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1. Versatility of the proposed HDC framework
Sec. 3.2 of the paper presents two examples how the HDC framework can be used to encode information from image

features and claims that the same approach can also be used to encode other information. To support this claim, the following
sections 1.1 and 1.2 provide details and evaluations how such encodings can be done for sequences of images or image feature
positions together with feature scales. Further, Sec. 1.3 will list the required steps to switch to a different underlying HDC
architecture.

1.1. Encoding image sequences

In mobile robot place recognition, database and/or query image sets are often arranged in temporal sequences. In par-
ticular, this holds for all dataset in our evaluation (cf. Sec. 3). Therefore, when comparing a query image to a database
image, the similarity of previous (and if available also subsequent) query images to corresponding database images can pro-
vide additional information. A simple and effective approach to exploit this information is the core of the SeqSLAM [10]
algorithm: Given a matrix S of pairwise similarities of a database and a query sequence, it averages similarities over short
linear trajectories of length s in S. Basically, this is a (sparse) convolution of S.

The paper [11] presented a hyperdimensional computing approach to approximate this core algorithmic step of SeqSLAM.
It can be considered a special case of the presented HDC framework from this paper. Instead of post-processing the (m× n)
similarity matrix S, the HDC approach pre-processes the n database and m query descriptors individually in order to encode
information about neighbored images in the sequence in the descriptor of each individual image. Depending on the relation
of the framerate in the sequence and the relocalization rate, this can significantly reduce the number of required computations
(if the framerate is much higher than the relocalization rate the reduction is by a factor of the order of the sequence length s).

Basically, this approximation of SeqSLAM can be computed by a version of equation (4) from the paper (that was used
to encode local features with their poses), where the local features are replaced by holistic descriptors Xi and the feature
position encodings by random vectors Pk that encode the position k in the encoded trajectory sequence. The results is a new
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descriptor Yi that accumulates all input descriptors Xi+k from a sequence of length s = 2 · d+ 1:

Yi =

d⊕
k=−d

(Xi+k ⊗ Pk) (1)

The original SeqSLAM [10] algorithm includes additional computing steps, e.g. it evaluates a set of possible (still con-
stant) velocities. Although such additional steps can also be implemented in the HDC framework, Table 1 shows that there
is already a large benefit by the simple implementation of eq. 1 in the HDC-Seq approach. We report results for all stan-
dard holistic descriptors from the paper as well as the combination with the HDC-DELF encoding of local DELF features.
Although there are a few sequence comparisons with a decreased performance (presumably, the constant velocity assump-
tion of SeqSLAM is violated), the average performance improvement by this HDC implementation of the SeqSLAM core is
considerable.

We want to emphasize the fact that the improvement is due to the additional sequential information, not due to the HDC
implementation. The HDC implementation is an approximation of the original SeqSLAM but provides a potentially more
efficient implementation (similar to how HDC-DELF approximates an exhaustive comparison of local features). On average,
it provides slightly worse results than the costly SeqSLAM matrix post-processing. The approximation quality depends on
the used feature. While for AN the mAP is almost identical, in worst case (which was NV) the mAP was 0.05 lower than for
the matrix post-processing. The benefit of HDC-Seq is the potentially significant runtime improvement. However, as said
before, there is only a considerable reduction in number of CPU instructions, if the framerate is higher than the relocalization
rate (or if the dataset size is considerably larger than the number of dimensions in the HDC vector space V).

Table 1: Evaluation of the HDC sequence encoding HDC-Seq. The table reports average precision. Arrows compare to the single-image
version in the column to the left (they indicate similar performance or more than ±5 % or ±25 % performance change).

