” [34]; to discover

interesting properties about popular cities and landmarks such as the most photographed

locations [35]; to estimate weather satellite images using widely distributed Web cam-

eras [36]; to create a map-like partitioning of a country-sized region into geographically

coherent subregions [37]; and to create maps of developed and undeveloped regions [38].

11



Chapter 4

Estimating Atmospheric Visibility

Results published in the International Symposium on Visual Computing, 2008 [39]

4.1 Data Access and Dataset Generation

The dataset consists of images and transmissometer measurements from the Phoenix

region acquired as part of the PhoenixVis.net project managed by the Arizona Depart-

ment of Environmental Quality. Digital images with resolution 1600x1200 pixels were

acquired every 15 minutes for two scenes, Camelback Mountain (CAME) and South

Mountain (SOMT). Sample images are shown in figure 4.1. The SOMT images span

all of 2006 while the CAME images span January through mid-August. We select only

images taken at noon to minimize the effect of sun angle.

Since contrast and frequency features are based on pixel differences, we do not expect

them to depend on small variations in the overall brightness between images. Thus, we

do not account for differences in camera settings such as from auto-exposure since the

images are acquired at the same time each day.

12



Chapter 4. Estimating Atmospheric Visibility

Figure 4.1: Sample image of Camel Mountain (left: CAME) and South Mountain (right: SOMT).

Contrast is computed as the difference between bands of pixels above and below the horizon

(left). Different sized bands are considered.

The ground truth transmissometer readings, bext, were acquired every hour for 2006.

The cameras are located on mountains to the north and south of Phoenix and face each

other. The transmissometer is located between the mountains. So, while the transmis-

someter is within the field of view of the cameras, spatial inhomogeneity in the atmosphere

could limit the correlation between measurements from the cameras and the ground truth

measurements from the transmissometer.

4.2 Methodology

Visibility is a measure of how well an observer can see through the atmosphere. This

can either refer to the maximum distance at which a dark object is just visible against

the background sky, also known as the visual range, or, more generally, as the clarity

of objects in the distance, middle, or foreground. Our approach uses the later interpre-

tation and employs both measures of contrast in the spatial domain and energy in the

frequency domain as estimates of visibility. We compare our estimates to those of the

13



Chapter 4. Estimating Atmospheric Visibility

transmissometer which assesses visibility by measuring the amount of light lost over a

known distance.

Transmissometers measure the extinction of light bext which is related to observed

contrast Cr of an object viewed against the sky at a distance r through [40]

Cr

C0

= exp−bextr . (4.1)

Here, C0 is the contrast of the object when r = 0; i.e., when there is no extinction by the

intervening atmosphere.

4.2.1 Contrast in the spatial domain

We first measure observed contrast using the horizon. Assuming the location of the

horizon is known, Cr is computed as the difference between the means of the pixel values

above and below the horizon. Let Pabove be the set of pixels above the horizon and Pbelow

be the set of pixels below the horizon. Then,

Cr =
1

#Pabove

∑

p∈Pabove

f(p)− 1

#Pbelow

∑

p∈Pbelow

f(p) (4.2)

where f(p) is the value of pixel p. For the sake of this work, we use a manually refined

segmentation mask to determine the location of the horizon. This mask is derived once

using a relatively clear day early in the year.

We refer to Cr above as the absolute contrast. We also compute the relative contrast

by dividing Cr by the mean of the pixel values above the horizon. This is motivated

by the fact that the human visual system’s ability to discriminate between a target and

14



Chapter 4. Estimating Atmospheric Visibility

background depends not only on the difference between their intensities but also on the

intensity of the background.

To investigate how localized the contrast measurement should be, we consider different

sized bands of pixels above and below the horizon. A particular case for a band of size

d pixels is shown in figure 4.1 left. In order to make the approach more robust to

moderate camera movement, we discard different sized margins of pixels right at the

horizon (ddiscard << d). Since the scattering and absorption of light by particles is

wavelength dependent, we compute contrast using each of three color channels, red,

green, and blue, as well as intensity (grayscale values). Thus, f(p) in equation 4.2 above

is the red, green, blue or grayscale value of pixel p.

Finally, we use image registration techniques to compensate for camera movement due

to wind. We assume each image has undergone an affine transformation. The translation,

rotation and scale parameters of this transformation are estimated using the method in

[41] and the horizon segmentation mask is updated accordingly.

4.2.2 Energy in the frequency domain

We also consider the energy of the image within select frequency bands as a measure

of visibility. The images are split into non-overlapping blocks to localize the analysis.

The energy for each block is then computed as

Energy =
∑

u,v

||Fblock(u, v) ·Hu,v||2 (4.3)
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where Fblock(u, v) is the Discrete Fourier Transform (DFT) of a block, H(u, v) is a fre-

quency selective filter, and u, v are the coordinates in the 2D discrete frequency domain.

Three kinds of ideal filters are considered: low-pass, band-pass, and high-pass. A range

of cut-off values is considered for each filter type. We perform a linear fit between the

computed energy and the transmissometer readings.

The atmosphere is considered to be a low-pass filter [42] so we expect that the effect of

the atmosphere will be greatest in image regions with high-frequency information. This

makes intuitive sense since distant scenes appear less detailed on hazy days than clear

days.

4.3 Results

The primary objective of this part is to use the ground truth transmissometer readings

to compare the different approaches and parameter settings described in section 4.2.

For each approach, we compute the correlation between our estimate of the extinction

coefficient, b′ext, and the ground truth as measured by the transmissometer, bext. In the

spatial domain, b′ext is computed as the log of the contrast as computed in equation 4.2.

In the frequency domain, b′ext is the energy as computed in equation 4.3. We perform

(vertical) linear regression between the estimated and measured extinction coefficients,

as shown in figure 4.2, and use the coefficient of determination, R2, as a measure of the

fit. A larger R2 value indicates a higher correlation and thus a better approach. This

allows us to compare the approaches without providing explicit values for C0, r, or other
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Figure 4.2: Example of linear regression between bext measured using a transmissometer (the ground

truth) and b
′

ext
computed as the log of image contrast. Note we are only interested in the

quality of the fit and not the actual values.

scaling and offset parameters, since they do not affect the quality of the fit as measured

using R2. If our objective was to predict bext then we would need to determine the values

of these scaling and offset parameters.

In order to minimize the effect of seasonal variation, we perform the linear regres-

sion one month at a time and use the average of the monthly R2 values for comparing

approaches.

4.3.1 Contrast in the spatial domain

We assume that the effects of the different approaches are to a first order approxi-

mation independent in order to avoid evaluating all possible combinations. The size of

the band of pixels turns out to have the largest effect so we consider it first. Table 4.1

shows the R2 values for different sized bands. The optimal setting is scene dependent.
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Table 4.1: R
2 values for bands of different sizes.(d in figure 4.1)

25 50 100 200

CAME 0.604 0.580 0.550 0.432
SOMT 0.182 0.389 0.604 0.524

A smaller band is shown to be better for CAME. We hypothesize this could be for two

reasons: 1) it is taken from a lower vantage point than SOMT and thus the regions below

the mountains are too close to be effective targets, and 2) it undergoes less camera move-

ment. The results from incorporating image registration described below help to resolve

this.

We next fix d = 25 for CAME and d = 100 for SOME, and investigate the effect of

the size of the band of discarded pixels, ddiscard. We originally postulated that ignoring

pixels close to the horizon would make the contrast measurement more robust to camera

movement. However, even though both cameras move over the course of the year, the

difference in R2 values between discarding 0, 5, and 10 pixels is less than 0.01 for both

cameras. It seems that the effects of misalignment of the segmentation mask are averaged

out by the size of the regions used to compute the contrast.

The scattering of light by small particles is wavelength dependent so we investigated

which spectral channel is most effective for measuring contrast. Atmospheric scattering

is most pronounced for blue light (this is why the sky is blue), leading us to postulate

that there might not be sufficient contrast between the mountain and sky in the blue

channel. The R2 values for different spectral channels are shown in table 4.2. The results

are mixed and scene dependent. The blue channel is shown to be the worst choice for
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Table 4.2: R
2 values for different spectral channels.

red green blue intensity

CAME 0.520 0.627 0.617 0.604
SOMT 0.601 0.599 0.575 0.604

SOMT but not for CAME. The green channel is optimal or near-to for both cameras so

it is the best channel overall. This finding agrees with previous results [8]. But, intensity

performs comparable to the green channel so it is a reasonable choice since intensity

images are smaller and thus less costly to transmit and store (assuming that the spectral

separation cannot performed at the remote camera site).

Using absolute instead of relative contrast resulted in higher R2 values for both cam-

eras but the increase was only around 0.02. For completeness, we investigated a linear

relationship between observed contrast and extinction coefficient. This resulted in lower

R2 values for both cameras confirming that the exponential relationship of equation 4.1

is correct.

The cameras are observed to move during the course of the year which can result in

inaccuracies in the segmentation mask used to locate the horizon. Therefore, we apply

image registration techniques [41] to estimate the camera movement between consecutive

images and update the mask. This is shown to improve the results, especially for SOMT

which experiences more movement. Table 4.3 shows the results for different sized bands

when using registration to update the mask. Compare these results with those in table

4.1. A smaller band is now optimal for both cameras. The previously observed poor
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Table 4.3: R
2 values for bands of different sizes when image registration is used to correct for camera

movement.

25 50 100 200

CAME 0.607 0.581 0.552 0.431
SOMT 0.617 0.598 0.489 0.608

performance of SOMT with a smaller band can now be attributed to the increased camera

movement and not the difference in vantage point.

4.3.2 Energy in the frequency domain

Since the atmosphere can be considered a low-pass filter, we expect the high frequency

information in an image to be most informative for estimating visibility. To confirm this,

we compute the energy in different frequency ranges by filtering with low-pass, band-pass,

and high-pass filters.

Since the frequency content of an image varies spatially, we first partition the image

into 24 non-overlapping 256-by-256 pixel blocks. The energy of each filtered block is

then computed using equation 4.3. We perform linear regression between the energy of

each block and bext as measured by the transmissometer to assess the correlation between

different frequency components and visibility.

Table 4.4 presents the results of filtering the blocks using a low-pass filter with a

cutoff frequency ranging from 0+, which corresponds to the DC component only, to 1.0,

which corresponds to an all-pass filter. The results are the average R2 values for the

six horizontal blocks containing the horizon. These were found to be more informative
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Table 4.4: R
2 values for low-pass filters with cutoff frequencies ranging from 0+, which corresponds to

the DC component only, to 1.0, which corresponds to an all-pass filter.

0+ 0.2 0.4 0.6 0.8 1.0

CAME 0.114 0.382 0.466 0.490 0.498 0.501
SOMT 0.349 0.115 0.376 0.453 0.477 0.486

Table 4.5: R
2 values for high-pass filters with cutoff frequencies ranging from 0-, which corresponds

to an all-pass filter except for DC, and 1.0-, which corresponds to a filter which preserves

only those components outside the largest circle that can be inscribed inside the 2D discrete

frequency plane (i.e., the corners).

0- 0.2 0.4 0.6 0.8 1.0-

CAME 0.507 0.534 0.522 0.502 0.484 0.434
SOMT 0.499 0.560 0.553 0.541 0.531 0.530

than the other 256-by-256 blocks. As expected, the best results are obtained using the

high-frequency information.

Table 4.5 presents the results of filtering the blocks using a high-pass filter with a

cutoff frequency ranging from 0-, which corresponds to an all-pass filter except for DC,

and 1.0-, which corresponds to a filter which preserves only those components outside

the largest circle that can be inscribed inside the 2D discrete frequency plane (i.e., the

corners). There are two interesting things to note about these results. First, including

low frequency information degrades the performance. Second, the best results include

the mid-range frequencies.