Dataset DB Query AN NV DV DELG HDC-DELF
single HDC-Seq single HDC-Seq single HDC-Seq single HDC-Seq single HDC-Seq

GardensPointWalking day right day left 0.46 0.80 ↑ 0.99 1.00 → 0.98 1.00 → 0.95 1.00 → 0.82 1.00 ↗
GardensPointWalking day right night right 0.62 0.91 ↑ 0.59 0.77 ↑ 0.52 0.67 ↑ 0.44 0.55 ↑ 0.79 0.97 ↗
GardensPointWalking day left night right 0.12 0.27 ↑ 0.48 0.65 ↑ 0.22 0.24 ↗ 0.32 0.46 ↑ 0.47 0.83 ↑
OxfordRobotCar 2014-12-09-13-21-02 2015-05-19-14-06-38 0.77 0.74 → 0.89 0.88 → 0.85 0.82 → 0.70 0.68 → 0.91 0.89 →
OxfordRobotCar 2014-12-09-13-21-02 2015-08-28-09-50-22 0.41 0.50 ↗ 0.66 0.68 → 0.62 0.43 ↓ 0.23 0.26 ↗ 0.71 0.67 ↘
OxfordRobotCar 2014-12-09-13-21-02 2014-11-25-09-18-32 0.67 0.49 ↓ 0.91 0.79 ↘ 0.90 0.79 ↘ 0.68 0.55 ↘ 0.82 0.72 ↘
OxfordRobotCar 2014-12-09-13-21-02 2014-12-16-18-44-24 0.27 0.61 ↑ 0.11 0.33 ↑ 0.11 0.05 ↓ 0.12 0.12 ↗ 0.80 0.79 →
OxfordRobotCar 2015-05-19-14-06-38 2015-02-03-08-45-10 0.84 0.89 ↗ 0.93 0.88 ↘ 0.33 0.69 ↑ 0.72 0.69 → 0.78 0.86 ↗
OxfordRobotCar 2015-08-28-09-50-22 2014-11-25-09-18-32 0.34 0.42 ↗ 0.59 0.55 ↘ 0.46 0.43 ↘ 0.38 0.38 → 0.71 0.70 →
SFUMountain dry dusk 0.54 0.76 ↑ 0.48 0.93 ↑ 0.79 0.94 ↗ 0.34 0.61 ↑ 0.81 0.98 ↗
SFUMountain dry jan 0.40 0.72 ↑ 0.22 0.58 ↑ 0.63 0.90 ↑ 0.10 0.28 ↑ 0.57 0.95 ↑
SFUMountain dry wet 0.42 0.80 ↑ 0.40 0.92 ↑ 0.75 0.94 ↑ 0.25 0.55 ↑ 0.75 0.98 ↑
CMU 20110421 20100901 0.52 0.64 ↗ 0.71 0.79 ↗ 0.69 0.70 → 0.80 0.84 → 0.75 0.80 ↗
CMU 20110421 20100915 0.65 0.75 ↗ 0.77 0.83 ↗ 0.76 0.80 ↗ 0.78 0.82 ↗ 0.73 0.79 ↗
CMU 20110421 20101221 0.36 0.56 ↑ 0.54 0.63 ↗ 0.49 0.48 → 0.59 0.62 ↗ 0.64 0.67 ↗
CMU 20110421 20110202 0.39 0.42 ↗ 0.62 0.72 ↗ 0.49 0.47 → 0.64 0.69 ↗ 0.72 0.73 →
Nordland1000 spring winter 0.25 0.46 ↑ 0.02 0.06 ↑ 0.06 0.10 ↑ 0.07 0.11 ↑ 0.77 0.99 ↑
Nordland1000 spring summer 0.66 0.99 ↑ 0.20 0.76 ↑ 0.43 0.89 ↑ 0.45 0.88 ↑ 0.74 0.99 ↑
Nordland1000 summer winter 0.57 0.95 ↑ 0.05 0.20 ↑ 0.05 0.15 ↑ 0.16 0.53 ↑ 0.45 0.94 ↑
Nordland1000 summer fall 0.92 1.00 ↗ 0.53 0.98 ↑ 0.82 0.98 ↗ 0.79 0.97 ↗ 0.90 1.00 ↗
StLucia 100909 0845 180809 1545 0.46 0.77 ↑ 0.08 0.15 ↑ 0.28 0.36 ↑ 0.15 0.40 ↑ 0.46 0.77 ↑
StLucia 100909 1000 190809 1410 0.57 0.85 ↑ 0.19 0.47 ↑ 0.46 0.59 ↑ 0.22 0.62 ↑ 0.64 0.86 ↑
StLucia 100909 1210 210809 1210 0.66 0.83 ↑ 0.61 0.78 ↑ 0.84 0.85 → 0.63 0.76 ↗ 0.70 0.81 ↗
worst case 0.12 0.27 ↑ 0.02 0.06 ↑ 0.05 0.05 ↗ 0.07 0.11 ↑ 0.45 0.67 ↑
best case 0.92 1.00 ↗ 0.99 1.00 → 0.98 1.00 → 0.95 1.00 → 0.91 1.00 ↗
average case (mAP) 0.52 0.70 ↑ 0.50 0.67 ↑ 0.55 0.62 ↗ 0.46 0.58 ↑ 0.71 0.86 ↗