To further explore the mid-range frequencies, we applied a band-pass filter with a

pass band centered at one half the Nyquist frequency, and a bandwidth ranging from 0+,

which corresponds to a narrow pass band, to 1.0, which corresponds to an all-pass filter.
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Table 4.6: R
2 values for band-pass filters centered at one half the Nyquest frequency and with band-

width ranging from 0+, which corresponds to a narrow pass band, to 1.0, which corresponds

to an all-pass filter.

0+ 0.2 0.4 0.6 0.8 1.0

CAME 0.242 0.526 0.530 0.532 0.529 0.501
SOMT 0.261 0.560 0.562 0.563 0.559 0.486

Table 4.6 contains these results. The interesting thing to note about these results is that

the mid-range frequencies turn out to be as or, in the case of SOMT, more informative

than the high frequencies. This is likely an artefact of the lossy JPEG compression which

discards the high frequency information. We were not able to acquire images that had

not been compressed.

We next investigate which regions of the image are the most effective for frequency

based analysis. To further localize the analysis, we partition the images into 108 non-

overlapping 128x128 pixel blocks. A band-pass filter with a bandwidth of 0.6 is then

applied to each block and the remaining energy is linearly regressed against the trans-

missometer readings. These results are displayed visually in figures 4.4 and 4.5 in which

the blocks with higher R2 values are made to appear more red. As expected, the sky

regions do not contain high frequency information and therefore are not effective for esti-

mating visibility. In CAME, the most informative regions contain the horizon. However,

in SOMT, the most informative regions are those just below the horizon. These regions

contain lots of detail and are distant enough to be affected by the intervening atmosphere

(unlike the regions just below the horizon in CAME which also contain lots of detail but

are too close). There is also a nice gradient present in the R2 values as the blocks get
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Figure 4.3: Plot of R2 versus block number for SOMT for 128× 128 blocks.

closer to the camera. This gradient is also evident in figure 4.3 which plots R2 versus

block number. The blocks are numbered one to 108 in raster scan order. Note how R2

decreases with block number starting from approximately the middle of the image.
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Figure 4.4: The regions in CAME most effective for frequency based analysis. Blocks with higher R2

values are made to appear more red.

Figure 4.5: The regions in SOMT most effective for frequency based analysis. Blocks with higher R2

values are made to appear more red.
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Chapter 5

Semi-Supervised Regression with

Temporal Image Sequences

Work done in collaboration with Professor Miguel Á. Carreira-Perpiñán. Results

published in The International Conference on Image Processing 2010 [43]

Motivated by the challenging problem and dataset described above, and under the as-

sumption that the transmissometer values should vary slowly along a temporal sequence,

we consider a semi-supervised regression problem where we have temporal sequences in

which not all the training data is labelled. In particular, we have images every 15 min-

utes but transmissometer readings only every hour. We investigate whether the unlabeled

images can be incorporated into the training to learn a more accurate model.

5.1 Methodology

Assume we have a training set of N labeled points {xn,yn}Nn=1 and M additional

unlabeled points {xm}Mm=1. All M + N inputs come as a collection of sequences of the

form (x1,x2,x3, . . . ), each of which is only partially labeled with y-values. We want to
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estimate a regression mapping f that predicts the label y for an input x. We consider a

least-squares regression setting with a graph Laplacian regularization [44, 45]:

E(f) =
N∑

n=1

‖yn − f(xn)‖2 + γ ‖f‖2K + γI ‖f‖2G (5.1)

where the ‖f‖2K term refers to an RKHS norm (which encourages smoothness irrespec-

tively of the training data distribution), and the ‖f‖2G term refers to the graph Laplacian

(which encourages smoothness of f with respect to distribution of both labeled and unla-

beled training points). The graph Laplacian is L = D−W, where W is a given affinity

matrix of (N+M)×(N+M) (such as the adjacency matrix or a Gaussian affinity matrix),

and D = diag (W1) is the degree matrix. Ordinarily one might learn a neighborhood

graph in an unsupervised way, such as the k-nearest-neighbor graph for a suitable value of

k. Here we propose to construct the graph as the collection of input sequences in x-space.

Thus, if all M +N points are indexed in order by sequence, the corresponding adjacency

matrix will contain ones in the sub- and super-diagonals (except where a sequence ends

or starts), and zeroes elsewhere. The sequential regularization term is then quadratic on

the label values f(xn):

γI ‖f‖2Gt
= γIf

TLtf =
∑

sequencess

Ns∑

n=2

wn,n−1 ‖f(xn)− f(xn−1)‖2 (5.2)

which is to be compared with the usual graph Laplacian term:

γI ‖f‖2G = γIf
TLf =

∑

n∼m

wnm ‖f(xn)− f(xm)‖2 (5.3)

Note this is not an additional graph prior term to the k-nearest-neighbor Laplacian, but

that it replaces it. Although it is possible to use higher-order temporal priors (i.e., more
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neighbors within each sequence), in this work we focus on linking consecutive points

only. Our regularization term has the obvious interpretation of the squared gradient of

f integrated along each sequence; thus, it cares about directional derivatives along paths

in R
L rather than about the full gradient (which may be poorly constructed from the

available samples in the problems we consider here).

If the points along a sequence were also nearest neighbors, then the k-nearest-neighbor

graph with a low value of k (perhaps even k = 1) would coincide or be very similar to

our sequential graphs. However, in the problem of visibility estimation and others, the

sequential structure is obscured by other neighboring points that greatly differ in label

value. This is clear in our later experiments, where the best value of k with the Laplacian

prior is not very small. That is, for this type of problem, no value of k (or ǫ if we use

an ǫ-ball graph) will yield a graph similar to the sequential graph. (In our experiments

we have focused on 1D output values, but the method carries over to multidimensional

outputs in a straightforward way.)