1.2. Encoding local image feature position and scale

An example of additional image information that can be encoded is the scale of local image features. In the paper, eq. 4
encoded a set of local features Li with pose encodings Pi. Here, we extend this with information about the image scale
level λi at which a particular local features was detected. We create a scale encoding Λi of λi similar to the pose encoding
described in the paper Sec. 3.1.5: We sample two random basis vectors Λmin, Λmax for the minimum and maximum scale
levels and interpolate vectors in between. Since this encoding will be used together with the pose encoding, we want to limit
possible interference with the systematic pose encoding by concatenation. Since there is only a small discrete set of used
image scales, we compute a fixed interpolated vector Λ for each scale by sampling each dimension independently either from
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Λmin or Λmax with probability proportional to the distance between the corresponding scale level and the minimum and
maximum scales.

The holistic image encoding L is then computed very similar to eq. 4 in the paper:

L =

k⊕
i=1

(Li ⊗ Pi ⊗ Λi) (2)

Table 2 shows results when using this encoding in combination with DELF features from multiple scales. In summary,
the HDC encoding of scales works, however, on these particular place recognition datasets, using features at multiple scales
does not improve the overall performance.

We extract 200 DELF fetures at multiple scales (following [12] we use scales [0.25, 0.35, 0.5, 0.71, 1, 1.41, 2]). The
comparison of the two exhaustive feature comparisons in columns 4 (single scale) and 5 (multiple scales) of Table 2 show a
reduced performance when using DELF features from multiple scales. Presumably this is an effect of the severe appearance
changes (which challenge repetitive feature detection) and the mild viewpoint changes (which reduces the importance of
scale invariance). Also, when using the presented HDC encoding from eq. 2 to encode positions and scales of features, there
is only very little additional benefit from the scale information (on these particular datasets); this can be seen by comparing
the HDC encodings of pose only (column 6) with the additional encoding of scale (column 7). There is also one experiment
where the performance considerably drops after adding scale information (the fifth Oxford comparison).

Presumably, the amount of information from the positions of local landmarks is much higher than that from scale and the
latter is almost completely hidden. To evaluate whether the scale encoding works in principle, we reduce the importance of
the position information by reducing the position weighting parameters to nx = 1 and ny = 4. Results are shows in columns
8 and 9 of Table 2. In this setup, the benefit of additionally encoding scale increases. However, the overall performance
is lower compared to using optimized position parameters and single scale features, but we consider this a property of the
datasets and not the proposed encoding (since the same behavior appears for exhaustive comparisons in columns 4 and 5).

Table 2: Influence of extracting features at multiple scales. In case of features at multiple scale levels, we can either include the scale level
in the feature distance function (w scale) or not (w/o scale). The table reports average precision. Arrows compare to the column to the left
(they indicate similar performance or more than ±5 % or ±25 % performance change).

Dataset DB Query DELF-pos DELF-M-pos HDC-DELF-M HDC-DELF-M nx=1, ny=4
single scale multiscale multiscale multiscale
(exhaustive) (exhaustive) w/o scale w scale w/o scale w scale

GardensPointWalking day right day left 0.95 0.90 ↘ 0.76 0.75 → 0.90 0.90 →
day right night right 0.80 0.71 ↘ 0.65 0.68 → 0.54 0.58 ↗
day left night right 0.73 0.53 ↓ 0.33 0.34 → 0.35 0.40 ↗

OxfordRobotCar 2014-12-09-13-21-02 2015-05-19-14-06-38 0.97 0.91 ↘ 0.87 0.87 → 0.59 0.59 →
2014-12-09-13-21-02 2015-08-28-09-50-22 0.60 0.66 ↗ 0.57 0.58 → 0.47 0.54 ↗
2014-12-09-13-21-02 2014-11-25-09-18-32 0.88 0.91 → 0.89 0.88 → 0.83 0.86 →
2014-12-09-13-21-02 2014-12-16-18-44-24 0.64 0.43 ↓ 0.18 0.17 → 0.04 0.06 ↗
2015-05-19-14-06-38 2015-02-03-08-45-10 0.92 0.94 → 0.78 0.70 ↘ 0.49 0.41 ↘
2015-08-28-09-50-22 2014-11-25-09-18-32 0.72 0.70 → 0.55 0.54 → 0.42 0.47 ↗

SFUMountain dry dusk 0.81 0.70 ↘ 0.74 0.75 → 0.70 0.70 →
dry jan 0.82 0.58 ↓ 0.53 0.58 ↗ 0.40 0.43 ↗
dry wet 0.82 0.67 ↘ 0.64 0.66 → 0.50 0.54 ↗

CMU 20110421 20100901 0.82 0.81 → 0.79 0.79 → 0.76 0.77 →
20110421 20100915 0.77 0.75 → 0.69 0.71 → 0.71 0.74 →
20110421 20101221 0.67 0.65 → 0.66 0.65 → 0.61 0.61 →
20110421 20110202 0.82 0.79 → 0.76 0.75 → 0.74 0.75 →

Nordland1k spring winter 0.86 0.79 ↘ 0.64 0.69 ↗ 0.38 0.47 ↗
spring summer 0.71 0.63 ↘ 0.63 0.64 → 0.44 0.47 ↗
summer winter 0.44 0.42 → 0.47 0.49 → 0.25 0.31 ↗
summer fall 0.91 0.80 ↘ 0.82 0.84 → 0.72 0.77 ↗

StLucia 100909 0845 180809 1545 0.45 0.40 ↘ 0.34 0.36 ↗ 0.24 0.30 ↗
100909 1000 190809 1410 0.64 0.55 ↘ 0.52 0.55 → 0.44 0.50 ↗
100909 1210 210809 1210 0.68 0.61 ↘ 0.53 0.58 ↗ 0.53 0.60 ↗

worst case 0.44 0.40 ↘ 0.18 0.17 → 0.04 0.06 ↗
best case 0.97 0.94 → 0.89 0.88 → 0.90 0.90 →
average case (mAP) 0.76 0.69 ↘ 0.62 0.63 → 0.52 0.55 ↗

3



1.3. How to switch to a different HDC architecture?

One reason why we consider HDC as a framework for feature aggregation is the opportunity to exchange the underlying
HDC architecture. In the paper, we present an architecture based on the MAP [5] architecture using the real vector space
V = Rd. Other established HDC architectures include binary spatter codes [7] or holographic reduced representations [13]
that work on a complex vector space, please refer to [14] for a survey. The following steps are required in order to replace
the underlying HDC architecture:

1. Replace the binding ⊗ and bundling operators ⊕ with the appropriate implementations.

2. Adapt the similarity metric to the new vector space (e.g. based on Hamming distance for binary vectors) as well as the
way how random vectors are created.