The solution of this regularized least squares problem carries over analogously to

the original one but replaces the graph Laplacian matrix with Lt, the one constructed

from our sequences. The solution is unique and is given by a basis function expansion

(depending on the RKHS) at each of the labeled and unlabeled points:

f(x) =

N+M∑

n=1

αnK(xn,x) (5.4)

and the weights αn of this expansion are given by the solution of a linear system of size

(M +N)× (M +N). In this part we use Gaussian kernels of width σ. As described, we
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fix the loss function to the squared regression error, which results in a simple algorithm.

Other formulations are possible with our regularization, such as a hinge loss.

5.2 Experimental Results

We performed three experiments using both synthetic and real world image datasets,

and finally the proposed algorithm is tested on the visibility dataset. Each experi-

ment compares the results of the proposed method, temporal Laplacian regularized least

squares regression (TLapRLSR), with standard Laplacian regularized least squares re-

gression (LapRLSR). Radial basis function (RBF) kernels are used in all cases.

5.2.1 Synthetic data: diverging spirals in three dimensions

The diverging spiral problem is shown in figure 5.1. The data points are specified to

form two spirals that are interleaved in the two dimensional input space (x, y) but diverge

in the dimension z, which is the label to be predicted. The z values of one of the spirals

increase away from zero while the z values of the other spiral decrease away from zero.

We give 25 points for each spiral, for a total of 50 points. The training set consists of

10 labeled points for which the z values are specified and 40 unlabeled points for which

only the (x, y) values are specified. The labeled points are approximately equally spaced

along the spirals. Figure 5.1 shows the distribution of the labeled points.

For TLapRLSR, two “temporal” sequences are created, one for each spiral, in which

adjacent points along the spiral are connected. This results in a 50 by 50 binary ad-
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Figure 5.1: The diverging spiral problem. Top: 3D view of the data and method predictions. The

boxes � indicate the up sequence, whose z values increase away from zero, and the circles

◦ the down sequence, whose z values decrease away from zero. The solid boxes/circles �/•

indicate the labeled training data points and the hollow ones �/◦ the unlabeled training

data. The pluses + and asterisks ∗ indicate the predicted z values for the up and down

sequences, respectively. Bottom: contour plot of the function learned by each method.
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jacency matrix with 48 nonzero values. The binary adjacency matrix for LapRLSR is

constructed using the k = 6 nearest neighbors with respect to Euclidean distance in

the two dimensional input space (other k gave similarly poor results). The methods are

compared based on how well they predict the values of the unlabeled points (whose z

values are known but not provided to the training algorithms). The results in figure

5.1 show that prior information on the structure of the sequences allows TLapRLSR to

more accurately predict the z values of the datapoints. The reason is that the label does

change smoothly in input space along each spiral, but sharply changes radially as one

crosses different spiral branches. With sparse labeled data in the (x, y) space, looking for

nearest neighbors in Euclidean distance is as likely to pick points from either spiral. Note

how the LapRLSR predictions form clusters centered near labeled points where the label

changes smoothly and completely misses the spiral structure. However, TLapRLSR does

learn the interleaved spirals; note its spirals are darker in the center, where the label is

around zero, and brighter away from it, where the label grows in magnitude; they are

also darker in the boundary between the spirals, where the label crosses from negative to

positive.

5.2.2 Image data: rotated digits

This experiment investigates the challenging task of estimating the orientations of

handwritten digits that are very similar except for a fixed rotation. For example, consider

the digits in figure 5.2. It is difficult even for a human observer to tell whether the digits

are a six at x degrees or a nine at x+180 degrees (the sixes have a curvy stroke, while the
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Figure 5.2: What are the angles of these digits? Are they sixes at x degrees or nines at x+180 degrees?

Figure 5.3: The 30 sixes and 30 nines from the MNIST dataset used to derive the rotated sequences.

nines have a straight one). Our dataset consists of rotated versions of 30 sixes and 30 nines

from the MNIST database (which is a hand-written digits dataset) shown in figure 5.3.

Each of the 30 nines are rotated counter-clockwise at one degree intervals from 0 to 180

degrees (labels are 0 to 180 degrees) and each of the 30 sixes are rotated counter-clockwise

at one degree intervals from 180 to 360 degrees (labels are 180 to 360 degrees) for a total

of 10 860 images. This results in a dataset in which a six might appear very similar to

a nine except for a 180 degree phase difference. Therefore, Euclidean distances in image

space would consider an upright 9 and an upside-down 6 as neighbors even though their

labels differ drastically. Figure 5.4 demonstrates this for a particular pair of six and nine

sequences.

The every-degree dataset is subsampled at every three and every five degrees to create

two additional datasets for investigating the effect of the relation of the within-to-between

sequence distances. Training, cross-validation and evaluation sets are constructed from

the 60 sequences as follows. The elements of each sequence are assigned in an alternat-

ing fashion to training, cross-validation and evaluation sets resulting in a training set

containing 61 × 60 = 3 660 images, and cross-validation and evaluation sets containing
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Figure 5.4: Images corresponding to a rotated six (asterisks ∗) and a rotated nine (diamonds �) se-

quence projected onto the first two PCA components. Both sequences start at the bottom

and go counter-clockwise. The sequences are actually (parallel) spirals in the full three
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Figure 5.5: The rotated sequences of sixes (red) and nines (blue) projected onto the first three PCA

components.
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60×60 = 3 600 images each for the every-degree dataset. This is reduced to 1 220–1 200–

1 200 and 732–700–700 for the every three and every five degree datasets, respectively. A

percentage of the training set is labeled (with the rotation angle) at approximately equal

spacings with respect to angle. The 60 sequences of labeled and unlabeled images in the

training set form the “temporal” sequences for TLapRLSR.