3. Provide an appropriate image descriptor encoding in the underlying vectors space V. The survey [14] also provides
(add-hoc) examples how this can be done. Presumably, any information preserving transformation to a distributed
representation in the appropriate vector space is a potential candidate. However, this is an important part of future
work.

4. If required, adapt the way how additional information is encoded. E.g., the pose encoding from the paper is designed to
work with different HDC architectures. However, for particular vector spaces, there are presumably better encodings
available (e.g. using Fourier transform for complex vectors spaces as was done in [8].)

2. Detailed experimental results that were summarized in the paper
2.1. Unordered aggregation of holistic descriptors

The paper summarizes the results for the combination of multiple descriptors in boxplots. Tables 3 and 4 provide the
individual results for each dataset comparison. It can be seen that both methods provide similar results. Although there are
also cases where the performance decreases compared to individual descriptors (indicated by red and yellow arrows), for
most cases, there is considerable improvement (green arrows).

Table 3: Holistic feature aggregation using HDC bundling. The table reports average precision. Arrows compare to the individual holistic
descriptors in the order of appearance in the name (they indicate similar performance or more than ±5 % or ±25 % performance change)

Dataset DB Query AN NV DV AN+NV NV+DV AN+DV AN+NV+DV
GardensPointWalking day right day left 0.51 0.98 0.98 0.91 ↑↘ 0.99 →→ 0.91 ↑↘ 0.97 ↑→→

day right night right 0.58 0.53 0.40 0.70 ↗↑ 0.57 ↗↑ 0.63 ↗↑ 0.69 ↗↑ ↑
day left night right 0.18 0.37 0.16 0.43 ↑↗ 0.32 ↘↑ 0.22 ↗↑ 0.39 ↑→ ↑

OxfordRobotCar 2014-12-09-13-21-02 2015-05-19-14-06-38 0.76 0.86 0.87 0.95 ↗↗ 0.87 →→ 0.94 ↗↗ 0.95 ↑↗↗
2014-12-09-13-21-02 2015-08-28-09-50-22 0.40 0.63 0.54 0.70 ↑↗ 0.70 ↗↑ 0.66 ↑↗ 0.75 ↑↗ ↑
2014-12-09-13-21-02 2014-11-25-09-18-32 0.69 0.92 0.90 0.91 ↑→ 0.92 →→ 0.89 ↑→ 0.92 ↑→→
2014-12-09-13-21-02 2014-12-16-18-44-24 0.27 0.08 0.07 0.36 ↑ ↑ 0.11 ↑ ↑ 0.19 ↓ ↑ 0.23 ↘↑ ↑
2015-05-19-14-06-38 2015-02-03-08-45-10 0.82 0.94 0.27 0.96 ↗→ 0.88 ↘↑ 0.73 ↘↑ 0.92 ↗→↑
2015-08-28-09-50-22 2014-11-25-09-18-32 0.33 0.57 0.42 0.60 ↑↗ 0.55 →↑ 0.50 ↑↗ 0.59 ↑→ ↑

SFUMountain dry dusk 0.54 0.46 0.76 0.63 ↗↑ 0.74 ↑→ 0.73 ↑→ 0.75 ↑ ↑→
dry jan 0.36 0.21 0.58 0.45 ↗↑ 0.48 ↑↘ 0.54 ↑↘ 0.57 ↑ ↑→
dry wet 0.43 0.38 0.72 0.55 ↑ ↑ 0.71 ↑→ 0.67 ↑↘ 0.72 ↑ ↑→