Comparisons are performed using both the native feature space, in which the distance

between two images is the square-root of the sum of the squares of the pixel differences

(Euclidean distance between the images treated as vectors), as well as in a reduced

3D space, in which the images are projected onto the first three principal components

computed over the training set and the difference between two images is the square-root of

the sum of squares of the projection differences (Euclidean distance between the projected

values). We refer to this reduced spaced as the principal component analysis (PCA)

space. Figure 5.4 shows the distribution of the images corresponding to a particular pair

of six and nine sequences in the two dimensional space formed by the first two principal

components. Note again how samples from the different sequences can be closer to each

other in the feature space than they are to samples from the same sequence even though

there is a 180 degree phase shift. This scenario becomes even more likely with the full 60

sequences. Figure 5.5 plots all 60 sequences in the 3D PCA space. Note how the sixes’

and nines’ sequences interleave in a complex way, making it extremely hard to estimate

the rotation angle. Although the angle along a sequence does vary smoothly, slight

deviations outside the sequence can produce large angle deviations, and the smoothness

assumptions built into a usual graph Laplacian may not hold well here. Figure 5.6 shows
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Figure 5.6: Examples of graphs constructed for the rotated digits problem by the proposed approach

using the sequence information (left) and the standard approach with 6 nearest neighbors

(right). Circles ◦: sixes, asterisks ∗: nines, edges in green.

a 2D view of how the different approaches construct the graphs: the k-nearest-neighbor

graph links both sixes and nines (thus encouraging them to have the same label, even

though it differs by 180 degrees), while the temporal graph does not make that mistake.

We determined optimal parameter values using cross-validation. For both the tempo-

ral and k-nn approaches we set γA = 10−3 (this value was shown to give reasonable results

for both approaches). For the k-nn approach we initially set k = 6 for constructing the

adjacency matrix following the approach of [44]. Optimal values for the remaining two

parameters, γI and σ, the width of the RBF kernel, are determined using the training

and cross-validation sets. Figure 5.7 shows the prediction error for ranges of values of

these parameters for the temporal and k-nn approaches for the native space for the ro-

tated every one degree dataset. The plots for the PCA space are similar. It is clear that

the temporal information reduces the prediction error, especially towards the right of the

plots, where larger values of γI mean the graph Laplacian is more heavily weighed.
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Figure 5.7: Prediction errors in regions bracketing the optimal free parameter values for TLapRLSR

(left) and LapRLSR (right) for the every-one-degree rotated digit problem in the native

space.

Figure 5.8 compares the predicted versus true angles for the test images for the every-

one-degree rotated digits. It is very remarkable that TLapRLSR yields almost perfect

prediction except in two small areas where it makes some large errors, while LapRLSR

makes quite large errors almost everywhere (compare with the spirals’ result). This results

in TLapRLSR having always a smaller mean absolute error, even though sometimes

LapRLSR does achieve the better mean squared error. Table 5.1 lists the prediction

errors achieved by the optimal parameter settings and for different numbers of neighbors

k for the LapRLSR approach. These results correspond to a training set in which 20%

of the images are labeled. Figure 5.9 shows the dependence of the two approaches on the

percentage of labeled data for the every three degree rotated digits problem. Also shown

is the prediction error for the fully supervised case, in which only the labeled training

data is used (this is equivalent to setting γI = 0, effectively dropping the graph Laplacian

term from the objective function). Learning is performed ten times for each ratio value
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Figure 5.8: Predicted (Y–axis) versus true (X–axis) angle for the test images for TLapRLSR (left)

and LapRLSR (right) for the every-one-degree rotated digits problem. The nines are plot-

ted from 0 to 180 degrees and the sixes from 180 to 360 degrees. Perfect performance

corresponds to the diagonal red line.

using randomly perturbed training sets. The error bars in the plot indicate the standard

deviation of the prediction error. Note that our proposed TLapRLSR approach results

in a significantly lower prediction error for a broad range of labeled data ratios. The

margin of improvement often increases as the ratio of labeled data decreases, as shown

for the PCA space here, which makes the proposed approach particularly attractive for

the practically important problems were there is very little labeled data. The increase

for TLapRLSR for high ratios for the PCA space indicates that the value γI that was

found to be optimal for a ratio of 0.2 starts to penalize the proposed approach as the

ratio of labeled points increases. (Note the plot shows the mean squared error, which

was the objective function of eq. (5.1), and TLapRLSR is not always the winner under

that criterion; however, TLapRLSR does consistently beat LapRLSR and fully-supervised

training with the mean absolute errors.)
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Figure 5.9: Dependence of the prediction error on the ratio of labeled points in the every-one-degree

rotated digit problem, in the native (top row) and PCA (bottom row) spaces.
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5.2.3 Image data: estimating time of day

This experiment investigates the problem of estimating the time of day (TOD) at

which an image is captured. The dataset consists of 870 grayscale images of an outdoor

scene acquired by a static camera at one minute intervals from 4:40am to 7:15pm. This

setting for collecting data is very similar to the visibility dataset. Figure 5.10 shows

images from 5:49 am, 5:20 pm, and 5:49 pm. The images are approximately evenly

divided into training, cross-validation, and evaluation datasets. Approximately 20% of

the training images are labeled (with the time of day) at equal spaced time intervals. The

images in the training set form the single temporal sequence for TLapRLSR. Temporal

information is critical for incorporating unlabeled images into the learning process for this

problem since (1) parts of the scene might change rapidly over short time intervals due to

clouds that obscure the sun or enter the scene, other objects, etc., and (2) images spaced

far apart in time, such as from the morning and afternoon, can look similar. Figure 5.13

shows the affinity matrix for the k-nearest-neighbor graph and how it can miss correct

edges or include wrong edges. Consecutive points with almost identical time labels often

fail to be k-nn graph neighbors (missing near-diagonal entries); this is likely caused by

short-term changes in the scenery or illumination. Conversely, points with very different,

even extreme times are often k-nn graph neighbors (existing far-off-diagonal entries);

this is particularly noticeable in the existing edges near the (1, 250) elements, where the

overall illumination is similar (dawn and dusk).
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5:49 am 5:20 pm 5:49 pm

Figure 5.10: Three sample images from the time of day problem.

Again, comparisons are performed using both the native and reduced image spaces.

The images are resized to 64 × 64 pixels. We set γA = 10−3 and k = 6, and determine

optimal values for the remaining two parameters, γI and σ, through cross-validation.