CMU 20110421 20100901 0.52 0.66 0.64 0.70 ↑↗ 0.72 ↗↗ 0.67 ↑→ 0.73 ↑↗↗
20110421 20100915 0.67 0.76 0.73 0.76 ↗→ 0.78 →↗ 0.75 ↗→ 0.78 ↗→↗
20110421 20101221 0.44 0.51 0.47 0.57 ↑↗ 0.46 ↘→ 0.51 ↗↗ 0.56 ↑↗↗
20110421 20110202 0.43 0.56 0.45 0.61 ↑↗ 0.55 →↗ 0.50 ↗↗ 0.57 ↑→ ↑

Nordland1k spring winter 0.29 0.02 0.06 0.11 ↓ ↑ 0.04 ↑ ↓ 0.19 ↓ ↑ 0.10 ↓ ↑ ↑
spring summer 0.72 0.19 0.42 0.61 ↘↑ 0.46 ↑↗ 0.69 →↑ 0.66 ↘↑ ↑
summer winter 0.54 0.04 0.04 0.32 ↓ ↑ 0.06 ↑ ↑ 0.36 ↓ ↑ 0.26 ↓ ↑ ↑
summer fall 0.92 0.52 0.81 0.87 →↑ 0.81 ↑→ 0.92 →↗ 0.91 →↑↗

StLucia 100909 0845 180809 1545 0.45 0.07 0.23 0.36 ↘↑ 0.21 ↑↘ 0.48 →↑ 0.41 ↘↑ ↑
100909 1000 190809 1410 0.58 0.18 0.38 0.56 →↑ 0.40 ↑→ 0.62 ↗↑ 0.60 →↑ ↑
100909 1210 210809 1210 0.66 0.58 0.82 0.72 ↗↗ 0.81 ↑→ 0.81 ↗→ 0.81 ↗↑→

worst case 0.18 0.02 0.04 0.11 ↓ ↑ 0.04 ↑→ 0.19 →↑ 0.10 ↓ ↑ ↑
best case 0.92 0.98 0.98 0.96 →→ 0.99 →→ 0.94 →→ 0.97 ↗→→
average case (mAP) 0.53 0.48 0.51 0.62 ↗↑ 0.57 ↗↗ 0.61 ↗↗ 0.64 ↗↑ ↑
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Table 4: These results correspond to Table 3 but were created using concatenation of descriptors instead of bundling. They are very similar.

Dataset DB Query AN NV DV AN+NV NV+DV AN+DV AN+NV+DV
GardensPointWalking day right day left 0.51 0.98 0.98 0.91 ↑↘ 0.99 →→ 0.90 ↑↘ 0.96 ↑→→

day right night right 0.58 0.53 0.40 0.67 ↗↑ 0.57 ↗↑ 0.64 ↗↑ 0.69 ↗↑ ↑
day left night right 0.18 0.37 0.16 0.43 ↑↗ 0.34 ↘↑ 0.21 ↗↑ 0.37 ↑→ ↑

OxfordRobotCar 2014-12-09-13-21-02 2015-05-19-14-06-38 0.76 0.86 0.87 0.93 ↗↗ 0.87 →→ 0.91 ↗↗ 0.93 ↗↗↗
2014-12-09-13-21-02 2015-08-28-09-50-22 0.40 0.63 0.54 0.68 ↑↗ 0.68 ↗↑ 0.63 ↑↗ 0.75 ↑↗ ↑
2014-12-09-13-21-02 2014-11-25-09-18-32 0.69 0.92 0.90 0.92 ↑→ 0.92 →→ 0.88 ↑→ 0.92 ↑→→
2014-12-09-13-21-02 2014-12-16-18-44-24 0.27 0.08 0.07 0.28 →↑ 0.10 ↗↑ 0.19 ↓ ↑ 0.20 ↘↑ ↑
2015-05-19-14-06-38 2015-02-03-08-45-10 0.82 0.94 0.27 0.95 ↗→ 0.86 ↘↑ 0.81 →↑ 0.94 ↗→↑
2015-08-28-09-50-22 2014-11-25-09-18-32 0.33 0.57 0.42 0.63 ↑↗ 0.57 →↑ 0.50 ↑↗ 0.61 ↑↗ ↑

SFUMountain dry dusk 0.54 0.46 0.76 0.63 ↗↑ 0.74 ↑→ 0.71 ↑↘ 0.75 ↑ ↑→
dry jan 0.36 0.21 0.58 0.42 ↗↑ 0.50 ↑↘ 0.53 ↑↘ 0.55 ↑ ↑→
dry wet 0.43 0.38 0.72 0.55 ↑ ↑ 0.72 ↑→ 0.66 ↑↘ 0.71 ↑ ↑→

CMU 20110421 20100901 0.52 0.66 0.64 0.69 ↑→ 0.73 ↗↗ 0.67 ↑→ 0.73 ↑↗↗
20110421 20100915 0.67 0.76 0.73 0.77 ↗→ 0.79 →↗ 0.75 ↗→ 0.78 ↗→↗
20110421 20101221 0.44 0.51 0.47 0.55 ↗↗ 0.46 ↘→ 0.49 ↗→ 0.51 ↗→↗
20110421 20110202 0.43 0.56 0.45 0.57 ↑→ 0.54 →↗ 0.50 ↗↗ 0.55 ↑→↗

Nordland1k spring winter 0.29 0.02 0.06 0.11 ↓ ↑ 0.04 ↑ ↓ 0.18 ↓ ↑ 0.10 ↓ ↑ ↑
spring summer 0.72 0.19 0.42 0.62 ↘↑ 0.46 ↑↗ 0.69 →↑ 0.66 ↘↑ ↑
summer winter 0.54 0.04 0.04 0.32 ↓ ↑ 0.06 ↑ ↑ 0.36 ↓ ↑ 0.26 ↓ ↑ ↑
summer fall 0.92 0.52 0.81 0.87 →↑ 0.82 ↑→ 0.92 →↗ 0.91 →↑↗

StLucia 100909 0845 180809 1545 0.45 0.07 0.23 0.37 ↘↑ 0.20 ↑↘ 0.47 →↑ 0.40 ↘↑ ↑
100909 1000 190809 1410 0.58 0.18 0.38 0.56 →↑ 0.40 ↑→ 0.62 ↗↑ 0.59 →↑ ↑
100909 1210 210809 1210 0.66 0.58 0.82 0.72 ↗↗ 0.80 ↑→ 0.82 ↗→ 0.81 ↗↑→

worst case 0.18 0.02 0.04 0.11 ↓ ↑ 0.04 ↑→ 0.18 →↑ 0.10 ↓ ↑ ↑
best case 0.92 0.98 0.98 0.95 →→ 0.99 →→ 0.92 →↘ 0.96 →→→
average case (mAP) 0.53 0.48 0.51 0.62 ↗↑ 0.57 ↗↗ 0.61 ↗↗ 0.64 ↗↑ ↑

2.2. Detailed results for parameters nx and ny

The paper demonstrates the influence of the spatial weighting parameters nx and ny on the GardensPointWalking dataset.
Table 5 also shows results on all other datasets for all combinations of nx ∈ {2, 3, 4} and ny ∈ {5, 6}. The parameters nx =
4, ny = 6 that are used in the paper provide the overall best results. However, down-weighting horizontal displacements (by
decreasing nx) can lead to considerably better results in case of horizontal viewpoint changes, e.g. on GardensPointWalking.
According adjustments are particularly important for other image retrieval tasks with more severe viewpoint changes.

Table 5: Influence of parameters nx and ny for HDC-DELF. The table reports average precision.