Figure 5.11 shows the prediction error for various values of these parameters for the

temporal and standard approaches for the native space. The plots for the PCA space

(not shown) are similar. Table 6.1 lists the minimum prediction errors achieved by the

optimal parameter settings. TLapRLSR is again shown to outperform LapRLSR, both

in mean squared error and mean absolute error, by a large margin (error two or three

times smaller).

These results correspond to a training set in which 20% of the images are labeled.

Figure 5.12 shows the dependence of the two approaches on the percentage of labeled

data. Also shown is the prediction error for the fully supervised case, in which only the

labeled training data is used. We can see that LapRLSR barely improves over the fully

supervised setting, while TLapRLSR considerably improves over both over a wide range

of the ratio of labeled points.
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Figure 5.11: Prediction errors in regions bracketing the optimal free parameter values for TLapRLSR

(left) and LapRLSR (right) for the time-of-day problem in the native space.
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Figure 5.12: Dependence of the prediction error on the ratio of labeled points in the time-of-day prob-

lem, in the native (top row) and PCA (bottom row) spaces.
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Figure 5.13: Time-of-day affinity matrix for the k-nearest-neighbor graph in the native (left) and PCA

(right) spaces. The data points correspond to a single day and are ordered by increasing

time (sunrise to sunset).

5.2.4 Image data: estimating visibility

We select 457 images from the visibility dataset (some images are missing) of which

123 are labeled. Every other labeled image is set aside as the test dataset. The remaining

labeled and unlabeled images form the 14 temporal sequences for TLapRLSR.

Comparisons are performed using both the native and reduced image spaces. The

images are resized to 128x128 pixels.

We set γA = 10−3 and k = 6, and determine optimal values for the remaining two

parameters, γI and σ, through cross validation on the test set. Figure 5.14 shows the

prediction error for various values of these parameters for the temporal and standard

approaches for the native space. The plots for the PCA space are similar. Table 6.1

lists the minimum prediction errors achieved by the optimal parameter settings. The

proposed approach again outperforms the standard approach although this time by less

of a margin.
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Figure 5.14: Prediction errors in regions bracketing the optimal free parameter values for TLapRLSR

(left) and LapRLSR (right) for the visibility problem in the native space.

Table 5.1: Prediction errors achieved for rotated digits dataset with optimal parameter settings: mean

square and, in parentheses, mean absolute error. Best results in boldface.

Rotated Digits
Every 1 Degree Every 3 Degrees Every 5 Degrees

Native PCA 103 (100) Native PCA 103 (100) Native PCA 103 (100)
TLap 92.7 (2.59) 2.73 (35.6) 301 (10.3) 3.67 (47.9) 529 (15.3) 3.88 (45.9)

Lap k=1 189 (8.47) 3.33 (40.1) 331 (13.0) 4.36 (50.9) 2140 (33.3) 4.65 (53.5)
Lap k=2 32.9 (2.88) 3.18 (38.5) 240 (10.9) 4.15 (49.4) 1082 (23.5) 4.59 (53.2)
Lap k=3 49.2 (4.26) 3.13 (38.0) 258 (11.3) 4.08 (49.1) 716 (10.5) 4.54 (53.1)
Lap k=4 27.3 (2.87) 3.09 (37.5) 279 (11.6) 4.06 (49.0) 613 (18.6) 4.50 (53.0)
Lap k=5 42.7 (3.92) 3.08 (37.4) 282 (11.7) 4.04 (49.0) 541 (17.7) 4.50 (53.0)
Lap k=6 41.7 (3.82) 3.06 (37.2) 295 (12.1) 4.03 (49.0) 494 (16.9) 4.50 (53.0)
Lap k=7 52.0 (4.42) 3.04 (37.1) 294 (12.1) 4.02 (49.0) 449 (15.9) 4.48 (53.0)

Table 5.2: Prediction mean square errors achieved for TOD and visibility datasets, with optimal pa-

rameter settings. Best results in boldface.

Time of Day Visibility
Native PCA Native PCA

TLap 0.111 0.568 116.7 159.2

Lap k=1 0.346 1.07 120.8 161.6
Lap k=2 0.330 1.02 119.0 160.0
Lap k=3 0.329 1.03 119.5 159.8
Lap k=4 0.332 0.967 120.4 159.9
Lap k=5 0.345 0.930 119.6 159.9
Lap k=6 0.348 0.930 118.3 160.1
Lap k=7 0.349 0.995 118.0 160.4
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Estimating How Scenic An Image Is

Results submitted to ACM Multi-Media Workshop on Social Media, 2011

ScenicOrNot1 is a project in which the public rate the “scenicness” of images from the

Geograph UK project. The goal of the Geograph UK project2 is to collect geographically

representative photographs and information for every square kilometer of Great Britain

and Ireland, and it currently contains 1,817,702 images. So far, the ScenicOrNot dataset

contains 217,000 images with a minimum of 3 ratings each. The range of the rating is

from 1 to 10. The manually labeled ScenicOrNot images are being used to generate a

scenicness map for real estate purposes in the UK. Being able to automatically estimate

the scenicness of other images would increase the scope and accuracy of such a map as

well as enable other applications.

1http://scenic.mysociety.org/
2http://www.geograph.org.uk/
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Figure 6.1: Examples from ScenicOrNot dataset. Left is one image example with rating 1 or ‘not

scenic’, and right is one image example with rating 10 or ‘very scenic’.

6.1 Dataset

We use the ScenicOrNot API to download a large number of images and their ratings

and geotags. Among the downloaded images, only those with more than six ratings and

small variation in ratings are considered. 105K images remain after this filtering. Then,

the range of the ratings is mapped from [1...10] to [1...5], which means every 2 rating

levels are pooled into one rating bin. Our final dataset contains [20851, 40578, 30959,

11845, 1145] images for each rating level. Examples of images with high and low rating

are shown in figure 6.1.

6.2 Baseline Experiment Results

We perform a simple experiment to see how well a classifier can estimate the scenicness

of an image based on its visual content. We choose simple gist features from [21] extracted

globally from each image. Each image is represented as a 60 dimensional feature vector.