Dataset DB Query nx = 2, ny = 5 nx = 2, ny = 6 nx = 3, ny = 5 nx = 3, ny = 6 nx = 4, ny = 5 nx = 4, ny = 6
GardensPointWalking day right day left 0.90 0.92 0.86 0.86 0.81 0.82
GardensPointWalking day right night right 0.79 0.80 0.80 0.80 0.78 0.79
GardensPointWalking day left night right 0.58 0.60 0.56 0.54 0.51 0.47
OxfordRobotCar 2014-12-09-13-21-02 2015-05-19-14-06-38 0.85 0.86 0.89 0.89 0.91 0.91
OxfordRobotCar 2014-12-09-13-21-02 2015-08-28-09-50-22 0.58 0.65 0.64 0.62 0.69 0.71
OxfordRobotCar 2014-12-09-13-21-02 2014-11-25-09-18-32 0.76 0.77 0.78 0.77 0.83 0.82
OxfordRobotCar 2014-12-09-13-21-02 2014-12-16-18-44-24 0.59 0.70 0.69 0.75 0.74 0.80
OxfordRobotCar 2015-05-19-14-06-38 2015-02-03-08-45-10 0.74 0.75 0.69 0.74 0.77 0.78
OxfordRobotCar 2015-08-28-09-50-22 2014-11-25-09-18-32 0.59 0.64 0.64 0.65 0.66 0.71
SFUMountain dry dusk 0.75 0.74 0.78 0.78 0.79 0.81
SFUMountain dry jan 0.41 0.40 0.45 0.49 0.56 0.57
SFUMountain dry wet 0.66 0.64 0.72 0.71 0.74 0.75
CMU 20110421 20100901 0.73 0.73 0.75 0.75 0.76 0.75
CMU 20110421 20100915 0.75 0.74 0.74 0.74 0.74 0.73
CMU 20110421 20101221 0.61 0.62 0.62 0.64 0.63 0.64
CMU 20110421 20110202 0.71 0.71 0.71 0.73 0.73 0.72
Nordland1000 spring winter 0.58 0.61 0.68 0.70 0.73 0.77
Nordland1000 spring summer 0.62 0.63 0.69 0.69 0.72 0.74
Nordland1000 summer winter 0.29 0.31 0.37 0.39 0.40 0.45
Nordland1000 summer fall 0.84 0.84 0.88 0.88 0.89 0.90
StLucia 100909 0845 180809 1545 0.36 0.36 0.41 0.42 0.44 0.46
StLucia 100909 1000 190809 1410 0.56 0.57 0.61 0.62 0.63 0.64
StLucia 100909 1210 210809 1210 0.69 0.69 0.70 0.69 0.69 0.70
worst case 0.29 0.31 0.37 0.39 0.40 0.45
best case 0.90 0.92 0.89 0.89 0.91 0.91
average case (mAP) 0.65 0.66 0.68 0.69 0.70 0.71
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Figure 1: Example images from the used standard mobile robotics place recognition datasets.

3. Dataset details
All evaluations are based on six different datasets with different characteristics regarding the environment, appearance

changes, in-sequence loops, stops, or viewpoint changes. Example images of same places under different conditions for all
datasets are shown in Fig. 1. GardensPointWalking [1]: 600 images, recorded with a hand-held camera on a single route on
campus, twice during daytime on the left and right side of a pathway and once at night on the right side. OxfordRobotCar
[9]: about 13k images, car rides collected over one year under several conditions. We use the center camera of the trinocular
stereo camera. SFU Mountain [4]: about 1.5k images, multiple traverses of a mobile robot in semi-structured woodland
under varying lighting and weather conditions. CMU Visual Localization [3]: about 5.6k images, five car rides along a 8km
route with stops, weather, and seasonal changes. We use the left camera. Nordland [2]: 4k images, viewpoint aligned rides
along a train track once per season. We use a subset of 1000 distinct places (without tunnels). StLucia (Various Times of the
Day) [6]: about 8k images, collected with a webcam mounted on a car driving in a suburb from morning to afternoon over
several days.
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