Since there are relatively few images with rating ‘5’, an instance balancing strategy is

44



Chapter 6. Estimating How Scenic An Image Is

Table 6.1: Classification results for ScenicOrNot dataset(%).

Whole datasetFirst 10KFirst 1k Random 20k
No SMOTESMOTE(k=50)SMOTE(k=20)SMOTE(k=10)

38.39 38.34 33.8 38.6 35.95 36.09 35.31

applied to the dataset. We use a method which is called synthetic minority over-sampling

technique (SMOTE) [46]. For the classifier, we choose an SVM with an RBF kernel, and

use cross-validation to evaluate the performance.

We divide the dataset into 10 subsets, and run the cross-validation 10 times, and

report the average accuracy. Without applying SMOTE, we ran the experiment on the

whole dataset, on the first 10K images, on the first 1K images, and on random set of 20K

images. As presented in table 6.1, the result on randomly selected 20K images is very

close to the result on the whole dataset. Consequently we apply SMOTE only on the

randomly selected images, and set the parameter k (the number of neighbors in SMOTE)

to 10, 20, 50, which results in an expanded training set. However, as shown in table 6.1,

using SMOTE does not improve the performance.

From this baseline experiment, we can conclude that training the classifier on a ran-

domly selected subset is as accurate as using the whole dataset, but at less cost. Also

using SMOTE to expand the training set does not improve the performance, so it will

not be utilized in further investigation into this problem.
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6.3 Exploiting Location Information for Scene Inter-

pretation

6.3.1 Methodology

We want to investigate the spatial relation between the images for scenicness estima-

tion, and so we develop a joint visial-geographic location kernel. The use of composite

kernels has been explored in [47] and [48]. However, these works focus on supervised

classification using support vector machines. We instead focus on novel techniques for

supervised and semi-supervised regression using composite kernels in a manifold regular-

ization [45] framework.

Assume we have a training set of N labeled geographic locations {(xn, zn, yn)}Nn=1,

where xn ∈ R
L is a visual observation (in our case, the visual features extracted from the

images), zn ∈ R
2 is the two dimensional location, and yn ∈ R is the label. Our goal is to

learn a regression mapping f that predicts the label y for a geographic location based on

either just the visual observation x or both the observation and the spatial coordinates

z.

We focus on regularized least squares regression (RLSR). We also consider semi-

supervised regression in a graph Laplacian framework for the case where we have M

additional unlabeled locations {xm, zm}Mm=1.
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Vis-Geo Kernel Regularized Least Squares Regression

We incorporate both visual observation and location by extending the RLSR frame-

work with a composite kernel. In particular, given a visual kernel Kvis and a geographic

kernel Kgeo, we form a new kernel K̃ as

K̃ = βKvis + (1− β)Kgeo; (β ∈ [0, 1]).

The motivation here is that we should consider both the visual features and the locations

of the labeled training data when learning and applying the regressor.

We now have the objective function

min
α,β

(Y − K̃α)T (Y − K̃α) + γαT K̃α. (6.1)

where the first term corresponds to linear prediction error and the second corresponds to

the regularization of the model.

For convenience, we denote K = Kgeo − Kvis and K̃ = Kgeo − βK and then get the

solution

β⋆ =
γ

2
αTKα + αTKgeoKα− Y TKα

αTK2α
.

We employ line-search to find the optimal β using a strong boundary to satisfy the

constraint β ∈ [0, 1]. The line-search range is set from β0, which is the current β, to β⋆,

with an offset.

Finally, to obtain the optimal solution to eq. 6.1, we alternately update α and β until

convergence.
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Vis-Geo Kernel Laplacian Regularized Least Squares Regression

We now form a composite vis-geo graph Laplacian as well as a composite vis-geo

kernel:

K̃ = βKvis + (1− β)Kgeo; L̃ = βLvis + (1− β)Lgeo; (β ∈ [0, 1]) (6.2)

The graph Laplacian Lgeo is based on a nearest neighbor graph in the two dimensional

location space. The motivation is that unlabeled observations can be expected to have

similar labels to visually similar and nearby labeled observations.

The cost function now becomes

min
α,β

(Y − K̃α)T (Y − K̃α) + γαT K̃α +
γI

(N +M)2
αT K̃L̃K̃α.

Again, we denote K̃ = Kgeo − βK and L̃ = Lgeo − βL. Setting the derivative of cost

function with respect to β to zero, we get,

∂ρ

∂β
= Y TJKα + βαTKJKα− αTKgeoJKα

−γaαTKα + βγIα
T (KLgeoK +KLKgeo +KgeoLK)

−β2γIα
TKLKα

= 0

which is quadratic and thus does not necessarily have a single solution. So letting

A = γIα
TKLKα

B = −αTKJKα

−γIαT (KLgeoK +KLKgeo +Kgeo + LK)

C = αTKgeoJKα + γAα
TKα− Y TJKα
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the quadratic equation becomes,

Aβ2 +Bβ + C = 0 (6.3)

∆ = B2 − 4AC.

Therefore, the solution is

β⋆ =






2
√
AC if ∆ ≤ 0

ψ(−B±
√
B2−4AC
2A

) otherwise

where ψ is the selection function to get the β closer to the range [0,1]. We again employ

line-search to find the optimal β using a strong boundary to satisfy the constraint β ∈

[0, 1]. The line-search range is set from β0, which is the current β, to β⋆, with an offset.

We again alternately update α and β until convergence.

6.3.2 Experiment Settings

We produce scenicness maps of the entire UK using the following approaches:

Manual Interpolating the labels of the 1K manually labeled training set. Note there is

no model or learning performed in this case.

Vis RLSR Using RLSR to learn a regressor using the visual features and labels of the

1K training set and then applying this regressor to the visual features of the 3K test

images. The labels of the 3K test images are then interpolated to form the map.

Vis LapRLSR Using graph Laplacian RLSR to learn a regressor using the visual features

and labels of the 1K training set and the visual features of the 2K unlabeled set. The
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regressor is then applied to the visual features of the 3K test images and the labels are

interpolated.

Vis-Geo RLSR Using RLSR to learn a regressor using the visual features, locations, and

labels of the 1K training set and then applying this regressor to the visual features and

locations of the 3K test images. The labels of the 3K test images are then interpolated

to form the map.

Vis-Geo LapRLSR Using graph Laplacian RLSR to learn a regressor using the visual

features, locations, and labels of the 1K training set and the visual features and locations

of the 2K unlabeled set. The regressor is then applied to the visual features and locations

of 3K test images and the labels are interpolated.

In order to compare the approaches, we observe that people’s sense of scenicness

correlates with openness and use a map of open countryside publicly available in the

Countryside Information System of the UK Department for the Environment, Food, and

Rural Affairs. This map which we term UKOC provides the percent “openness” for every

square kilometer of the UK. We normalize it to the same scale as our scenicness labels and

use it for qualitative evaluation through visual comparison and quantitative evaluation

by computing the sum-square error with our interpolated labels.

6.3.3 Results

Table 6.2 shows the sum-square error between the UKOC values and the predicted

scenicness values for the whole UK. Also shown are the errors for three subregions: the
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Table 6.2: Sum-square error between the predicted labels and the UKOC values.

ManualVis RLSRVis LapRLSRVis-Geo RLSRVis-Geo LapRLSR

UK 581.09 573.10 561.18 561.14 557.78

CORN 179.76 168.31 161.20 163.24 159.88

LON 125.81 120.71 114.38 107.13 111.71
LM 166.77 159.89 147.41 152.89 147.22

(a) Open Country (b) Manual (c) Vis RLSR (d) Vis LapRLSR

(e) Vis-Geo RLSR (f) Vis-Geo

LapRLSR

Figure 6.2: (a) Ground truth and (b-f) predicted maps for the Cornwall area.

Cornwall area (CORN), the London area (LON), and the Liverpool and Manchester area

(LM).

These results demonstrate that 1) we are able to learn a regressor that when applied to

set of test images, results in a more accurate map than simply interpolating the manually

labeled locations; 2) the combined vis-geo kernel performs better than a standard vi-

sual only kernel; and 3) using graph Laplacian regularization to perform semi-supervised

learning using unlabeled images improves both the combined vis-geo and visual only

kernel approaches in all cases but one.
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(a) Open Country (b) Manual (c) Vis RLSR (d) Vis LapRLSR

(e) Vis-Geo RLSR (f) Vis-Geo

LapRLSR

Figure 6.3: (a) Ground truth and (b-f) predicted maps for the London area.

The predicted maps for the two subregions are visually compared with the UKOC map

in figures 6.2-6.3. While the predicted maps are noisy, we make the following observations.

The CORN area has roughly three open country regions and one urban region as shown

in figure 6.2(a). The map that results from interpolating the manually labeled image

locations in figure 6.2(b) clearly fails to identify these regions. Vis RLSR produces the

map in figure 6.2(c) which identifies one of the open country regions but otherwise is not

accurate. Vis LapRLSR, Vis-Geo RLSR, and Vis-Geo LapRLSR identify all four regions

but the Vis-Geo approaches generally provide better localization.

The LON area has one large urban region corresponding to greater London as shown

in figure 6.3(a). This time, the interpolated manually labeled map does better but is still

poor. Vis RLSR does identify the urban region but underestimates the values for the

rest of the area. Vis LapRLSR, Vis-Geo RLSR, and Vis-Geo LapRLSR all identify the
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urban region and outlying open country regions but the two graph Laplacian regularized

approaches provide better localization especially south of London.
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Conclusion

7.1 Visibility Estimation

In chapter 4, the results demonstrate the potential for using general-purpose cameras

to estimate atmospheric visibility. In particular, we show the correlation between features

automatically extracted from the images and standard measures of visibility from trans-

missometers. R2 values above 0.6 are achieved for two cameras from the Phoenix region.

Our approach compares favorably with previous approaches although a direct compar-

ison is difficult because we use transmissometer readings as the ground truth whereas

most other approaches use human observations which are much coarser. Unlike other

approaches, ours can be completely automated and is robust to camera movement.

We explore two approaches. In the first approach, image contrast is measured in

the spatial domain using bands of pixels above and below the horizon. We show that

it is better to use a narrow band of pixels especially if image registration is performed

to correct for camera movement. If color images are available then the green channel

is shown to be the best choice. In the second approach, the energy in different image
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frequency bands is computed through filtering. We confirm that the atmosphere acts as

a low-pass filter. We also demonstrate that distant regions containing lots of detail are

the most effective for estimating visibility.

7.2 Temporal Semi-Supervised Regression

We have considered in chapter 5, a semi-supervised regression setting where the su-

pervision information consists not only of the labels of a small proportion of the input

patterns, but also of the neighborhood graph of the inputs as a collection of discon-

nected sequences. Our algorithm is a variation of Laplacian regularization for regression

using this neighborhood graph. We have shown it to improve consistently over using

as regularizer the k-nearest-neighbor graph of the inputs in cases where this neighbor-

hood information is not a good predictor of the label—for example, when nearby inputs

may have very different labels. This is particularly useful for problems with temporal

structure and high-dimensional complex inputs, such as images, where it is very hard to

tell which of the many things that change from image to image have an effect on the

label. We expect our approach would also be useful for classification problems where the

neighborhood information is not temporal but of other types.

7.3 Scenicness Estimation

In chapter 6, we described a method for using automatic scene understanding to cre-

ate maps of the earth using large collections of georeferenced community contributed
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photos. In particular, we demonstrated how a small set of manually labeled images can

be used to train a regressor for predicting a more accurate map from additional images.

We also describe a novel composite visual-geographic location kernel and demonstrated

its improved performance over a purely visual kernel. Finally, we showed how unla-

beled images can be incorporated in a graph Laplacian regularization framework using a

composite visual-geographic location Laplacian.
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